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Abstract

Crowdsourcing platforms have traditionally been designed
with a focus on workstation interfaces, restricting the flex-
ibility that crowdworkers need. Recognizing this limitation
and the need for more adaptable platforms, prior research
has highlighted the diverse work processes of crowdwork-
ers, influenced by factors such as device type and work stage.
However, these variables have largely been studied in iso-
lation. Our study is the first to explore the interconnected
variabilities among these factors within the crowdwork com-
munity. Through a survey involving 150 Amazon Mechani-
cal Turk crowdworkers, we uncovered three distinct groups
characterized by their interrelated variabilities in key work
aspects. The largest group exhibits a reliance on traditional
devices, showing limited interest in integrating smartphones
and tablets into their work routines. The second-largest group
also primarily uses traditional devices but expresses a de-
sire for supportive tools and scripts that enhance productiv-
ity across all devices, particularly smartphones and tablets.
The smallest group actively uses and strongly prefers non-
workstation devices, especially smartphones and tablets, for
their crowdworking activities. We translate our findings into
design insights for platform developers, discussing the impli-
cations for creating more personalized, flexible, and efficient
crowdsourcing environments. Additionally, we highlight the
unique work practices of these crowdworker clusters, offering
a contrast to those of more traditional and established worker
groups.

Introduction

One of the primary reasons crowdworkers are drawn to
crowdwork is the flexibility it offers. However, despite
this critical advantage, the current architecture of crowd-
work platforms significantly limits the flexibility and au-
tonomy workers possess, particularly in orchestrating their
work schedules and selecting their preferred work environ-
ments (Newlands and Lutz 2021; Dutta et al. 2022a). This
rigidity starkly contrasts with the inherently fluid and var-
ied nature of crowdwork, highlighting an urgent need for
these platforms to evolve to better support the diverse and
dynamic work practices of crowdworkers.

To address this need, it’s essential to dig into the core
characteristics of work processes that vary among crowd-
workers. A standard workflow for crowdworkers includes
stages such as managing tasks, which involves finding and

accepting work, as well as completing various types of
tasks like information retrieval and classification (Williams
et al. 2019; Newlands and Lutz 2021; Gadiraju, Kawase,
and Dietze 2014). Previous research has identified device
type (Dutta et al. 2022b) and work stage, including task
completion and management (Williams et al. 2019), as crit-
ical aspects influencing work practices. While prior stud-
ies have illuminated crowdworkers’ preferences for utiliz-
ing a range of devices beyond traditional computers for both
completing and managing tasks (Hettiachchi et al. 2020b;
Williams et al. 2019), a significant gap remains in under-
standing whether there are systematic preferences among
crowdworkers for choosing specific device types at differ-
ent work stages.

In this paper, we aim to bridge this knowledge gap by con-
ducting a survey of 150 Amazon Mechanical Turk (MTurk)
workers. We investigate the current practices and desired
preferences of crowdworkers regarding the use of vari-
ous devices. Building on previous research, we focus on
four key types of non-workstation devices, in addition to
workstations, that have garnered significant interest: smart-
phones (Dutta et al. 2022a; Vashistha, Sethi, and Anderson
2017; Chi, Batra, and Hsu 2018), tablets (including situ-
ated tablets)(Hosio et al. 2014; Goncalves et al. 2015, 2017),
smart speakers(Hettiachchi et al. 2019, 2020a), and smart-
watches (Nebeling et al. 2016; Acer et al. 2019), for both
completing and managing tasks. Through this exploration,
we uncover three distinct clusters of workers providing a
deeper understanding of the diverse ecosystem of digital la-
bor.

Our contributions include identifying three distinct
groups of crowdworkers with varying work practices based
on device usage and work stages:

* Cluster 1 (n = 66): The largest group, consisting of
workers who do not desire to use non-workstation de-
vices for task completion and are highly skeptical about
supporting management on all non-workstation devices.
This indicates their dependence on traditional devices,
though they exhibit limited openness to using smart-
phones and tablets for completing and managing tasks.

* Cluster 2 (n =47): The second-largest group do not favor
using non-workstation devices for task completion in the
future, indicating a reliance on traditional devices. De-
site this, they have openness using non-workstation de-



vices currently as well as they want support for scripts
and tools to manage tasks across all devices, especially
for smartphones and tablets.

* Cluster 3 (n = 35): The smallest group con-
sists of non-workstation enthusiasts who prefer using
non-workstation devices, particularly smartphones and
tablets, for both managing and completing tasks. Addi-
tionally, they express a strong desire for enhanced man-
agement support across all devices.

Through these insights, we offer design recommendations
for creating more personalized, flexible, and efficient crowd-
sourcing platforms, fostering a more adaptable and worker-
friendly environment. Additionally, we compare the unique
work practices of these clusters of crowdworkers with more
traditional and established worker groups to better under-
stand their work practices.

Background

This section provides the background information neces-
sary to supplement the understanding of the work presented
in this paper. We offer a comprehensive review of studies
examining how different device types have been used by
crowdworkers across various stages of their tasks.

Use of Workstation in Different Stages of
Crowdwork

Crowdwork, an emergent work practice centered around the
completion of tasks for payment, primarily relies on work-
station computers, as evidenced by numerous studies. Both
quantitative and qualitative research consistently shows that
the vast majority of crowdworkers, similar to other infor-
mation work professions, identify workstation and laptop
computers as their primary devices for work-related activ-
ities (Hettiachchi et al. 2020b; Williams et al. 2019).

In addition to task completion, crowdworkers engage in
various activities to manage their work, such as finding
HITs, communicating with other crowdworkers, and review-
ing requesters (Martin et al. 2014; Williams et al. 2019; Gray
and Suri 2019; Savage et al. 2020; Toxtli, Richmond-Fuller,
and Savage 2020). Much of this work is driven by volun-
tary or community-based efforts where crowdworkers self-
manage infrastructure to enhance their productivity. Exam-
ples include platforms for reviewing HITs or requesters like
Turkopticon (Irani and Silberman 2013), forums for con-
necting with other crowdworkers like TurkerView (Savage
et al. 2020), and the development and sharing of new pro-
ductivity tools (Williams et al. 2019). Typically, these man-
agmeent tools are designed with workstation computers as
the intended use case.

Use of Non-workstation Devices in Different Stages
of Crowdwork

Prior research has also highlighted the potential of non-
workstation devices in crowdsourcing tasks. Early examples
include TxtEagle (Eagle 2009) and mClerk (Gupta et al.
2012), which allowed individuals in Kenya and India to
complete tasks via SMS, such as language translation, mar-
ket research, and audio transcription, using basic mobile

phones. Building on this, Narula et al. developed Mobile-
Works, a smartphone platform for optical character recogni-
tion (Narula et al. 2011), showcasing the capability of smart-
phones for completing more complex and varied crowdwork
tasks.

Voice-based interactions have further expanded the use
of mobile devices in crowdwork. For instance, Vashistha,
Sethi, and Anderson (2017) developed the Respeak sys-
tem for assisted transcription, while VoiceTranscriber (Lee
and jen Hsu 2015) is a mobile crowd-powered system that
summarizes stories from recorded voices, leveraging human
abilities of discrimination and expression. Beyond voice-
based interactions, Google’s Crowdsource app enables im-
age transcription, translation, and handwriting recognition
tasks via smartphones (Chi, Batra, and Hsu 2018). Addition-
ally, Chopra et al. (2019) created an Android app for digitiz-
ing handwritten Marathi/Hindi words, emphasizing the ca-
pability of mobile devices for specific linguistic tasks. Re-
search by Williams et al. (2019) and Newlands and Lutz
(2021) investigated smartphone use for crowdwork manage-
ment, such as finding tasks, creating catchers, and monitor-
ing tasks.

Research has explored the multi-device landscape of
crowdwork beyond smartphones. Goncalves et al. (2013,
2016) demonstrated that tablets could be used for tasks in
public spaces. Hettiachchi et al. (2019, 2020a) explored the
use of smart speakers for HIT completion, finding them ef-
fective for multitasking. In the realm of wearable technol-
ogy, Acer et al. (2019) introduced a smartwatch app to im-
prove task response rates and accuracy for mobile postal
workers. Furthermore, Calacci (2022) showed how smart-
watches could be used to delegate and manage complex
tasks, formalizing management patterns in crowdwork.

Relation to This Work

Previous research demonstrates that workstations, smart-
phones, tablets, smart speakers, and smartwatches can all be
utilized to manage and complete crowdwork. However, prior
studies do not address the systematic differences between
workers based on their device choices at each stage of work.
This paper aims to fill this gap by exploring whether there
are identifiable differences among crowdworkers in their de-
vice preferences throughout the various stages of their tasks.

Methodology

To understand the differences in crowdworkers’ work prac-
tices, we conducted a survey of 150 MTurk workers. The
survey gathered participants’ demographics and inquired
about their current and desired practices for completing and
managing tasks using workstations, smartphones, tablets,
speakers, and watches. After excluding two participants who
provided incoherent responses, we analyzed data from 148
participants.

Analysis Method

Categorical responses were transformed into discrete numer-
ical values, and qualitative data were coded into binary val-
ues indicating the presence of each code. We then used Prin-
cipal Component Analysis (PCA) to reduce the dataset’s
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Figure 1: Scree Plot which shows the optimized number of
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Figure 2: Elbow plot which shows the optimized number of
clusters are 3

dimensionality while preserving its core structure and pat-
terns. This allowed us to analyze crowdworkers’ practices
more effectively. The data were normalized for PCA, and
we selected three components using the Kaiser rule, focus-
ing on those with eigenvalues above average (see Appendix
Figure 1). Features for each component were chosen based
on a threshold of 0.10 for loading scores, balancing signifi-
cance and noise reduction.

Following PCA, we applied k-means clustering (see Fig-
ure 4 for the clusters visualized with two PCA components).
We clustered in a lower-dimensional space using PCA to
reduce noise and enhance cluster separation. However, we
used the entire original dataset to describe the clusters for
statistical differences and decsion tree which is discussed in
detail below. The elbow method suggested three clusters as
the optimal number (see Figure 2), which was further sup-
ported by a silhouette score plot indicating strong cluster
cohesion and separation (see Figure 3). Thus, we identi-
fied three distinct clusters of crowdworkers based on their
work practices. Subsequently, we describe each cluster us-
ing a specialized approach.

Describing Clusters Overall Approach Explainability in
machine learning and artificial intelligence remains a chal-
lenging problem. Each method of explaining model behav-
ior has its strengths and weaknesses (Vilone and Longo
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Figure 3: Siloutte score plot which shows the optimized
number of clusters at 3
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Figure 4: Visualization of crowdworker clusters with the
PCA component

2021). To address this issue comprehensively, we employed
a multi-faceted approach, triangulating our explanation us-
ing three distinct methods: (1) Principal Component (PCA)
Based Analysis, (2) statistical differences, and (3) deci-
sion tree. This combined approach allowed us to capture
a more holistic and nuanced understanding of the crowd-
worker clusters.

Principal Component (PCA) Based Analysis We de-
scribe each cluster using the mean and median values of the
PCA component values. PCA helped reduce the dimension-
ality of our dataset, highlighting the most significant features
contributing to the variance within the data. By analyzing the
central tendency measures of these components, we charac-
terized each cluster effectively, providing a foundation for
further statistical analysis.

Statistical Differences Next, we examined the presence
of significant differences among the clusters for each feature
using appropriate statistical tests based on the data type. For
categorical features, we applied the chi-square test to deter-
mine statistically significant differences. To ensure the ro-
bustness of our results, we adjusted the threshold values for
significance using the Bonferroni correction method, which
accounts for multiple comparisons. Features with statisti-
cally significant differences were further analyzed based on
their effect sizes, employing a threshold of more than 0.30
to denote medium to large effect sizes (Cohen 2013). This
method allowed us to quantify the magnitude of differences
between clusters, facilitating a deeper understanding of their



Features Loading Factor
Desired_support_Management_on_Tablet 0.21
Desired_support_Management_on_Phone 0.20
Desired_support_Management_on_Watch 0.19
Desired_support_Management_on_Speaker 0.19
Magic_wand_Tablet_Management_script 0.18
Magic_wand_HIT_Management_script_on_any_device 0.18
Desired_HIT_type_Tablet_wont_use -0.15
Desired_HIT _type_Watch_wont_use -0.15
Desired_HIT _type_Speaker_wont_use -0.15
Desired_HIT _type_Phone_wont_use -0.13
Magic_wand_Phone_HIT_Management _script 0.13
Current_HIT _type_Tablet_dont_use -0.12
Magic_wand_HIT_UX_support_on_any_device 0.11
Desired_HIT_type_Phone_Survey 0.10
Desired_HIT _type_Tablet_Survey 0.10
Magic_wand_HIT_Management_filtering_on_any_device | 0.10

Table 1: Top features of PCA Component 1 with loading
factors within absolute value of 0.10

Features Loading Factor
Rate_Tablet_Current_Management 0.20
Rate_Phone_Current_Management 0.18
Magic_wand_HIT_Management_script_on_Phone -0.18
Rate_Tablet_Current_Completion 0.17
Current_HIT _type_Watch_dont_use 0.15
Current_HIT _type_Tablet_dont_use 0.14
Rate_Phone_Current_Completion 0.13
Current_HIT _type_Phone_Device_specific_only -0.13
Magic_wand_HIT_Management_script_on_any_device | -0.12
Magic_wand_HIT_Management_script_on_Tablet -0.12
Current_HIT_type_Speaker_dont_use 0.11
Desired_Support_Management_on_Tablet -0.11
Rate_Watch_Current_Management 0.10

Table 2: Top features of PCA Component 2 with loading
factors within absolute value of 0.10

unique characteristics.

Decision Tree Finally, we employed decision tree analy-
sis to understand the features that differentiate each cluster
of crowdworkers. Decision trees provided a clear and inter-
pretable model of how different features contributed to clus-
ter membership. This step enabled us to identify the most
critical features that distinguished each cluster, complement-
ing the insights gained from the PCA and statistical tests. By
integrating these three methods, we triangulated our expla-
nation, providing a comprehensive and nuanced understand-
ing of the crowdworker clusters.

Before applying PCA, we grouped tasks into “comple-
tion tasks” and “management tasks” to reduce dimension-
ality and improve interpretability. For decision tree analysis,
we retained specific task types to leverage granularity and
accurately assess feature importance, enabling precise clas-
sification and deeper insights.

Findings

Our participants have substantial MTurk experience. The
majority were male (M=96; F=52). Over half (n =75, 51%)
held at least a Bachelor’s degree. Most (n = 117, 79%) had
2+ years of MTurk experience. 38% (n = 56) worked 10-20
hours per week, and around 21% (n = 31) worked 30+ hours.
The median number of HITs was 24,170, with a median ap-
proval rating of 100%.

PCA PCA Cluster . .
Component 1 | Component 2 Cluster Size Statistics
-0.86 0.70 Cluster 1 | 66 Mean
-0.12 -1.32 Cluster 2 | 47
1.79 0.46 Cluster 3 | 35
-1.01 0.74 Cluster 1 | 66 Median
-0.25 -1.23 Cluster 2 | 47
1.74 0.66 Cluster 3 | 35

Table 3: Each PCA component’s mean and median values
for each cluster along with their sizes

Description of PCA Components

In order to describe the cluster, we first describe each PCA
component by the features based on loading score within the
threshold value.

PCA Component 1 — Preference of Non-workstation de-
vices for both Completion and Management This PCA
component as shown in Table 1 has a bucket of fea-
tures focusing on better support for managing HITs on
non-workstation devices including tablet phone, watch and
speaker with absolute value spanning from 0.19-0.21. The
second group, with absolute values ranging from 0.10 to
0.18, shows less interest towards not using non-workstation
devices for completing HITs in future and especilaly desire
to use phone and tablet for completing survey type HITs.
It highlights the versatility of using magic wand’ for man-
aging HIT functionalities across any device, such as script
availability and filtering HITs on any device especially em-
phasizing tablet and phone. This component also reflects that
the mentioned magic wand particularly would like to en-
hance the UX on any device type, pushing the boundaries
of conventional workstation-based crowdwork.

Overall, this PCA component underscores the potential
for improving HIT management and completion on non-
workstation devices and highlights the innovative possibil-
ities of supporting scripts and making UX bettter in enhanc-
ing usability across multiple devices.

PCA Component 2 — Selective Device Utilization for HIT
Management and Completion This PCA component as
shown in Table 2 has two buckets. The first bucket, with
feature values ranging from 0.18 to 0.20, indicates a posi-
tive rating for phones and tablets for both managing HITs.
However there is a less enthusiam in using magic wand for
supporting script on phones for managing HITs using phone.
The second bucket with absolute value spanning from 0.10-
0.17 indicates a positive rating for tablet and phone for com-
pleting HITs. In addition to this, this bucket also reflect the
reluctance to use watch, tablet and speaker for completing
HITs. Additionally, this bucket reveals lesser enthusiasm
for employing the *'magic wand’ across all devices for sup-
porting scripts to manage HITs epecially on tablet and also
shows less enthusiam for better support in managing HITs
using tablet.

Overall, this PCA component highlights a general pref-
erence for using phones and tablets for management and
completion tasks, while indicating less interest in support-
ing features like scripts or tools for managing HITs across



) ) Effect Corrected
Features display P . effect
value size size
Desired_support_M nent_on_Tablet X>(12,148) = 89.1 | < 0.001 | 0.55 0.51
Desired_support_Management_on_Phone x*(12,148) = 77.6 | <0.001 | 0.51 0.47
Rate_Tablet_ Current_Management X*(8,148) =70.9 | <0.001 | 0.49 0.46
Desired_support M on_Speaker x*(10,148) = 69.0 | <0.001 | 0.48 0.45
Desired_support M on_Watch x*(12,148) = 67.0 | <0.001 | 0.48 0.43
Rate_Tablet_Current_Completion x*(8,148) = 59.8 | <0.001 | 045 0.42
Rate_Phone_Current_M: nent x*(8,148) = 59.0 | < 0.001 0.45 0.42
Rate_Phone_Current_Completion x2(6,148) = 48.9 | <0.001 | 041 0.38
Desired_HIT _type_Survey_Tablet x%(2,148) = 20.0 0.007 0.37 0.35
Rate_Watch_Current_Management Xx%(6,148) =35.1 | <0.001 | 0.34 0.32
Magic_wand_HIT_Management_script_on_Phone | ?(2,148) = 17.1 0.028 0.34 0.32

Table 4: All the significant features along with their p-value
within threshold effect size of more than 0.30 across all three
clusters of crowdworkers
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Figure 5: Visualization of all significant features (see Ta-
ble 4) with an effect size greater than 0.3 across all three
worker clusters

any devices, particularly on phone and tablets.

Description of Clusters of Crowdworkers

Here, we describe the three clusters of workers based on
their current work practices and preference of using devices
on different stages of work as the following by correlating
each PCA component based on their mean and median value
for PCA based analysis, statistical difference and decision
tree.

Cluster 1 — Traditionalists with Limited Use and Open-
ness of Smartphone and Tablet This cluster of 66 work-
ers demonstrates a nuanced interplay of device preferences
for completing and managing Human Intelligence Tasks
(HITs), as captured by PCA components 1 and 2 as shown
in Table 3.

PCA component 1, with its higher negative magnitude
(mean = -0.86, median = -1.01), indicates a clear low en-
thusiasm for better supporting tablets, phones, watches, and
speakers for management, also shown in Figure 5. For
smartphones and tablets, this group of workers generally
shows low enthusiasm for better supporting management
tasks, particularly for accepting HITs on phones and creating
catchers on tablets, as illustrated in Figure 6. Additionally,
these workers have no desire to complete HITs using any of
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Figure 6: Decision Tree displaying all features that differen-
tiate crowdworker clusters

Enthusiasm for Non-workstation devices

Current use of
some non-
workstation
devices + Desire
for supported
scripts and tools
for management
mainly on
smartphone and
tablet

Currently use and
strong desire of
non-workstation

devices + support
for seamless HIT

management
across all devices

Rate smartphone and tablet
positive for management
and completion

Cluster 1 (n=66) Cluster 3 (n = 35)

Cluster 2 (n=47)

_ Least enthusiasm Moderate enthusiasm _ High enthusiasm
Figure 7: Visualization of crowdworker clusters based on
their enthusiasm for non-workstation devices for task com-
pletion and managment

these non-workstation devices. This sentiment is echoed in
the following participant quotes:

“I honestly prefer to do all of my work on a laptop.
I only use a smartphone if it is absolutely required
for the HIT. So I don’t really want to see any further
support for it.”(PS)

“Idon’t care for working on my tablet.”(P73)

“I would not like to see any types of HITs better sup-
ported on the smart speaker” (P70)

“I do not believe it would be possible to complete
HITs on a smart watch”(P99)

PCA component 2, which shows a positive direction (mean
= 0.70, median = 0.74), reveals a favorable perception of
phones and tablets for completing and managing related
work. Figure 5 shows that the majority of this group rates



tablets and phones highly, between 3 and 4 on a 5-point scale
where 5 refers to most suitable, for managing and complet-
ing HITs. Despite these high ratings, they currently mostly
use smartphone for those HITs which requires to use phone
and tablets for completing survey HITs and only if the task
requires to use tablet. Majority of the workers in this group
do not use watches and speakers for completing HITs cur-
rently:

“Sometimes I will accept a HIT that needs to be com-
pleted on a smartphone ... ”(P5)

“I do alot of surveys on my tablet.”(P35)

Despite some positive ratings for phones and tablets in
specific scenarios, this group of workers prefer to avoid all
non-workstation devices for completion and have less enthu-
siam in any better support for managing HITs on the non-
workstation devices. This indicates a primary reliance on
traditional work setting like workstation, with limited cur-
rent use and openness of mobile devices including smart-
phone and tablet.

Cluster 2 -Traditionalist with Some Current use of Non-
Workstation Devices and a Desire for Management Sup-
port mainly on Smartphone and Tablet This cluster of
47 workers, characterized by their distinct device usage pat-
terns for tasks, exhibits specific preferences as detailed in
PCA components 1 and 2 as shown in Table 3. PCA com-
ponent 2, the more dominant with a higher magnitude and a
negative direction, (mean = -1.32, median = -1.23) indicates
a low rating for phone tablet for completing and managing
HITs as well as watch for managing HITs . This is reflected
in Figure 5 as the workers in this group rates tablets and
phones between 1 and 2 on a 5-point scale for management
and between 2-3 for completion of HITs where 1 refers to
least suitable and 5 refers to most suitable.

They have some openness for using non-workstation de-
vices currently for completion as they are currently using
tablet, watch and speaker for completion and using phone
for completing phone specific HITs :

“I only complete HITs which say they require a smart-
phone to complete ... ”(P85)

“Generally easy ones on [tablet] if 'm away from my
computer and I'm relaxing or watching TV.”(P11)

“I often use my smart speaker to get extra information
to complete HITs” (P33)

“I use [ my watch] to bring in information to help
with HIT’s when they take up my whole screen.”(P32)

PCAZ2 also reflects that this group wants enhanced sup-
port features like scripts or tools on all devices, including
workstations, phones, tablets, speakers, and watches, with
a particular emphasis on phone and tablet as also shown in
Figure 5. They also express a desire for better support in
managing HITs on tablets:

”I would love to have an all in one script that allows
me to accomplish all of my tasks unlike now where
I need to have multiple scripts and screens open in
order to accomplish my work [ on workstation]” (PT)

”Similar to a smartphone, 1'd like to see more scripts
and tools that help catch work on tablet”(P84)

”Make smart speaker easier to accept HITs and work
on them or even find good work”(P124)

”I would make a HIT catcher for portables. To auto-
matically catch HITs.”(P99)

PCA component 1, though showing a lesser magnitude
and negative direction (mean = -0.12, median = -0.25), cor-
roborates reluctance of non-workstation devices for both
completing and managing HITs , which implies the contin-
ued use of traditional workstations, highlighting a conven-
tional approach to managing and completing HITs.

This cluster prefers traditional workstations for both man-
aging and completing HITs highly. In addition to that they
are currently using non-workstation devices like phones,
tablets, watches, and speakers for specific tasks. The dom-
inant sentiment is a desire for enhanced support features
such as scripts and tools, particularly on phones and tablets,
to facilitate HIT management better. This suggests a hybrid
approach where traditional work setups are preferred, but
there is a recognition of the potential benefits of using non-
workstation devices for management with appropriate sup-
port tools.

Cluster 3 — Non-workstation Enthusiasts with Seamless
HIT Management This cluster of 35 workers, character-
ized by their distinct device usage patterns for tasks, exhibits
specific preferences as detailed in PCA components 1 and 2
as shown in Table 3.

PCA component 1, with the highest absolute magnitude
and a positive direction (mean = 1.79, median = 1.74), indi-
cates a strong preference for better support on all four stud-
ied non-workstation devices, especially phones and tablets,
for managing HITs. This preference is also reflected in Fig-
ure 5. They also mention their high desire for incorporating
non-workstation devices for completing HITs. This prefer-
ence is highlighted by the following participant quotes:

“I really enjoy HITs where I have to speak phrases
into my microphone, but those HITs are often not
compatible for a smartphone, even though it would
be much easier to do those types of HITs on a smart-
phone.”(P12)

“All HITs should be better suited for a tablet
... (P33)

“Transcription HITs would be well-suited for a smart
speaker ... (P21)

“I'd love to see more testing HITs on my smartwatch,
like ones related to fitness or things like that. I love
testing new apps, and I'd love to test ones for HITs on
my smartwatch.”(P12)

These workers also want support for scripts for managing
HITs as well as filtering HITs on any device, especially on
phones and tablets, and seek better HIT UX compatibility
across all studied devices. This sentiment is further reflected
in the following participant quotes:



“I would use my magic wand to create a more in-
tuitive interface for completing HITs on a tablet
.. (P22)

“I would add HIT catchers and scripts to run on the
smartphone platform ... ”(P50)

“Having a version of the web version optimized
for a tablet that allows for you to run scripts and
tasks.”(P55)

“I would setup tools for requesters to make HITs that
can be completely answered using a smart speaker
... ”(P30)

“On the smartwatch, I would allow apps to find and
catch HITs. Workers may be away from their work-
stations but can carry the watch with them, allowing
them to catch HITs while they are away.”(P61)

“I would change how easy it is to find HITs and orga-
nizing the tasks [on workstation].”(P55)

PCA component 2, though possessing less magnitude
(mean = 0.46, median = 0.66) compared to PCA component
1, still contributes valuable insights. It shows that workers
rate phones and tablets for both managing and completing
tasks between 3-4 , where rate watches and speakers be-
tween 1-2 in a 5 point scale 5 represents high suitability and
1 represents low suitability, as shown in Figure 5. This clus-
ter shows a strong preference for using non-workstation de-
vices like phones and tablets for both completing and man-
aging HITs. There is a clear need for greater flexibility and
functionality on mobile and other non-workstation devices,
emphasizing the importance of versatile and optimized in-
terfaces.

In summary, the clusters differ in their acceptance and en-
thusiasm towards non-workstation devices for completion
and management, with Cluster 1 showing the least enthu-
siasm, Cluster 2 being moderately open, currently use non-
workstation devices along with with a desired support on
smartphones and tablets for management, and Cluster 3 be-
ing the most receptive and enthusiastic about fully integrat-
ing non-workstation devices for managing and completing
HITs (see Figure 7).

Discussion

Design Guidelines based on Clusters of
Crowdworkers’ Work Practices and Preferences

Here we present design guidelines derived from cluster-
ing analyses of crowdworkers, highlighting distinct patterns
in device usage for task management and task completion.
By understanding these clusters, we offer targeted design
recommendations that enhance platform usability, improve
task performance, and cater to the unique needs of different
crowdworker segments.

Optimize Desktop Interfaces Our findings reveal that the
largest cluster of crowdworkers shows a strong preference
for traditional work settings, focusing primarily on desktop
usage.

Therefore, it is crucial to prioritize robust functionality
and intuitive navigation on desktop platforms, ensuring min-
imal latency and high performance for desktop-based tasks
to maintain user satisfaction and productivity (Santos et al.
2021; Sefati and Halunga 2023). For example, consider a
crowdworker engaged in complex data analysis tasks. They
rely on their desktop for its processing power and large
screen to handle multiple datasets simultaneously. To sup-
port this, the platform should provide features like advanced
data visualization tools, seamless multitasking capabilities,
and a highly responsive interface. Minimal latency in load-
ing data and executing commands ensures the worker can
maintain a smooth workflow, thereby enhancing productiv-
ity and overall satisfaction. Prioritizing these aspects will
help create an efficient and user-friendly desktop experience
for crowdworkers.

Develop Hybrid Systems

The two largest cluster of crowdworkers relies mostly on tra-
ditional workstations but also shows currently use and shows
some openness towards using non-workstation devices, es-
pecially phones and tablets, for crowdwork.

Therefore, it is essential to create systems that allow
seamless transitions between desktops and non-workstation
devices, ensuring tasks initiated on desktops can be eas-
ily continued on non-workstation devices like smartphones
and tablets, and vice versa. This will help support the cog-
nitive processes of workers distributed across different de-
vices (Streitz et al. 2001; Glodek et al. 2015). For example,
a crowdworker might begin their day by conducting detailed
data entry on a desktop. Later, they may need to leave their
workstation but want to continue working. With a seamless
transition system in place, they can switch to their smart-
phone to review and edit the data entry while on the go.
Features like cloud-based synchronization and responsive
design ensure that all progress is saved and the user inter-
face remains consistent across devices. This capability al-
lows the worker to maintain productivity and cognitive flow,
regardless of the device they are using, enhancing overall
efficiency and satisfaction.

Enhance Mobile-First Features and Implement
Advanced Mobile Capabilities

Our findings show that the non-workstation enthusiasts
group of workers is currently utilizing and seeking enhanced
support for non-workstation devices in both managing and
completing HITs, aiming for greater efficiency and adapt-
ability in their workflow, mostly on smartphones and tablets.

Therefore, it is important to ensure that mobile interfaces
are intuitive and easy to navigate by understanding the us-
ability requirements of mobile devices (Dutta et al. 2022a;
Terrenghi, Kronen, and Valle 2005; Iwata, Yamabe, and
Nakajima 2010) to enhance user experience and usability on
the platforms. For example, a crowdworker might use their
smartphone to quickly browse and accept new tasks during
a commute. An intuitive mobile interface with large, touch-
friendly buttons and streamlined navigation helps them find
and accept tasks with minimal effort. Additionally, imple-
menting task management tools that enhance mobile device



functionality, such as voice-activated commands, can further
improve efficiency. Imagine a worker using voice commands
to start a new task or check their task list while cooking or
sitting idle.

Moreover, ensuring mobile devices can handle complex
tasks with multitasking support and enhanced processing
power is crucial. For instance, a tablet might be used to si-
multaneously handle data entry and video reviews, with the
platform dynamically adapting to the user’s needs to pro-
vide a seamless experience. These innovations help work-
ers maintain high productivity and adaptability in their
workflow, leveraging the strengths of their preferred de-
vices (Kwon 2022).

Incorporate Tools for a Smooth Workflow Across
Devices

Our findings reflect an inclination for enhanced manage-
ment on mobile devices, especially phones and tablets, from
the second-largest cluster of workers. Additionally, cluster
3 shows a preference for enhanced management across all
devices, from workstations to non-workstation devices.

Therefore, it is important to provide multitasking manage-
ment tools in crowdsourcing platforms that allow workers to
manage and complete tasks efficiently on any device (Mc-
Farlane and Latorella 2002; Lv et al. 2022). For instance, a
crowdworker might start their day on a workstation. As they
move through their day, they can switch to their smartphone
to quickly accept new assignments or communicate with
requesters using voice commands while waiting for an ap-
pointment. Later, they might use a tablet during a commute
to review and organize tasks, utilizing a mobile-optimized
tool that supports drag-and-drop functionality.

Introducing real-time collaboration tools optimized for
specific device use, such as instant messaging and shared
document editing on smartphones, and developing stream-
lined task-switching capabilities, can further facilitate
smooth workflow transitions, supporting efficient and adapt-
able workflows (Carter-Browne et al. 2021; Ekandjo 2024).

Understanding Crowdworkers through the Lens of
Traditional and Established Worker Groups

Our investigation has revealed patterns of interrelated vari-
abilities concerning device type and work stage, including
both task completion and management within the crowd-
work community. This exploration into crowdworkers’ prac-
tices, particularly when juxtaposed with the work habits of
traditional 9-to-5 employees or other established workers,
enriches our comprehension of contemporary work dynam-
ics.

The predominant group of traditionalists mirror the con-
ventional 9-to-5 work model, primarily relies on a sin-
gle device type—echoing the traditional desk-bound em-
ployee—yet exhibits some openness towards integrating
mobile devices in the workflow. This behavior resonates
with the work habits of information workers, who, as noted
in prior research (Cecchinato, Cox, and Bird 2015), typically
use workstations for completing tasks but also open towards
using mobile devices (Karlson et al. 2010; Maassen et al.
2020).

Workers within cluster 2 demonstrate a high degree of
strategy, currently using non-workstation devices for some
tasks for completion along with that they would like major
support for scripts and tools for better management of HITs
on all devices including workstation, phone, tablet, speaker
and watch with a higher emphasis on phone and tablet. This
strategic diversification of device usage not only optimizes
their workflow but also aligns with the practices of mod-
ern information workers and IT professionals, who adeptly
leverage the unique strengths of different technologies to en-
hance productivity and efficiency (Goth 1999; Karlson et al.
2009; Oulasvirta and Sumari 2007).

Cluster 3 workers, the non-workstation enthusiasts, ex-
hibit work practices similar to digital nomads. Both groups
prefer using mobile devices like smartphones and tablets
for managing and completing tasks, valuing flexibility and
mobility. This alignment is evident in their reliance on mo-
bile technology for communication, project management,
and accessing cloud-based tools (Reichenberger 2018; Nash,
Jarrahi, and Sutherland 2021). Both benefit from intuitive
mobile interfaces, seamless device synchronization, and the
ability to work from any location, emphasizing the need for
versatile platforms that support these work styles.

Limitations and Future Work

We acknowledge several limitations in our study and suggest
directions for future research. Our participant pool of 150
MTurk workers which can limit the generalizability of our
findings. Future research should include larger-scale studies
to see if these results apply broadly. Additionally, our study
focuses solely on Amazon Mechanical Turk; future stud-
ies should include platforms like Prolific, CrowdFlower, and
Upwork to verify our findings. Lastly, our reliance on self-
reported data may involve recall errors and response bias, so
these results should be interpreted cautiously and validated
by further research.

Conclusion

We identify three distinct groups of crowdworkers based
on device usage and work stages. Cluster 1, who rely on
traditional devices for task completion and management,
with limited openness to mobile devices. Cluster 2, similar
to modern IT professionals, these workers use some non-
workstation devices and seek support for scripts and tools
across all devices, especially smartphones and tablets. Clus-
ter 3, resembling digital nomads, they prefer smartphones
and tablets for managing and completing tasks and desire en-
hanced support across all devices. Clusters of workers also
vary in their acceptance of non-workstation devices, with
Cluster 1 being least receptive, Cluster 2 moderately open,
and Cluster 3 the most enthusiastic. Our findings suggest
that personalized crowdsourcing platforms, allowing work-
ers to use preferred devices at different work stages, can im-
prove performance, and cater to diverse needs, revolutioniz-
ing productivity.



References

Acer, U. G.; Broeck, M. v. d.; Forlivesi, C.; Heller, F.; and
Kawsar, F. 2019. Scaling crowdsourcing with mobile work-
force: A case study with belgian postal service. Proceedings
of the ACM on Interactive, Mobile, Wearable and Ubiqui-
tous Technologies, 3(2): 1-32.

Calacci, D. 2022. Organizing in the end of employment: in-
formation sharing, data stewardship, and digital workerism.
In Proceedings of the 1st Annual Meeting of the Symposium
on Human-Computer Interaction for Work.

Carter-Browne, B. M.; Paletz, S.; Campbell, S. G.; Car-
raway, M. J.; Vahlkamp, S. H.; Schwartz, J.; and O’Rourke,
P. 2021. There is no “Al” in teams: A multidisciplinary
framework for Als to work in human teams. Applied Re-
search Laboratory for Intelligence and Security (ARLIS) Re-
port June.

Cecchinato, M. E.; Cox, A. L.; and Bird, J. 2015. Work-
ing 9-5?7 Professional differences in email and boundary
management practices. In Proceedings of the 33rd Annual
ACM Conference on Human Factors in Computing Systems,
3989-3998.

Chi, P.-Y.; Batra, A.; and Hsu, M. 2018. Mobile crowdsourc-
ing in the wild: Challenges from a global community. In
Proceedings of the 20th international conference on human-
computer interaction with mobile devices and services ad-
junct, 410-415.

Chopra, M.; Medhi Thies, I.; Pal, J.; Scott, C.; Thies, W.;
and Seshadri, V. 2019. Exploring crowdsourced work in
low-resource settings. In Proceedings of the 2019 CHI Con-
ference on Human Factors in Computing Systems, 1-13.
Cohen, J. 2013. Statistical power analysis for the behavioral
sciences. Routledge.

Dutta, S.; Linder, R.; Lowe, D.; Rosenbalm, R.; Kuzminykh,
A.; and Williams, A. C. 2022a. Mobilizing crowdwork: A
systematic assessment of the mobile usability of hits. In CHI
Conference on Human Factors in Computing Systems, 1-20.
Dutta, S.; Linder, R.; Ruoti, S.; Williams, A.; and
Kuzminykh, A. 2022b. Beyond a One-Size-Fits-All
Approach: Towards Personalizing Multi-device Setups in
Crowdwork. In Adjunct Proceedings of the 2022 ACM In-
ternational Joint Conference on Pervasive and Ubiquitous
Computing and the 2022 ACM International Symposium on
Wearable Computers, 30-31.

Eagle, N. 2009. txteagle: Mobile crowdsourcing. In In-
ternational Conference on Internationalization, Design and
Global Development, 447-456. Springer.

Ekandjo, T. 2024. Human-Al Interaction In Regulating Pro-
ductivity And Wellbeing. Ph.D. thesis, Open Access Te
Herenga Waka-Victoria University of Wellington.

Gadiraju, U.; Kawase, R.; and Dietze, S. 2014. A taxonomy
of microtasks on the web. In Proceedings of the 25th ACM
conference on Hypertext and social media, 218-223.
Glodek, M.; Honold, F.; Geier, T.; Krell, G.; Nothdurft, F.;
Reuter, S.; Schiissel, F.; Hornle, T.; Dietmayer, K.; Minker,
W.; et al. 2015. Fusion paradigms in cognitive technical

systems for human—computer interaction. Neurocomputing,
161: 17-37.

Goncalves, J.; Feldman, M.; Hu, S.; Kostakos, V.; and Bern-
stein, A. 2017. Task routing and assignment in crowdsourc-
ing based on cognitive abilities. In Proceedings of the 26th
International Conference on World Wide Web Companion,
1023-1031.

Goncalves, J.; Ferreira, D.; Hosio, S.; Liu, Y.; Rogstadius,
J.; Kukka, H.; and Kostakos, V. 2013. Crowdsourcing on
the spot: altruistic use of public displays, feasibility, perfor-
mance, and behaviours. In Proceedings of the 2013 ACM
international joint conference on Pervasive and ubiquitous
computing, 753-762.

Goncalves, J.; Hosio, S.; Rogstadius, J.; Karapanos, E.; and
Kostakos, V. 2015. Motivating participation and improving
quality of contribution in ubiquitous crowdsourcing. Com-
puter networks, 90: 34-48.

Goncalves, J.; Kukka, H.; Sanchez, 1.; and Kostakos, V.
2016. Crowdsourcing queue estimations in situ. In Proceed-
ings of the 19th ACM Conference on Computer-Supported
Cooperative Work & Social Computing, 1040—1051.

Goth, G. 1999. Mobile devices present integration chal-
lenges. IT professional, 1(3): 11-15.

Gray, M. L.; and Suri, S. 2019. Ghost work: How to stop Sil-
icon Valley from building a new global underclass. Eamon
Dolan Books.

Gupta, A.; Thies, W.; Cutrell, E.; and Balakrishnan, R. 2012.
mClerk: enabling mobile crowdsourcing in developing re-
gions. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems, 1843—1852.

Hettiachchi, D.; Sarsenbayeva, Z.; Allison, F.; van Berkel,
N.; Dingler, T.; Marini, G.; Kostakos, V.; and Goncalves,
J. 2020a. ” Hi! I am the Crowd Tasker” Crowdsourcing
through Digital Voice Assistants. In Proceedings of the 2020
CHI Conference on Human Factors in Computing Systems,
1-14.

Hettiachchi, D.; van Berkel, N.; Dingler, T.; Allison, F,;
Kostakos, V.; and Goncalves, J. 2019. Enabling cre-
ative crowd work through smart speakers. In Workshop
on Designing Crowd-powered Creativity Support Systems
(CHI’19 Workshop), 1-5.

Hettiachchi, D.; Wijenayake, S.; Hosio, S.; Kostakos, V.; and
Goncalves, J. 2020b. How Context Influences Cross-Device
Task Acceptance in Crowd Work. In Proceedings of the
AAAI Conference on Human Computation and Crowdsourc-
ing, volume 8, 53-62.

Hosio, S.; Goncalves, J.; Lehdonvirta, V.; Ferreira, D.; and
Kostakos, V. 2014. Situated crowdsourcing using a market
model. In Proceedings of the 27th annual ACM symposium
on User interface software and technology, 55-64.

Irani, L. C.; and Silberman, M. S. 2013. Turkopticon: In-
terrupting worker invisibility in amazon mechanical turk. In
Proceedings of the SIGCHI conference on human factors in
computing systems, 611-620.

Iwata, T.; Yamabe, T.; and Nakajima, T. 2010. Towards a
mobility enhanced user interface design for multi-task en-
vironments: An experimental study on cognitive workload
measurement. In 2010 Sixth International Conference on
Intelligent Environments, 106-111. IEEE.



Karlson, A. K.; Igbal, S. T.; Meyers, B.; Ramos, G.; Lee,
K.; and Tang, J. C. 2010. Mobile taskflow in context: a
screenshot study of smartphone usage. In Proceedings of
the SIGCHI Conference on Human Factors in Computing
Systems, 2009-2018.

Karlson, A. K.; Meyers, B. R.; Jacobs, A.; Johns, P.; and
Kane, S. K. 2009. Working overtime: Patterns of smart-
phone and PC usage in the day of an information worker.
In International Conference on Pervasive Computing, 398—
405. Springer.

Kwon, J. 2022. Machine Learning for AI-Augmented Design
Space Exploration of Computer Systems. Columbia Univer-
sity.

Lee, H.-C.; and jen Hsu, J. Y. 2015. VoiceTranscriber :
Crowd-powered Oral Narrative Summarization System.

Lv, Z.; Poiesi, F.; Dong, Q.; Lloret, J.; and Song, H. 2022.
Deep learning for intelligent human—computer interaction.
Applied Sciences, 12(22): 11457.

Maassen, O.; Fritsch, S.; Gantner, J.; Deffge, S.; Kunze, J.;
Marx, G.; and Bickenbach, J. 2020. Future mobile device us-
age, requirements, and expectations of physicians in German
university hospitals: web-based survey. Journal of medical
Internet research, 22(12): €23955.

Martin, D.; Hanrahan, B. V.; O’Neill, J.; and Gupta, N. 2014.
Being a turker. In Proceedings of the 17th ACM conference
on Computer supported cooperative work & social comput-
ing, 224-235.

McFarlane, D. C.; and Latorella, K. A. 2002. The scope
and importance of human interruption in human-computer

interaction design. Human-Computer Interaction, 17(1): 1-
61.

Narula, P.; Gutheim, P.; Rolnitzky, D.; Kulkarni, A.; and
Hartmann, B. 2011. MobileWorks: A Mobile Crowdsourc-
ing Platform for Workers at the Bottom of the Pyramid. Hu-
man Computation, 11(11): 45.

Nash, C.; Jarrahi, M. H.; and Sutherland, W. 2021. No-
madic work and location independence: The role of space
in shaping the work of digital nomads. Human Behavior
and Emerging Technologies, 3(2): 271-282.

Nebeling, M.; To, A.; Guo, A.; de Freitas, A. A.; Teevan,
J.; Dow, S. P.; and Bigham, J. P. 2016. WearWrite: Crowd-
assisted writing from smartwatches. In Proceedings of the

2016 CHI conference on human factors in computing sys-
tems, 3834-3846.

Newlands, G.; and Lutz, C. 2021. Crowdwork and the mo-
bile underclass: Barriers to participation in India and the
United States. new media & society, 23(6): 1341-1361.
Oulasvirta, A.; and Sumari, L. 2007. Mobile kits and lap-
top trays: managing multiple devices in mobile information
work. In Proceedings of the SIGCHI conference on Human
factors in computing systems, 1127-1136.

Reichenberger, 1. 2018. Digital nomads—a quest for holistic
freedom in work and leisure. Annals of Leisure Research,
21(3): 364-380.

Santos, J.; Wauters, T.; Volckaert, B.; and De Turck, F.
2021. Towards low-latency service delivery in a continuum

of virtual resources: State-of-the-art and research directions.
IEEE Communications Surveys & Tutorials, 23(4): 2557—
2589.

Savage, S.; Chiang, C. W.; Saito, S.; Toxtli, C.; and Bigham,
J. 2020. Becoming the super turker: Increasing wages via a
strategy from high earning workers. In Proceedings of The
Web Conference 2020, 1241-1252.

Sefati, S. S.; and Halunga, S. 2023. Ultra-reliability and
low-latency communications on the internet of things based
on 5G network: Literature review, classification, and future

research view. Transactions on Emerging Telecommunica-
tions Technologies, 34(6): e4770.

Streitz, N. A.; Tandler, P.; Miiller-Tomfelde, C.; and
Konomi, S. 2001. Roomware: Towards the next generation
of human-computer interaction based on an integrated de-
sign of real and virtual worlds. Human-computer interaction
in the new millennium, 553: 578.

Terrenghi, L.; Kronen, M.; and Valle, C. 2005. Usability re-
quirements for mobile service scenarios. Human Computer
Interaction, 1-10.

Toxtli, C.; Richmond-Fuller, A.; and Savage, S. 2020. Rep-
utation Agent: Prompting Fair Reviews in Gig Markets. In
Proceedings of The Web Conference 2020, 1228-1240.

Vashistha, A.; Sethi, P.; and Anderson, R. 2017. Respeak: A
voice-based, crowd-powered speech transcription system. In
Proceedings of the 2017 CHI conference on human factors
in computing systems, 1855-1866.

Vilone, G.; and Longo, L. 2021. Notions of explainability
and evaluation approaches for explainable artificial intelli-
gence. Information Fusion, 76: 89-106.

Williams, A. C.; Mark, G.; Milland, K.; Lank, E.; and
Law, E. 2019. The perpetual work life of crowdworkers:
How tooling practices increase fragmentation in crowdwork.

Proceedings of the ACM on Human-Computer Interaction,
3(CSCW): 1-28.



