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Fig. 1. Overview of CultureFit’s Functionality.

Crowdsourcing markets are expanding worldwide, but often feature standardized interfaces that ignore the 
cultural diversity of their workers, negatively impacting their well-being and productivity. To transform these 
workplace dynamics, this paper proposes creating culturally-aware workplace tools, specifically designed to 
adapt to the cultural dimensions of monochronic and polychronic work styles. We illustrate this 
approach with "CultureFit," a tool that we engineered based on extensive research in Chronemics and culture 
theories.  To study and evaluate our tool in the real world, we conducted a field experiment with 55 
workers from 24 different countries. Our field experiment revealed that CultureFit significantly improved the 
earnings  of  workers  from  cultural  backgrounds  often  overlooked  in  design.  Our  study  is  among  the  
pioneering efforts to examine culturally aware digital labor interventions. It also provides access to a dataset  
with over two million data points on culture and digital work, which can be leveraged for future research in  
this  emerging  field.  The  paper  concludes  by  discussing  the  importance  and  future  possibilities  of  
incorporating cultural insights into the design of tools for digital labor.
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1 Introduction
Crowdworkers significantly enhance AI services [53,  89,  104], yet often face poor working conditions 
[57], particularly non-US/European workers whose cultural backgrounds differ from the intended
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design of  crowdsourcing platforms  [27, 139,  180]. This  issue usually  stems from  the 
assumption that crowdworkers are a homogeneous group [56], neglecting their diverse cultural 
backgrounds [90]. Moreover, a notable trend in design has emerged advocating for minimizing 
cultural impact in  work interfaces, aiming for global uniformity in their design rather than 
customizing these systems to accommodate cultural nuances [133, 134, 193]. Consequently, many 
work interfaces have strived for uniform standards, and have ignored worker diversity [76, 84, 
88].

However, interfaces often reflect the cultural biases of their designers [18], inadvertently em- 
bedding their cultural norms [146, 150, 177]. This can lead to designs that unintentionally require 
"outside workers" to adapt or modify their behaviors [126, 177], potentially hindering their success 
and effectiveness in their jobs [24, 60, 64, 85]. A solution can be to create culturally aware 
tools  for crowdworkers,  yet research into integrating culture  theory into such designs remains 
limited [108,  118,  163]. Further research is crucial to assess these systems’ effectiveness and their 
potential benefits for crowdworkers from varied cultural backgrounds.

To address this knowledge gap, we focus on designing a tool that aims to enhance 
crowdworkers’  experiences by incorporating cultural considerations. Drawing from culture 
theory,  we  apply  Chronemics—a  discipline  used  in  various  social  sciences  like 
Organizational Psychology and Anthropology—to inform our interface design [6, 12, 64, 155]. 
Chronemics  helps  us  distinguish  between  "monochronic"  and  "polychronic"  work  practices, 
which influence how different cultures manage time and tasks [60, 130]. For instance, monochronic 
cultures (usually involving people from  the  United  States,  Germany,  Scandinavia)  focus  on 
sequential  task  handling,  whereas  polychronic  cultures  (usually  involving  people  from  Latin 
America, Africa, South Asia) prioritize multitasking and social interactions [36, 182].

For this purpose, we implemented these concepts into CultureFit1, a tool that dynamically adjusts
its interface to notify workers of potential tasks according to “Monochronic” or 
“Polychronic” settings, thereby catering to the diverse cultural preferences of crowdworkers. 
Figures 1 and 2 illustrate CultureFit  and show  its  interface  in  use.  CultureFit  equips 
polychronic  workers  with  a  notification system  that extends  beyond the  crowdsourcing 
platform,  enabling them  to consider  work opportunities while involved in various other 
activities, such as using desktop applications or browsing social media. This flexibility, supported 
by culture theory [11], leverages the multitasking  preferences  of  polychronic  workers. 
Conversely, the system notifies monochronic workers of available tasks only when they are on 
the crowdsourcing platform and have completed their current tasks, minimizing distractions and 
enhancing focus. This approach, which helps maintain their preferred work schedules, aligns 
with  the  preferences  culture  theory  identifies  for  monochronic  workers  [50,  60].  By 
acknowledging workers’ cultural differences, our tool proposes a novel design space that shifts the 
adaptation burden from workers to the interface itself, enabling digital workers  from diverse 
backgrounds  to  potentially  thrive  in  a  space  that  respects  and  integrates  their  cultural  work 
patterns [3, 57].

To evaluate the effectiveness of our novel tool, we conducted an IRB-approved field study to
investigate its potential to improve the experiences of crowdworkers. We employed a between- 
subjects design for our study, where workers who identified with either polychronic or monochronic 
cultural traits used CultureFit, while polychronic and monochronic workers in the control groups 
did not. Fig.  3 presents an overview of our field experiment. Together, we were able to 
recruit  crowdworkers  spanning  24  countries  across  regions  including  the  United States, 
Africa,  Latin  America, Europe, and South and Southeast Asia. Workers in our study 
completed over 2,300 tasks for 158 requesters on the Toloka crowdsourcing platform, generating 
more than two million anonymized data points with information about workers’ digital labor and 
cultural traits. We plan

1Plugin link:https://github.com/ai4he/toloka-cultural-assistant
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to publicly release this dataset upon the paper’s publication. Notably, through our results we 
found that polychronic workers—often disadvantaged in crowd work [26, 59, 108, 180]—saw a 
258% wage increase when using CultureFit.

In this paper, we contribuite: 1) a culturally aware crowd work notification tool; 2) a case study  
on applying culture theories to crowd work tools; 3) a two-week field experiment 
showcasing  how CultureFit enhances wages for polychronic crowdworkers; 4) design 
recommendations for incorporating culture theories into crowd work tools; 5) over two million 
anonymized data points on digital labor and culture, to be publicly available post-publication, for 
future research studying cultural impacts on computer-supported collaborative work systems.

Positionality Statement. As researchers in the HCI community, our commitment lies in 
designing  and  evaluating  technology  that  embraces  diverse  perspectives  and  experiences.  We 
acknowledge  the  problematic  nature  of  crowd work,  recognizing  the  unfavorable  conditions  it 
imposes  on workers,  which pose significant challenges to their well-being [121]. Extensive 
research has shown that  crowd work disproportionately impacts workers outside the United 
States and Europe, resulting in  significantly  lower  earnings  for  these  individuals  [59]. 
Consequently, our research aims to foster inclusive technologies that foster positive outcomes for 
all. Our diverse team includes authors from  Latin America and the United States, featuring 
individuals with indigenous heritage and a leader in  diversity,  equity,  and  inclusion  at  their 
institution. Among us, two authors practice “Polychronic”  work styles, while one adheres to a 
“Monochronic” approach.

2 Related Work
Our research connects with the following key areas of prior literature:

2.1 Universal Design.
Vast work in the field of universal design has questioned the usefulness of culturally-informed 
interfaces [134, 136, 174]. While universal design is aware of the clashes that exist due to the lack of 
cultural awareness in design, it also argues that people will eventually adjust to the non-culturally- 
aware interfaces [101, 134]. This view-point has allowed universal design to make products and 
provide “equivalent experiences” for a wider range of possible users than addressing the specific 
accessibility or inclusive goals of smaller targeted populations [75, 174, 176]. Universal design 
has thus positioned itself as a “culturally-neutral” design framework [71, 72]. Norman and 
the  researchers who follow his work have argued that designs become more approachable to a  
wider global  audience  upon the  removal of  individualistic  and cultural human elements  [135]. 
Norman argues that people will adapt to activities in ways not necessarily innate, supporting the 
prevailing importance of designing for “activity over culture” [134].

Our research considers that while it might be true that people will eventually adapt to interfaces 
not tailored to their culture [134], the adaptation period can generate harm [148, 169], e.g., 
cost people their livelihood [57]. Prior work has also established that there is a link between 
cross-  cultural  differences and outcomes  like mental  health  and job performance  [50].  Current 
research on homogeneous designs also indicates that prevailing design norms may indeed lead to 
reduced  success for some crowdworkers [76, 84, 88].  Additionally, there is concern that 
crowdworkers  from cultures underrepresented in design frequently have to engage in 
higher rates of unpaid  labor,  leading  to  poorer  work  experiences  [26,  50,  59,  94,  132,  180]. 
Consequently, we advocate for culturally-aware design.
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2.2 Chronemics and Different Cultural Dimensions within Time 
Management.

A key goal of designing culturally aware interfaces is determining what long-term aspects 
of a culture are important to consider [119, 144]. Hall and Hall [62, 63], argued that key cultural 
variables to consider are people’s concepts of time. This falls under the study of Chronemics, 
which is  the  study of time perceptions, and "... includes time orientation, 
understanding and organisation, the use of and reaction to time pressures, the 
innate and learned awareness of time..." [151]. This theory extends to the social and 
cultural level, and can be used describe work patterns across cultures and societies [63]. Hall and 
Hall identified two main cultural concepts of time: (1) monochronic, and (2) polychronic [63]. They 
established that cultures with a monochronic time use, view time as linear [63]. This helps these 
individuals focus on doing one thing at a time, as time becomes something that can be scheduled 
and  compartmentalized  [63,  125].  According  to  the  theory,  Monochronic  workers  typically 
prioritize schedules highly [182], often valuing them above building social relationships [13]. They 
also prefer to limit multi-tasking and minimize distractions [108, 182].

By contrast, polychronic cultures view time as something occurring within the context of multiple
events and the constant involvement of other people [62, 63]. In these cultures, it is more important 
to complete human transactions than to adhere to schedules [182]. Polychronic workers thus tend 
to value receiving unpredictable alerts, particularly those related to relationship building [182], 
as well as favor flexible, spontaneous, and concurrent work schedules [61, 62, 109], and prefer 
to  work while engaging in other activities [50,  94].  We use insights from this culture theory to 
design better tools for global crowdworkers.

Our research is also inspired by previous studies on designing culturally aware systems [149, 177], 
as well as recent HCI research that has analyzed the monochronic and polychronic characteristics 
of crowdworkers, providing targeted design recommendations [107,  108]. Overall, we utilize this 
prior work to guide our tool design.

2.3 Culture and Crowd Work.
Crowdsourcing platforms allow non-experts to find new jobs [57]. These platforms are usually also 
not tied to a particular geographical region [47, 73]. The results are that more people from 
different  parts of the world are exploring crowd work as a viable job option [47,  95]. The 
growing global  nature  of  crowd  work has  led  HCI  researchers  to  study  the  demographics  of 
crowdworkers [69, 157], helping to shed light on the different cultures present in crowd work and 
the problems they face [47, 66, 121, 129, 132]. On the other hand, recent research has identified that 
many crowdworkers  have a tendency to follow polychronic work patterns [107]. Workers 
with this type of cultural background have also tended to experience more hardships [26, 55, 
81, 117, 121], and have been joining crowdsourcing platforms in increasing numbers [47, 129, 
132]. This prior work serves as  motivation for our research, as it highlights the need to create 
tools that can support workers with diverse cultural backgrounds.

2.4 The Tooling Add-on Movement.
Crowdsourcing platforms have recently been augmented with a suite of tools to improve them 
for both workers and requesters [39, 42, 67, 161, 162]. Such a tooling movement has focused 
on  creating  change  for  workers  and  requesters  without  needing  buy-in  from  the 
crowdsourcing platforms themselves [100, 162]. Most of these tools have taken the form of “web 
add-ons” (plugins)  that  provide additional  functionalities  to  the  platforms  [153,  159,  191].  For 
instance,  Turkopticon  enhances the functionality of the crowdsourcing platform of Amazon 
Mechanical Turk by enabling  workers to rate requesters [86, 170]. This “add-on” has helped 
workers fight power imbalances and
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information asymmetries [86, 99, 159]. We take inspiration from this to now augment 
crowdsourcing platforms with culturally aware interfaces.

2.5 Worker Community System Designs.
A number of data-driven tools have facilitated collaboration and community-building 
among  workers [17,  44,  74,  93,  141,  143,  145],  including crowdworkers. These tools have 
improved how workers collaborate and help foster a sense of unity. For example, Coworker.org, 
an NGO dedicated  to  empowering  workers  and  developing  power-building  strategies  in  the 
modern economy [46], has developed a calculator tool that skillfully analyzes the wage data of 
platform workers [37]. This tool clarifies payment practices and encourages mutual support among 
workers, enabling them to challenge unfair pay practices from requesters.

Other tools have been designed to help workers collab- 
orate with each other to identify potential wage theft 
and unpaid work [21, 54, 137, 180], as well as flag safety 
risks [2, 33]. Tools like Turkopticon and Turkerview are 
specif-  ically  designed  to  facilitate  crowdworker 
collaboration  by  allowing  them  to  share  information 
about requesters, ultimately aiding in the identification 
of  more  favorable  job  opportunities  [86,  160]. 
Additionally,  online  forums  like  Turker  Nation  have 
played a crucial role in cultivat- ing a community and 
promoting collaborative learning among crowdworkers, 
enhancing their collective knowl-  edge and support 
network [121, 189, 197]. These plat- forms and tools 
have begun to foster mutual support for workplace 
challenges. Our paper explores how to  enhance 
support for crowdworkers by recognizing their cultural 
identities.

3 CultureFit
CultureFit is a tool designed to improve the experiences 
of crowdworkers by tailoring job notifications to 
their cultural backgrounds. Drawing from the “Tooling 
Add-  on Movement” in crowd work [86, 153, 159, 
170, 191],  CultureFit  functions  autonomously  as  a 
Chrome  plugin,  operating  independently  without 
requiring  official  sup-  port  from  crowdsourcing 
platforms such as Toloka. Fig. 1 presents an overview of 
CultureFit, and Fig. 2 presents  screenshots  of  it. 
Grounded  in  culture  theory  [64,  65],  our  tool  is 
designed  to  accommodate  cultural  variations  in time 
perception, specifically monochronic and poly-
chronic cultural orientations. CultureFit leverages these 
distinctions to tailor notifications about available tasks 
to workers [6, 82, 111, 122].

It can be important to observe that by notifying work- 
ers about tasks on Toloka, CultureFit can help to stream- 
line the process of finding work [57]. This can help 
to minimize the unpaid labor of task searching—one of 
the most burdensome types of unpaid labor in crowd 
work

Fig. 2. Screenshots of CultureFit 
adapting
its notification interface to workers’ 
culture.  For monochronic workers: 
(a) CultureFit no-  tifies about tasks 
on Toloka. For polychronic workers: 
CultureFit  notifies  about  tasks  on 
Toloka while: (b) browsing other 
sites; or (c)  engaged  in  other 
computer activities.



360:
6

Carlos Toxtli, Christopher Curtis, and 
Saiph Savage

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW2, Article 360. Publication date: November 2024.

[180]. Overall, CultureFit is a crowd work tool that streamlines the discovery of relevant 
tasks through culturally aware notifications, thereby reducing workers’ need to navigate 
extensive lists. Unlike other tools aimed at aiding workers in finding tasks [38, 160, 190, 
192], CultureFit distinctively integrates cultural sensitivity into its notification design.

Another thing to observe is that CultureFit has a task recommendation algorithm, which de- 
termines which  tasks workers  are notified  about. For  more details  on how  this 
recommendation algorithm works, please see our Appendix. Note that while interesting, this 
recommendation algorithm is not our main research contribution and is hence not detailed 
here.

CultureFit enhances cultural awareness in crowd work through two culturally sensitive notifica- 
tions:

.

3.1 Polychronic Work Notification Interface.
CultureFit caters to workers with polychronic cultural traits, who, according to the theory, favor 
flexible, spontaneous, and concurrent work schedules [61, 62, 109]. Thus, our tool 
opportunistically notifies polycronic workers about job opportunities across the worker’s computer 
operating system, web browser, or crowdsourcing marketplace. In this way, the tool is able to 
reach workers while  they are doing different activities. Fig.  2 presents how CultureFit can 
notify workers about labor  opportunities  within  different  contexts,  and  also  in  a  peripheral 
manner,  to  facilitate  opportunistic  work  schedules  and  multi-tasking  (something  related  work 
recommends for polychronic workers [108]). CultureFit’s Polychronic Interface also alerts workers 
to social media updates, emails, and messages from requesters and fellow crowdworkers. This 
feature, informed by culture theory  [62, 109], aims to support the building of social 
connections, which is important to polychronic  cultures, who prioritize meaningful human 
interactions and relationships.

.

3.2 Monochronic Notification Interface.
In the case of workers who follow Monochronic labor patterns [65], CultureFit notifies about tasks 
in a way that will allow them to manage their work days in a focused and efficient manner. 
For  this  purpose,  CultureFit provides task  notifications  only when workers are on the Toloka 
platform (Fig.  2.a), considering that these workers, according to the theory, prefer to limit multi-
tasking [13]. CultureFit also makes sure to notify workers about tasks only after the workers 
have finished the labor they are currently doing, and only notifies them about tasks that 
will fit within the worker’s established schedule. For this purpose, the tool favors notifying about 
tasks that can be completed within the worker’s schedule over tasks that might require working  
over  time,  even  if  the  tasks  match  the  worker’s  preferred  type  or  come  from  their  favorite 
requesters (to predict the amount of time a task will take, we use techniques from prior work 
[158, 160]). For monochronic workers, CultureFit also strategically limits notifications from social 
media, emails, and messages from requesters on the crowdsourcing platform. This approach aligns 
with research findings that emphasize monochronic workers’ preferences for fewer interruptions, 
and a more focused approach to social connections and work tasks [13, 108].

4 User Scenarios
We present user scenarios on how monochronic and polychronic workers would use 
CultureFit. We aim to enhance understanding of the context in which CultureFit is used, especially 
within the Toloka crowdsourcong platform.
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4.1 User Scenario for Monochronic Crowdworker: Bob
Bob is a dedicated monochronic crowdworker who prefers to work in a structured manner. He 
likes  to focus on one task at a time and finds it distracting to sift through multiple tasks on 
traditional crowdsourcing platforms. Bob’s typical workday is well-planned, with specific times 
allocated for different activities, including work, meals, and leisure.

Before CultureFit, Bob would log into Toloka every morning spending a significant amount 
of time searching through tasks to find the ones that fit his schedule and expertise [98]. 
This process was time-consuming and led to frustration, as Bob felt that he could have used this  
time to actually work on tasks. He also found it challenging to resist the temptation of non-work-
related notifications (e.g., activities on social media), which occasionally disrupted his focus.

After adopting CultureFit, Bob now receives notifications about tasks on Toloka that are aligned 
with his schedule and work preferences. This change has improved his work efficiency and sat- 
isfaction. He no longer needs to manually search for tasks each morning. Instead, Bob 
receives a curated list of tasks right before his designated work time, allowing him to dive 
straight into focused work. CultureFit also blocks non-work-related notifications during his work 
hours, helping him maintain his concentration. Bob appreciates how CultureFit understands his 
monochronic work style and tailors the notification system to enhance his focus. This allows 
him to be more productive and achieve a better work-life balance, as he can now dedicate his 
planned work time more effectively and enjoy his leisure time without worrying about missing 
out on tasks.

4.2 User Scenario for Polychronic Crowdworker: Alejandro
Alejandro is a dynamic polychronic crowdworker who thrives on multitasking. He enjoys working 
on multiple tasks simultaneously and often juggles work with other activities like socializing 
or hobbies. Alejandro prefers a flexible work environment where he can switch between tasks as 
his interest and energy dictate.

Before CultureFit,  Alejandro found traditional  crowdsourcing platforms somewhat restrictive 
and inefficient for his working style. He would often miss out on social happenings or interesting 
tasks because he was too engrossed in another activity. Alejandro wanted a system that would 
automatically notify him of new opportunities, eliminating the need to continuously monitor the 
crowdsourcing platform or sift through lengthy lists of available tasks.

After adopting CultureFit, Alejandro’s work experience has been transformed as the tool provides 
notifications that support his multitasking nature. Now, while engaged in one task on Toloka, he  
receives alerts for other tasks that match his interests, allowing him to seamlessly transition 
between  jobs  without  losing  momentum.  Additionally,  CultureFit  alerts  him  to  social 
happenings and networking opportunities, ensuring he does not miss out on valuable human-to-
human experiences.  Alejandro  appreciates  the  tool’s  flexibility,  particularly  its  ability  to 
recognize his polychronic tendencies and offer a work experience tailored to his dynamic 
style. With CultureFit, he feels more connected to work opportunities and social engagements, 
enhancing both his professional and personal life.

5 Methods
Our IRB-approved field experiment focused on comparing the experiences of crowdworkers who 
utilized CultureFit and those who did not. This helped us better grasp the impact of 
culturally aware tools on crowdworkers. We thus implemented a between-subjects design, which 
included  control groups that did not use CultureFit and intervention groups that did. These 
groups were further divided into sub-groups based on the cultural orientations of the workers, 
categorizing them as either monochronic or polychronic. We had overall the following groups:
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Fig. 3. Overview of our study that involved a 2x2 between subject study with three different 
stages.

(1) Monochronic workers using CultureFit on Toloka (intervention group).
(2) Polychronic workers using CultureFit on Toloka (intervention group).
(3) Monochronic workers following their usual work routine on Toloka WITHOUT CultureFit 

(control group).
(4) Polychronic workers following their usual work routine on Toloka WITHOUT 

CultureFit (control group).
Having these control and intervention groups, laid the groundwork for a comparative study of 

workers’ experiences. For example, it facilitates an investigation into the experiences of 
monochronic workers who engaged with CultureFit as opposed to monochronic workers in the 
control group without access. It also allowed us to compare the experiences of monochronic 

and polychronic workers with access to CultureFit. Note that both control and intervention 
groups worked on the existing Toloka interface, but only the intervention groups accessed also the 

CultureFit web-plugin. Note that for our study, we also implemented a “randomized control-
group pre-test/post-test" design where we divided our study into three phases: pre-test, test, 

and post-test [31]. The test phase signifies the period when workers in the intervention 
groups begin utilizing CultureFit. The pre-test and post-test phases are designed to capture the 

state of affairs before and after the application of CultureFit, respectively. Fig. 3 presents an 
overview of this experiment design. It is also important to highlight that given the potential market 

fluctuations in crowdsourcing markets [10, 29, 160], merely comparing data from before and 
after our tool was used may not accurately reflect our tool’s effectiveness. This is due to the 

possibility that any observed improvements in workers’ wages might be attributed to general 
market trends rather than our tool specifically. This is also why we implemented both control and 

intervention conditions alongside the “before-and-after” stages. By comparing worker groups with 
and without access to our tool (intervention and control conditions), and by conducting before 
and after analyses of each condition, we aimed to more effectively isolate the actual impact of 

CultureFit. Overall, this methodological approach helps us discern our tool’s real world 
contribution to workers’ experiences amidst the dynamic nature of

the Toloka crowdsourcing market.

5.1 Pre-Test Stage.
We initiated our study with a 7-day “Pre-Test Stage" applicable to all workers. As mentioned 
above,  this  pre-test  phase  helped  us  establish  a  baseline  understanding  of  the  wages, 
perceptions, and digital behaviors among crowdworkers across our four conditions. The duration 
and structure of this  stage,  as well as subsequent stages in our study,  were informed by prior 
research [29, 160, 180].  To establish our baseline, we guided all workers through a structured 
process:
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(1) Pre-Survey Completion: All workers completed a pre-survey that we crafted to gather 
information about their demographics, crowd work experiences, and to classify them 
as either polychronic or monochronic workers. Our Appendix presents our pre-survey.

(2) Web-plugin Installation: All workers installed a web-plugin equipped with 
telemetry tracking, which we designed in accordance with prior work [158, 180]. The web-
plugin helps us to monitor and quantify workers’ digital behavior (e.g., hourly wages and 
task completion rates). We allowed the uninstallation of our web-plugin at any time and 
offered financial  rewards for study participation. After installing our web-plugin and 
finishing the pre-survey, all workers received $2 USD, an amount set to surpass the US 
federal minimum wage of
$7.25/hour for a task under 10 minutes [171]. Workers also earned an extra $0.5 daily 
for simply keeping our web-plugin installed, totaling $3.5 for the 7-day Pre-Test Stage.

(3) Do Crowd Work: Participants did crowd work as usual for 7 days. (e.g., they engaged in 
activities such as data labeling, completing surveys, communicating with requesters, or 
searching for tasks [180]). This allowed us to observe their baseline.

5.2 Test Stage.
During our 7-day Test Stage, workers in the intervention group gained access to CultureFit. Cultur- 
eFit was activated via the web-plugin previously installed. Crowdworkers using CultureFit began 
receiving culturally-aware notifications about potential tasks. These workers were encouraged to 
use CultureFit at their discretion. Meanwhile, the control groups continued their usual crowd work 
activities, mirroring the Pre-Test Stage. Note that having these control and intervention groups, 
as well as the different stages, helped us to identify market fluctuations that could influence the 
results we observed with CultureFit.

5.3 Post-Test Stage.
At the experiment’s end, workers in all conditions completed a post-survey about their experiences 
during the Test Stage, earning $1.0 for participation. Overall, participants received $10 for the 
entire  study.  They  were  instructed  to  uninstall  CultureFit,  with  the  plugin  automatically  
deactivating if not manually removed.

5.4 Data Analysis of Workers’ Survey Data.
We conducted both quantitative and qualitative analyses of participant survey responses. We 
analyzed their Likert scale answers from surveys, calculating the median of the five-level questions 
for each condition. We also used affinity diagramming to study open-ended responses from pre- 
and post-surveys, identifying common themes [70, 115]. This involved color-coding 
responses for our four experiment conditions and organizing them by question. We further 
categorized responses using intra-question affinity diagramming, with the authors independently 
coding data and collaboratively developing three thematic codes.

5.5 Participants.
Similar to prior work [108], we used the Toloka crowdsourcing platform to recruit participants. We 
posted a detailed task description outlining all study requirements and steps, including completion 
of surveys, web-plugin installation, and data collection. Workers were also informed that they 
could drop out of the study at any time and would be compensated for the duration of their 
participation.  Workers  interested  in  participating  were  required  to  complete  a  pre-survey 
questionnaire  upon  accepting the  study terms.  This pre-survey  used the  Multitasking 
Preference Inventory (MPI) to  evaluate workers’ polychronic or monochronic tendencies [138]. 
The MPI, a 14-item self-assessment
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Question Monochronic Polychronic

How often do you use your strengths when working on Toloka? 4 (𝜇 = 4.0, 𝜎 = 
1.0)

4 (𝜇 = 3.8, 𝜎 = 
1.1)

How fast can you find tasks to work on in Toloka? 5 (𝜇 = 4.4, 𝜎 = 
0.6)

4 (𝜇 = 3.6, 𝜎 = 
1.2)

How much do you enjoy planning your tasks on Toloka? 4 (𝜇 = 3.8, 𝜎 = 
1.0)

3 (𝜇 = 3.2, 𝜎 = 
0.9)

How much do you like having someone oversee the work you do? 4 (𝜇 = 3.6, 𝜎 = 
1.2)

2 (𝜇 = 2.0, 𝜎 = 
1.1)

Table 1. Overview of Pre-survey responses.

tool, is more effective than earlier scales like the Inventory of Polychronic Values (IPV) in distin- 
guishing individual and cultural work styles [12]. It includes statements rated on a 5-point scale, 
assessing multitasking behavior and task-switching preferences [138]. Scores indicate a preference 
for either monochronic or polychronic work habits. We categorized workers into monochronic or 
polychronic groups based on their stated preferences. We recruited 55 participants (23 
monochronic, 32 polychronic) from a diverse pool across 24 countries, including the US, Middle-
East, Central and South America, various African countries, South and Southeast Asia, and Eastern 
and Western Europe. Note that a power analysis for a dichotomous endpoint-one-sample study 
indicated the need for at least 9 participants per condition, assuming a 𝛼 (Type I error) of 0.2,  𝛽 
(Type II error) of 0.05, an anticipated incidence of 0.5, and a power of 0.8 (1 − 𝛽).

We then grouped participants into four conditions:
• Monochronic/CultureFit (M/CF). 12 workers from monochronic cultures used CultureFit.
• Polychronic/CultureFit (P/CF). 17 workers from polychronic cultures used CultureFit.
• Monochronic/Control (M/S). 11 workers from monochronic cultures, who conducted their 

work as (s)tandard.
• Polychronic/Control (P/S). 15 workers from polychronic cultures, who conducted their 

work as (s)tandard.

6 Results
We originally recruited 126 Toloka workers, of whom 55 remained throughout our two-week field 
experiment. This retention rate is typical for real-world experiments conducted on crowdsourcing 
platforms [29, 68, 83, 160, 180]. This paper focuses on the 55 workers who completed our study 
throughout its duration. However, section 6.7 compares these 55 participants with those 
who dropped out to identify any tendencies or traits possibly influencing dropout rates in real-
world longitudinal studies.

6.1 Results: Overview
Our study included 55 workers—23 monochronic and 32 polychronic, with a median age 
of  30—which is a typical sample size for real world deployments [29,  83,  160,  180]. We 
collected  over two million telemetry logs on Toloka, tracking workers’ mouse clicks, 
scrolls, keyboard  activity, and page transitions, along with wage and task data, and 
interactions with our tool’s  notifications. Over two weeks, workers engaged with 2,303 
tasks, with monochronic workers interacting with a median of 89 tasks (𝜇 = 156, 𝜎 = 193), 
and polychronic workers with a median of 83 tasks (  𝜇 = 255,  𝜎 = 587).

6.2 Pre-Test Stage: Survey Results.
Fig. 4 and Table 1 present our pre-test survey results. We investigated differences in views 
between monochronic and polychronic workers by computing median Likert scale values and 
applying
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Fig. 4. Pre-survey Overview: Monochronic vs. Polychronic Workers

the Mann-Whitney U Test. Results revealed no significant differences in workers’ perceived 
use  of their strengths in their jobs (𝐻 =  233,  𝑝 =  0.32). However, significant cultural 
differences  emerged in workers’ preferences for planning. In specific, monochronic workers 
showed a stronger preference than polychronic workers for planning their work on Toloka 
(𝑈 = 394,  𝑝 = 0.07). Monochronic workers also preferred closer supervision, similarly marking a 
significant difference  in supervision preferences (  𝑈 = 170, 𝑝 = 0.001). These findings are 
consistent with the known  cultural preferences of monochronic individuals, who typically 
favor structured schedules and more formal work relationships [61, 181]. Conversely, under half 
of  the  monochronic  workers  (10  out  of  23)  reported  using  web  forums  (e.g.,  Reddit,  Quora,  
Facebook Groups) for work assistance,  without favoring any specific platform. Meanwhile,  two-
thirds of polychronic participants  used  web forums, notably favoring Facebook. Only 10% of 
monochronic workers used job assistance tools, with no polychronic workers doing so.

Fig. 5. Pre-Test Telemetry Log Summary for workers of different cultural groups.

6.3 Pre-Test Stage: Telemetry Logs Results.
We also collected data on the wages and number of tasks that workers in our pre-test 
stage  completed using our web plugins with Telemetry tracking, following the same 
methodologies from prior work [160, 180]. Table 2 and Fig. 5 presents a summary of these results. 
Monochronic workers  finished fewer tasks but earned slightly higher hourly wages than 
polychronic workers. Next, we
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Variable Monochronic Polychronic
Median Number of Tasks 58 tasks (  𝜇 = 85,  𝜎 = 84) 78 tasks (  𝜇 = 89,  𝜎 = 76) 
Median Hourly Wage $0.48 (  𝜇 = $1.05,  𝜎 = $1.40) $0.27 (𝜇 = $1.51, 𝜎 = 
$2.46)

Table 2. Telemetry Log Results for the Pre-Test Stage.

wanted to study if these differences were significant. We thus first computed for each cultural 
group the Shapiro-Wilk test on their distribution of tasks and their distribution of wages. Across 
groups,  this test  indicated that we were working with non-normal distributions (p-value 
< .05).  Based on this, to evaluate potential significant differences in the task and wage 
distributions between monochronic and polychronic workers, we decided to employ the Kruskal-
Wallis  Omnibus  test.  This  non-parametric  test,  designed  for  comparing  median  values  across 
independent  distributions,  allowed us to  first  analyze  the  disparities  in  task distributions  between 
monochronic  and  polychronic  workers. Subsequently, we applied the same technique to assess 
differences in the wage distributions of polychronic and monochronic workers. Our findings 
showed no significant differences in neither the number of tasks that monochronic and polychronic 
workers completed (𝐻 = 7, 𝑝 = 0.06) nor in their wages (𝐻 = 4,  𝑝 = 0.25).

6.4 Test Stage: Telemetry Logs Results.
Our goal in the Test Stage was to investigate the effects of embedding culture theory within crowd 
work tools. This includes examining shifts in workers’ wages and digital behaviors as indicators of 
change.

Condition Pre-Test Test
Monochronic/
CultureFit

$0.34 (𝜇 = $0.60, 𝜎 = 
$0.92)

$0.39 (𝜇 = $1.65, 𝜎 = 
$1.70)

Polychronic/CultureFit $0.16 (𝜇 = $1.27, 𝜎 = 
$1.78)

$0.68 (𝜇 = $1.31, 𝜎 = 
$1.63)

Monochronic/Control $0.62 (𝜇 = $1.50, 𝜎 = 
$1.89)

$0.69 (𝜇 = $1.65, 𝜎 = 
$1.70)

Polychronic/Control $0.39 (𝜇 = $1.76, 𝜎 = 
$3.14)

$1.04 (𝜇 = $1.89, 𝜎 = 
$2.04)

Table 3. Workers’ median earnings during the Pre-Test and Test stages across the different 
conditions.

6.4.1 Hourly Wages. To assess the potential impact of CultureFit on workers’ wages, we 
first  established  the  baseline  median  hourly  wage for  each  condition  (control  and CultureFit)  
during the Pre-Test phase. We then compared this baseline to workers’ median hourly 
wage during the Test Stage. It is important to note that we calculated workers’ hourly wages 
using the same methodologies as previous studies [160, 180]. The results, detailed in Table 3, show 
workers’  median  hourly  wages  across  the  four  different  conditions  and  stages.  Figure  6 
illustrates the percentage increase in the median hourly wages of workers between the Pre-Test 
and Test Stages. To calculate this percentage change, we subtracted the median Pre-Test wage 
from  the  median  Test  wage  and  then  divided  the  result  by  the  median  Pre-Test  wage.  This 
highlights how median hourly wages evolved across the different conditions during our study.

Our results uncovered that the wages for workers increased during the Test stage across 
all conditions. Next, we studied whether this increase was significant. For this purpose, we 
first conducted the Shapiro-Wilk test on the wage distributions across conditions during the Pre-
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Test  and during the Test stages, finding non-normal distributions (p-value < .05). Based on 
this, we
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Fig. 6. Overview of workers’ increase in wages from the Pre-Test Stage to the Test 
Stage across conditions.  Error  bars  represent  95%  confidence  intervals.  CultureFit 
significantly increased the wages of polychronic workers.

Pre-Test
5 5

Test

4 4

3 3

2 2

1 1

0 0

0 20  40  60  80  100 120 140 
160

Number of Tasks
0 20  40  60  80  100 120 140 160

Number of Tasks

Fig. 7. Overview per condition of the number of tasks each worker completed (X-axis) 
and the total wages they received (Y-axis).

decided to use the Kruskal-Wallis Omnibus test to assess if the wage changes observed in each 
condition were significant. We found that workers in the polychronic CultureFit condition did 
change significantly their wages (𝑍 = 11, 𝑝 = 0.01). The median wages of these workers increased 
258%, going from $0.19 to $0.68 USD. For the other conditions, we did not observe any significant 
wage increases. For instance, polychronic workers in the control condition saw median 
wages

Condition

Monochronic CultureFit Polychronic CultureFit 
Monochronic Control Polychronic Control
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rise from $0.39 to $1.04 USD, indicating an increase of 168%. But, the change was not significant 
(𝑍 = 9, 𝑝 = 0.48). This lack of significance is likely due to high wage variability among polychronic 
workers in the control group (𝜎 = 2.04), indicating inconsistent wage increases across 
workers. Similarly, monochronic workers using CultureFit experienced a 15% wage increase, from 
$0.62 to
$0.69 USD per hour, but this was also not significant (𝑍 = 5, 𝑝 = 0.31). Monochronic workers in 
the control condition had a 10% wage increase, which was again not statistically significant (𝑍 
= 4,
𝑝 = 0.43). These non-significant variations in wages between the pre-test and test stages could just 
reflect natural fluctuations in the crowdsourcing market [160].
6.4.2 Analyzing Shifts in Digital Work PaFerns. To further study the changes our tool 
might have created in workers’ digital traces, we created scatter plots from the Pre-Test and Test 
stages (Fig. 7), plotting each worker’s task count (X-axis) against their earnings (Y-axis). In these 
scatter plots, each point  represents  a worker  that  is  color  and figure  coded according to their 
condition.  Comparing  Fig. 7’s Pre-Test scatter plot to its Test one, we see two key trends: an 
upward shift indicating higher  hourly wages and a rightward shift reflecting increased task 
completion. The upward trend is most notable in the Polychronic CultureFit group where workers 
experienced significant wage increases.

6.5 Post-Test Stage: Post-Survey Quantitative Results.

Fig. 8. Median Post-Survey Response Summary.

After the Test Stage, our tool ceased operations, halting notifications and behavior tracking, and 
redirected workers to a post-survey. Fig 8 and Table 4 shows the median perceptions of 
workers  from the post-survey under different conditions. We studied whether CultureFit 
usage led to  significantly  different  perceptions  compared  to  non-users,  i.e.,  we  analyzed  the 
responses between  workers utilizing CultureFit (Figs. 8.A and 8.C) and those who did not 
(Figs. 8.B and 8.D). For this purpose, we first computed the Shapiro-Wilk test, which indicated 
non-normal distributions for both groups across survey questions (𝑝 < .05). As a result, we 
utilized the Kruskal-Wallis test to determine whether significant differences existed among the 
responses from these groups. Our analysis uncovered significant differences between CultureFit 
users (Figs. 8.A and 8.C) and
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Question Monochronic/CultureFit Polychronic/CultureFit Monochronic/Control Polychronic/Control
How often did you get to use your strengths while working on Toloka this week?  4 (  𝜇 = 4.0, 𝜎 = 0.8)  5 (  𝜇 = 4.5,  𝜎 = 0.8)  4 (  𝜇 = 4.0,  𝜎 = 0.8)  4 (𝜇 = 4.1,  𝜎 = 
0.8) How different did your experience feel while working on Toloka this week? 4 (  𝜇 = 3.9,  𝜎 = 0.9) 4 (  𝜇 = 3.6,  𝜎 = 1.3) 2 (  𝜇 = 3.0,  𝜎 = 1.5) 3 (  𝜇 = 2.9,  𝜎 = 
1.3) How much has your work schedule on Toloka changed this week compared to previous weeks? 4 (  𝜇 = 3.4,  𝜎 = 1.2)  4 (  𝜇 = 3.2,  𝜎 = 1.5)  1 (  𝜇 =  2.3,   𝜎 = 
1.8)  2 (𝜇 = 2.4,  𝜎 = 1.5) How much did you get to try out new tasks on Toloka this week?

 4 (𝜇 = 3.7, 𝜎 = 0.7)  4 (𝜇 = 3.2, 𝜎 = 1.4)  3 (𝜇 = 3.1, 𝜎 = 1.6)  2 (𝜇 = 2.6, 𝜎 = 
1.2)

Table 4. Overview of the median Post-survey responses.

non-users (Figs. 8.B and 8.D) in reporting changes to their experiences (𝑈 = 210, 𝑝 = 0.03) 
and schedules (𝑈 = 209, 𝑝 = 0.03) during the Test-Stage.

We also investigated CultureFit’s impact on enhancing workers’ perceptions of utilizing 
their strengths. To quantify this change, we utilized the Wilcoxon signed-rank Z test, comparing 
percep-  tions from the Pre-Test to the Test stages. This test evaluates the impact of an 
intervention on a  participant  group by comparing the variations in their responses before and 
after the intervention. It does not require the differences between paired observations to adhere to a  
normal distribution. Polychronic workers in the CultureFit condition had a significant shift in how 
much they felt that they utilized their strengths (Fig 8.C), moving from a median of 4 (𝜇 = 3.8, 
𝜎 = 1.1) in the Pre-Test to 5 (𝜇 = 4.5, 𝜎 = 0.8) (𝑍 = 3, 𝑝 = 0.01) in the Test stage. We did not 
observe significant changes in other conditions (Fig 8.A, B, and D).

6.6 Post-Test Stage: Post-Survey Qualitative Results.
We analyzed workers’ open-ended survey responses, identifying common themes:

6.6.1 Culturally-Aware Interfaces and Improved Work Practices. Workers using CultureFit 
reported  that the tool brought about positive changes in their work behavior: “Despite it 
[CultureFit] changing my behavior, it was for the best ” [P/CF 10]. Workers using 
CultureFit felt that it transformed their work habits for the better by providing a better 
understanding of time dynamics in the crowdsourcing market, which enabled them to manage 
their  work schedule  more effectively:  “It  [the tool] gave me a better sense of how 
much time I should work. The tool allowed me to stay on top of what jobs 
were in Toloka and what was new. So I was able to schedule my time more 
effectively.”  [M/CF 7]. Further, it was interesting to observe that workers considered 
that despite the tools changing their work practices, they did not feel that the tool interfered with 
their work: “I love how the plugin doesn’t really interfere and affect your work” [P/CF 4]. 
It is important to note that the belief of CultureFit leading to better work practices occurred 
for both monochronic and polychronic workers. Overall, workers from both cultures perceived 
a positive change in their work processes when using the tool. Polychronic workers were pleased 
with the positive change that CultureFit had on their  work,  and did not  express  that  the  tool 
negatively interfered with their  work.  Meanwhile,  participants  from monochronic  cultures also 
noticed a positive change. The tool helped them to be more mindful of the time spent using the 
platform.

6.6.2 Culture and Social Features in Work Tools. Polychronic workers differed from 
monochronic workers in the features they desired in future tools, regardless of the conditions 
they  were. Poly-  chronic  workers  valued  having  tools  with  “social  features”.  In  specific, 
polychronic workers men- tioned that they preferred applications that facilitated communication 
with the crowdsourcing platform, requesters, and other workers. Also, polychronic workers 
with access to CultureFit  expressed that they valued that the interface helped them to 
connect properly with requesters and other workers: “The tool provides a friendly link 
between the client [requesters] and the service provider [workers], that interests 
me [P/CF 8].” Note  that  the  "friendly  link"  mentioned by  workers  primarily refers to 
notifications about messages from requesters on Toloka—notifications that Toloka’s interface 
design did not prioritize or effectively alert workers to. Further, polychronic workers in the 
control mentioned that in future tools they would like to see the integration of social
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features: “Plugins should also be tools that increase communication between 
clients [requesters] and providers [workers]. The ability to communicate more 
[with requesters] and hear back about whether  or not my efforts are 
appreciated would be helpful [P/C 9].” Finally, monochronic workers did not mention 
wanting social features. This might be because culture theory argues that such features are not 
as important in monochronic cultures [15, 184].

6.6.3 Positive Experiences with Culturally-Aware Notification Tools. Participants in 
the CultureFit  conditions reported that our tool led them to have more positive and engaging 
labor experiences. This result resembles what prior research has found about crowdworkers and 
their positive expe-  riences with tooling [91, 191]. The positive sentiment with our tool led 
some to engage in more crowd work. As one participant expressed,  “Since installing the 
plugin, I felt more inclined to check out Toloka on a daily basis, and by doing 
that, I found a few more tasks that I usually wouldn’t have seen, this meant I 
worked on a few more tasks, and I enjoyed these [M/C 5].”

6.7 Analyzing the Crowdworker Dropouts

Fig. 9. Characteristics of “persisting” crowdworkers and those who “dropped out”.

This paper focuses on the 55 crowdworkers who completed our study. However, we also examined 
the characteristics of the "dropouts" to gain insights into the dynamics of conducting real-world 
experiments with new crowd work tool designs. Figure 9 presents different traits contrasting 
“dropouts” with those who stayed.

Fig.  9.A shows the completion and dropout rates among workers with different cultural traits, 
with nearly equal numbers of monochronic (56%) and polychronic (44%) workers dropping out.
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Next, we investigated if there were significant differences in cultural traits between workers who 
dropped out and those who remained in the study. A Chi-square test of independence revealed 
that  there was no significant association between the cultural traits of workers who dropped 
out or those who continued participating in the study, 𝑋 2 (1, N=77)=1.91, p=0.16.

In Figure 9.B, we categorized workers’ countries of origin into global south or north 
based  on existing literature [1,  175,  187], and displayed the distribution through bar plots 
showing the percentage of workers from each region. A Chi-square test of independence indicated 
no significant link between workers’ geographic regions of origin and their choices to either 
discontinue or persist in the study, 𝑋 2 (34, N=77)=32.66, p=0.53.

In Fig. 9.C, we display the gender distributions for workers who dropped out versus those who 
stayed in the study. A Chi-square test of independence found no significant relationship between 
the gender of workers and those who dropped out or remained in the study, 𝑋 2 (1, 
N=77)=0.005, p=0.94.

Overall, these findings from the Chi-square tests can help to dispel the notion of survivorship 
bias linked to the demographics of workers. Next, we examined if reductions in wages or the 
number of tasks completed might have prompted workers to exit our study, questioning if our 
tool could have negatively affected workers’ productivity and led to their departure. However, our 
analysis showed that all dropouts occurred within the pre-test stage (usually also within the first 
day), before workers received any notifications from our tool. Therefore, dropouts were not due 
to a decline in productivity from using CultureFit. Future studies could benefit from interviewing 
the dropouts to understand why some crowdworkers persist in longitudinal studies while others 
choose to leave.

7 Discussion
Our research pioneers ways to start integrating cultural dimensions into the design of tools for 
crowdworkers . Such direction is vital to the field of CSCW, as it opens up new opportunities for 
creating computational artifacts that can support the global workforce that exists on 
crowdsourcing platforms [40, 41, 48, 140, 185]. Through our real-world field experiments, we 
started to see the potential benefits of having a culturally-sensitive tool, particularly for workers 
with polychronic traits [41, 108, 110, 128]. This can be important , as previous studies had shown 
that these workers are often disproportionately affected by the challenges of crowd work [26, 
57, 108, 180].

7.1 Understanding the Integration of Cultural Insights in Crowd Work Tool 
Design

Inspired by culture theory [6, 12, 64, 155], we created a culturally aware tool tailored to 
both polychronic and monochronic crowdworkers. Based on the theory, we anticipated that 
our tool would enhance productivity and satisfaction for both groups. We expected polychronic 
workers would find value in our tool’s notifications designed to enhance multitasking and adapt to 
flexible  schedules [64].  Conversely, monochronic  workers would  appreciate our  tool’s 
notifications that  promote structured and sequential task management, supporting their 
preference for orderly  progress [12,  60, 64,  130]. In summary, we expected that our tool’s 
culturally aware notifications would help both groups thrive within crowd work.

However, our results were unexpected. Initially, in the Pre-Test phase of our field 
experiment,  both  polychronic  and  monochronic  workers  demonstrated  similar  performance  in 
terms of tasks  completed and hourly wages. Yet, when they began using our tool during the 
Test phase, a no- table divergence occurred: polychronic workers saw a significant increase in 
their  wages,  while  monochronic workers experienced no such improvement (see Fig. 6). 
Consequently, it became clear  that our culturally aware tool did not universally enhance labor 
outcomes.
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For example, our scatter plot, illustrated in Figure 7, reveals that most monochronic workers in 
the Test stage are clustered at the lower regions of both the X and Y axes, mirroring their 
positioning in the control condition and in the Pre-Test phase. This similarity further showcases 
that  our  tool  did not impact the economic outcomes or the number of tasks monochronic 
workers completed.  In  contrast,  Figure  7 in  the  Test  stage  shows  a  noticeable  shift  for 
polychronic workers. Initially  concentrated around the origin point (0,0) in the Pre-Test phase, 
these workers now appear more prominently distributed across higher values of both the X and Y 
axes in the Test visualization. This distribution shift indicates that they completed more tasks and 
received  higher  wages,  suggesting  that  our tool  effectively aligned with their  multitasking 
abilities and preferences for engaging in diverse and simultaneous activities.

/.1.1 Why might we see these results? The differential impact that CultureFit had to 
monochornic and polychronic workers could be due to the design bias in workplace technologies 
[65,  120,  172], which are often unconsciously tailored to monochronic  preferences — organized, 
sequential,  and  linear  task  presentations  [8?  ].  This  inherent  design  focus  may  mean  that 
monochronic  workers  do  not  experience  as  significant  a  change  with  the  introduction  of  a 
culturally aware tool because the tool aligns closely with the existing cultural bias in tool design,  
which already favors monochronic workers. Conversely, polychronic workers, who are less catered 
to by standard designs [65,  134,  172],  likely  experience  more noticeable  benefits  when a tool  is 
finally  adapted  to  fit  their  cultural  work  style.  Essentially,  while  existing  tools  support 
monochronic  workers  well  [65],  our  culturally  aware  tool  likely  fills  an  important  gap  for 
polychronic workers whose natural work tendencies are often forgotten in design [79, 147].

We believe that the disparity in tool effectiveness revealed by our results underscores the need 
for  designing  culturally  aware  tools,  especially  for  populations  traditionally  overlooked  in the 
design process. Culturally aware tools are likely to have greater impact on them. We could thus  
envision future research focusing on designing tools that cater specifically to the culture and needs 
of rural crowdworkers in the United States, a group often forgotten in mainstream tool design [22, 
47,  96]. Creating tools that resonate with the culture of rural areas could be more impactful than 
continuing to design primarily for urban workers, who might already have access to a wide array 
of specialized tools [25, 43]. Similarly, it may be more beneficial to design tools that are adapted 
to the cultures of the Global South rather than continuing to focus predominantly on the Global 
North  [34,  142],  where  there  is  already an  abundance  of  systems tailored  to  local  needs.  This 
approach can not  only promote  inclusivity,  but  can also maximize  the  potential  impact  of  the 
computational artifacts by  being tailored to cultures that are traditionally underrepresented in 
design.

7.2 Understanding the Feasibility and Challenges of Culturally-Aware 
Tools in Crowd Work

Next, we discuss the challenges and feasibility of our proposed system design.
Feasibility.  Prior  work has provided important  design recommendations for  crowdworkers 

with  polychronic or  monochronic traits  [106, 108].  However, several  of these 
recommendations focus on completely re-designing crowdsourcing platforms [51], or forcing 
workers and requesters to  change  their  behaviors  [16,  52,  179].  However,  pressing  people  and 
platforms to change is not always feasible [28]. In our design of CultureFit, we focused on designing 
a tool that could co-exist within existing crowdsourcing platforms, and could automatically adapt 
to the cultural background of the  workers (without neither forcing workers, requesters, nor 
platforms to have to make significant changes). Our approach can thus make it more feasible 
to  start to  create culturally-aware  crowd  work tools. Overall,  in system  design, we 
acknowledge the advantages of implementing a "tool add-on" architecture that complements 
existing work environments without major disruption
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[19, 131]. Future tools for digital labor platforms should embrace this approach to enhance their 
feasibility. Note that feasibility also entails ensuring equal access to tools, which is important for 
preventing economic disparities among crowdworkers. [57,  191]. To foster equitable  tool 
access,  we aim to  opensource  CultureFit,  engage with  worker  collectives,  and employ  proven 
global tool access and adoption strategies [4, 102].
Challenges. There are the challenges that can arise with our culturally-aware tool: 
Requesters  from monochronic cultures may be unhappy with polychronic workers who utilize 
CultureFit for multitasking. This dissatisfaction can stem from cultural differences, as monochronic 
requesters  could  perceive  multitasking  negatively  [13,  109].  To  tackle  this  issue,  we  propose 
keeping workers’  practices hidden from requesters and only showing them the final outcomes of 
their work. However,  a complication arises from the fact that certain digital labor platforms now 
employ "surveillance mechanisms" allowing requesters and platforms to monitor workers’ actions and 
determine payment  based on their work practices [183]. This surveillance assumes that only one 
work practice is correct, e.g., one that excludes multitasking. To address this challenge, we envision 
implementing CultureFit on the requesters’ side as well. This would provide guidance to requesters 
on embracing the cultural diversity of their workforce [97].

7.3 Designing the Future of Culturally-Aware Tools for Crowd Work
Our paper presents findings that we hope will inspire the development of novel crowd work tools.  
Next, we outline new design directions inspired by our findings and previous research:
/.3.1 Designing Crowd Work Tools for Play and Socialization. Crowd work often 
isolates workers [57], limiting their social connections [194]. Our post-study revealed that some 
workers  from  poly-  chronic  cultures  appreciated  CultureFit’s  socialization  notifications, 
emphasizing  the  significance of enabling social interactions at work for them. Future crowd 
work tools could improve social- ization by integrating CSCW research on friendship interfaces 
[45,  164], or research on designing  work interfaces for "play for play’s sake [14, 92, 127, 196]," 
akin to having ping pong tables in the workplace [7, 49]. These tools could better cater to diverse 
cultural preferences, thereby enhancing worker engagement.
/.3.2 Designing Crowd Work Tools for Multiple Goals. Our scatter plot (Fig. 7) 
showed that some  of the monochronic  workers  who used our tool  increased their  task 
completion, as indicated by  more advanced points along the X-axis.  It  is  likely that our 
culturally  aware  tool  helped these  workers concentrate better and complete tasks without 
interruption [87], which explains the uptick  in activity. However, the plot also showed no 
corresponding rise along the Y-axis, which measured hourly wages. Overall, our findings indicate 
that  although  CultureFit  is  culturally  aware,  it  did  not  significantly  increase  earnings  for  
monochronic workers. In the future, research could delve into creating tools that not only promote 
cultural awareness but also directly focus on boosting earnings or assist workers in achieving their 
different goals. Incorporating insights from previous studies focused on diverse objectives—such 
as  wage  increases,  skill  development,  and  creative  pursuits  [29, 160,  168, 178]  —can help 
researchers develop a more comprehensive approach to designing tools for crowd work. This 
approach  would  enhance  task  efficiency  and  support  workers’  broader  career  development, 
offering more inclusive support systems [105].
/.3.3 Designing Tools for Cultural Understanding in Crowd Work. A novel direction 
for culturally  aware crowd work tools could involve integrating a real-time cultural 
exchange platform into  the  workflow.  This  feature  would  allow  workers  from  diverse 
backgrounds to interactively share cultural insights and practices, thereby enriching the work 
environment and fostering mutual  understanding. For example, workers could engage in 
brief, timed exchanges sharing cultural
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greetings, traditions, or personal experiences before starting collaborative tasks. This would 
deepen understanding and appreciation among workers. Additionally, integrating AI could help 
overcome  language  barriers  and  merge  cultural  connectivity  with  productivity,  enhancing  worker 
engagement and broadening global perspectives. This future research could benefit from 
connections with prior CSCW work in “Cross-Cultural Communication Studies” [9, 112, 113, 
167, 195], “Educational
Technology Research” [35, 77, 154, 173], and “Social Computing” [30, 32, 123]. These fields could 
guide the tool’s design to handle diverse communication styles and cultural norms [80], 
make the platform more engaging and educational with immersive technologies [58], facilitate 
social interactions after or during work [93, 124], and even create a supportive worker community 
with effective moderation tools [103, 165, 166].

Limitations and Future Work.
The study’s findings were limited by the methodology, population, and platform used. 
Future research should consider field experiments which focus on more granular comparisons -  
such as comparing polychronic workers in Latin America and India. This would compliment recent 
research which includes investigations into individual regions and niches,  such as a new study 
profiling the working conditions of data anotators in India [188]. Furthermore, the study showed 
that workers changed their digital behaviors when using the tool, but it remains unclear how they 
would adapt and use it over the long term. However, there are known challenges regarding the 
difficulties of performing long term studies with crowdworkers [83], additionally, given the novel 
nature of the  work there is little to no established digital infrastructure to support a longitudinal 
study at this time.  This leaves long-term studies and development in the means to do so as valuable 
future  work. Within  our limitations we also have to recognize the challenge of “demand 
characteristics” — subtle signals  in experiments that can shape participants’ behavior to match 
perceived  expectations.  Demand  characteristics  might  have  affected  participants’  reported 
satisfaction with our tool. However, we took several steps to minimize their influence. We carefully 
used  neutral  language  in  our  instructions and  avoided  leading  questions  to  try  to  ensure  that 
responses were genuine. To reduce the sense of  being studied, we also designed our tool as a 
lightweight  web  plugin  integrated  seamlessly  into  workers’  usual  digital  labor  platform. 
Additionally, we established a control group to help discern the true impact of these characteristics. 
Moreover, we guaranteed anonymity and confidentiality for  all  responses,  encouraging 
participants to share their honest feedback without reservation. While our study demonstrates the 
potential  benefits  of  incorporating  cultural  awareness  into  crowd  work  tools, particularly 
concerning cultural dimensions of time management styles, we acknowledge that this represents 
only one facet of cultural diversity. Future work could explore how other cultural dimensions, such 
as power distance or individualism vs. collectivism [79,  80], might be integrated into culturally-
aware crowd work tool design. Despite its limitations, we hope to inspire researchers  to 
incorporate cultural dimensions into their crowd work designs.

8 Conclusion
Crowdsourcing markets often feature standardized interfaces that do not accommodate the 
cultural diversity of workers, which can adversely affect their well-being and productivity [80, 119, 
126, 139,  152,  156,  177].  Our  research  studies  how  considering  the  cultural  dimensions  of 
monochronic  and polychronic work styles can positively transform crowdworkers’ experiences. 
Our paper proposes the creation of culturally customized workplace systems, exemplified by 
our tool "CultureFit," designed based on Chronemics and culture theories. Through a field 
experiment involving 55  workers  from  24  countries,  we  found  that  CultureFit  significantly 
enhanced earnings for culturally diverse workers frequently  overlooked in design [65,  78,  139]. 
Moreover, we will introduce a novel dataset on culture and digital work, laying the groundwork 
for further research in the area. Overall,
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our findings underline the significance of incorporating cultural insights into digital labor 
tool design, and providing insights for future research directions.
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Appendix A
Our Appendix provides information on: 1) CultureFit’s recommender system that powers its 

notification system’s task feeds; 2) the surveys conducted before and after the study.

A.1 CultureFit’s Recommendation Algorithm
CultureFit utilizes a content-based recommendation algorithm framed as a regression model, 
which  operates through a feed-forward back-propagation neural network implemented via 
TensorFlow.js2 [114]. This model is designed to predict the likelihood that a task will be initiated or  
completed by a crowdworker, taking into account the specific characteristics of individual tasks or 
task batches.  The input features for the model include payment per task, payment per batch of 
tasks, the number  of tasks previously completed by the worker from the requester who is 
posting the task, task  acceptance rate (a metric indicating the percentage of tasks accepted by 
workers, which can reflect task attractiveness or suitability), task duration, one-hot-encoded task 
category, and the task type (regular, training, or exam).

Given the relatively sparse data available per worker, we implemented a continuous learning  
approach, enabling dynamic updates to the model as tasks are completed. The model is re-trained 
locally each time a worker completes a new type of task, allowing it to adapt in real-time to the 
evolving actions and preferences of the worker. This strategy enhances the model’s accuracy over 
time and tailors task recommendations more effectively to individual workers.

Our continuous learning framework employs regression techniques to consistently update and 
refine predictions based on incoming data. Regression is particularly well-suited for generating 
continuous outputs, such as the probability of task completion in this context. This output precision 
facilitates meticulous computation of ranking metrics, ensuring that the tasks most likely to 
be  completed  by  the  worker  are  prioritized.  The  model  uses  the  Adam  optimizer  and  Mean 
Squared Error (MSE) as the loss function, with a learning rate of 0.001 and a training period 
spanning 1,000 epochs. CultureFit maintains a consistent application of this algorithm across 
various cul-  tural  contexts—both  monochronic  and  polychronic—ensuring  uniformity  in  task 
recommendation practices.

A.1.1 General Evaluation of CultureFit’s Recommendation Algorithm. We 
evaluated the perfor- mance of the recommendation algorithm integrated into our tool. For this 
purpose, we computed
2https://www.tensorflow.org/js
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the mean average precision (MAP) at k (mAP@k) per participant to understand the relevance 
of the recommendations. CultureFit’s recommendation algorithm achieved overall MAP scores 
of
0.68 at mAP@3 and 0.52 at mAP@5. For monochronic workers, the mAP@3 score was 0.67 
and the mAP@5 score was 0.52. For polychronic workers, the mAP@3 score reached 0.69, 
while the mAP@5 was 0.51. Ultimately, this means that the first two task recommendation items 
were likely to be completed by both polychronic and monochronic workers.

Note that we decided to use MAP to evaluate the recommender system we integrated 
into CultureFit due to:

(a) MAP Evaluates Precision and Ranking of Recommendations: MAP is commonly 
used for evaluating the results of search engines [20,  116,  186], particularly because it can 
measure the precision of top-ranked items and assesses how well these rankings align 
with user preferences [5, 23]. For our tool, designed to minimize workers’ search 
time, accurately measuring the relevance of top tasks is important—if these tasks are not 
relevant,  we  do  not  effectively reduce workers’ search time. Therefore, MAP’s 
sensitivity to the order of task presentation was a key reason for selecting it to evaluate the 
recommendation  component  of  CultureFit. Additionally, since CultureFit employs 
regression techniques to refine predictions and produce a ranked output of task completion 
probabilities, MAP is particularly suitable. It  inherently assesses  the quality  of these 
rankings by evaluating the precision at various list depths [5, 20].

(b) Monitors Adaptation: For CultureFit’s recommendation algorithm, we integrated a con- 
tinuous learning model with regression techniques, which evolves by learning from new 
data. On the other hand, MAP can be recalculated periodically to monitor any improvements 
or declines in the precision of recommendations over time. Therefore, in our context, MAP 
proved to be a useful tool for assessing the effectiveness of the evolving recommendation 
algorithm integrated into CultureFit.

(c) Feedback Integration:  MAP can also help to quantify how well a recommendation system 
integrates user feedback to refine its recommendations by measuring the precision of the 
recommendation list at various cutoff points. This approach can provide clear insights into  
how a recommender system adapts to user feedback. For CultureFit, MAP is particularly useful 
in evaluating how the recommendation system incorporates feedback from both completed 
and uncompleted tasks into its model updates. This capability is important for ensuring that 
the recommendations accurately reflect observed worker behaviors and preferences.

Overall, MAP effectively measures whether the most relevant recommendations are presented 
first, factoring in user satisfaction and engagement within dynamic learning environments, such as 
those where CultureFit’s algorithm operates, making it a suitable method for assessing our tool’s 
success.

A.1.2 Comparing CultureFit’s Recommendation Algorithm to Baselines. To 
further validate the  effectiveness of CultureFit’s  recommendation algorithm, we compared its 
predictive performance against two baselines: a simpler, less resource-intensive algorithm, and a 
version of our model that is updated less frequently.

The less resource-intensive baseline, which uses a heuristic approach of recommending 
tasks based on the most frequently completed tasks across all workers, achieved a mean average 
precision at k (mAP@k) of 0.64 at mAP@3 and 0.49 at mAP@5. This indicates that although 
simpler, this  model underperforms in predicting task relevance compared to CultureFit’s more 
sophisticated  model,  which  integrates  continuous  learning.  Recall  that  CultureFit’s 
recommendation  algorithm  achieved overall MAP scores of 0.68 at mAP@3 and 0.52 at 
mAP@5.
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We also evaluated a version of our recommendation algorithm that is retrained only 
once  every three days, as opposed to immnediate retraining for the main model. This less 
frequently updated model scored 0.66 at mAP@3 and 0.47 at mAP@5, indicating a decrease in 
predictive accuracy over time, likely due to stale data. However it is important to note that this 
model  did  outperform  the  heuristic  baseline.  These  comparisons  underscore  that  although 
CultureFit’s  more advanced model demands additional resources and frequent updates, it does 
deliver more relevant  task  recommendations.  There  is  always  a  trade-off  between  resource 
consumption and predictive  performance. Nonetheless, we hope that these results will guide 
researchers in future decisions regarding the optimization of update frequencies and algorithm 
complexity when deploying AI- enhanced tools for workers across various scenarios.

A.1.3 Evaluating the Benefits of Continuous Learning in CultureFit’s Recommendation 
Algorithm: An Ablation Study. We also aimed to evaluate the effectiveness of the continuous 
learning component within CultureFit’s recommendation module. For this purpose, we conducted 
an ablation study on CultureFit’s recommendation algorithm, comparing its performance with and 
without  retraining  (i.e., the continuous learning component). We assessed the MAP at 
various levels of k for both  configurations.  The results  showed that  the  model  with  continuous 
retraining—CultureFit’s  standard  model—achieved MAP scores of 0.68 at mAP@3 and 0.52 at 
mAP@5, as previously mentioned. This outperformed the non-retraining version,  which scored 
0.49 at mAP@3 and 0.36 at mAP@5. This highlights the role of the continuous learning feature in  
adapting  to  new  data  and  enhancing  task  prediction accuracy. Furthermore, these findings 
underscore the benefits of dynamic model updates for optimizing performance in real-time task 
prediction scenarios within crowd work tools.

A.2 Surveys
In our study, crowdworkers were required to complete a pre-survey before gaining access to our  
tool and a post-survey upon concluding the study. Both surveys were administered to participants 
in both the control group and those using the CultureFit system.
A.2.1 Pre-survey. In the following we present the pre-survey we gave to participants.

Question Options
EXPERIENCES WITH CROWD WORK
How long have you been working on Toloka? Less than a month; Between 1 and 3 months;

Between 3 and 6 months; Between 6 months 
and 1 year; Between 1 and 2 years; More than 
2 and 3 years; More than 3 years

How often do you work in Toloka? Everyday; From five to six days a week; From
three to four days a week; Once or twice a 
week; Less than once a week

How fast can you find tasks to work on in
Toloka?

1) Very Slowly - It takes me a long time to
find tasks I can work on; 2) Slowly - It 
often  takes some time to find tasks; 3) 
Moderately - I can find tasks in a reasonable 
amount of time;
4) Quickly - I usually find tasks to work 
on  quickly; 5)Very Quickly - I can find 
tasks to
work on immediately.
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How often do you get the chance to use your
strengths when working on Toloka?

1. No Extent - I do not use my strengths at all
when working on Toloka; 2. Slight Extent - 
I  use my strengths to a slight extent when 
work- ing on Toloka; 3. Moderate Extent - I 
use my strengths to a moderate extent when 
working on Toloka; 4. Great Extent - I use my 
strengths to a great extent when working on 
Toloka; 5.  Very Great Extent - I use my 
strengths to a very  great extent when 
working on Toloka.

How much do you enjoy planning your tasks
on Toloka?

1) Not at all - I do not enjoy planning my tasks
at all; 2) Slightly - I enjoy planning my tasks 
a little; 3) Moderately - I somewhat enjoy 
plan-  ning my tasks; 4)  Quite a bit  -  I  enjoy 
planning my tasks quite a lot; 5) Extremely 
- I enjoy planning my tasks immensely.

How much do you like having someone over-
see the work you do?

1) Not at all - I do not like having someone
oversee my work at all; 2) Slightly - I 
slightly dislike having someone oversee my 
work; 3) Neutral - I am neutral about having 
someone oversee my work; 4) Somewhat - I 
somewhat  like having someone oversee my 
work; 5) Very much - I very much like having 
someone over- see my work.

How often do you use Toloka on your Desktop? 1) Never - I never use Toloka on a desktop; 2)
Rarely - I rarely use Toloka on a desktop; 
3)  Sometimes - I sometimes use Toloka on a 
desk- top. 4) Often - I often use Toloka on a 
desktop;
5) Always - I always use Toloka on a desktop.

How often do you use Toloka on your Smart-
phone?

1) Never - I never use Toloka on a smartphone;
2)Rarely - I rarely use Toloka on a smartphone;
3) Sometimes - I sometimes use Toloka on 
a smartphone; 4) Often - I often use Toloka on 
a  smartphone; 4) Always - I always use 
Toloka on a smartphone.

What web browsers do you use? Check all that
apply.

Chrome; Firefox; Opera; Yandex; Brave; Other

Name a few of the tools you use to help 
you
do work on Toloka?

Open-ended

Which forums do you visit to discuss topics re-
lated to Toloka, including tasks and requesters?

Open-ended

What other crowdsourcing or Gig markets
have you worked on previously? Check all that 
apply.

Amazon Mechanical Turk; LiveOps; Sama-
source; Galaxy Zoo; Prolific; Upwork; Other
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Since when have you been working on other
Crowdsourcing or Gig Markets?

Never; Less than a month; Between 1 and 3
months; Between 3 and 6 months; 
Between  6 months and 1 year; Between 1 
and 2 years;  More than 2 and 3 years; 
More than 3 years

MPI QUESTIONS
I prefer to work on several projects in a 
day,
rather than completing one project and 
then switching to another.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I would like to work in a job where I was con-
stantly shifting from one task to another, 
like a receptionist or an air traffic 
controller.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I lose interest in what I am doing if I have 
to
focus on the same task for long periods of 
time,  without thinking about or doing 
something else.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

When doing a number of assignments, I like
to switch back and forth between them rather 
than do one at a time.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

To see if you’re still paying attention, please
select the choice that says neutral.

Strongly Disagree 1 2 3 4 5 Strongly Agree

I like to finish one task completely before fo-
cusing on anything else.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

It makes me uncomfortable when I am not able
to finish one task completely before focusing 
on another task.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I am much more engaged in what I am doing
if I am able to switch between several different 
tasks.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I do not like having to shift my attention 
be-
tween multiple tasks.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I would rather switch back and forth between
several projects than concentrate my efforts on 
just one.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I would prefer to work in an environment
where I can finish one task before starting the 
next.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I do not like when I have to stop in the middle
of a task to work on something else.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

When I have a task to complete, I like to break
it up by switching to other tasks intermittently.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

I have a “one-track” mind. 1) Not at all; 2) Slightly; 3) Neutral; 4) 
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what; 5) Very much.
I prefer not to be interrupted when working
on a task.

1) Not at all; 2) Slightly; 3) Neutral; 4) 
Some-
what; 5) Very much.

BACKGROUND AND DEMOGRAPHICS
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Please select your current country of residence
from the list below.

List of Countries

Which country have you lived in for the 
ma-
jority of your life? Please specify below.

List of Countries

Have you lived in countries other than your
current residence? If so, please list them:

Open-ended

Please state what is your educational back-
ground?

No schooling completed; Elementary school;
Some high school, no diploma; High 
school graduate, diploma or the equivalent 
(for ex-  ample: GED); Some college credit, 
no  degree;  Trade/technical/vocational 
training;  Associate  degree; Bachelor’s 
degree; Master’s degree;  Professional 
degree; Doctorate degree

Please state what is your gender: Male; Female; Non-binary; Prefer not to say
Please state what is your age: 18-24 years old; 25-34 years old; 35-44 years

old; 45-54 years old; 55-64 years old; 65- 74 
years old; 75 years or older
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A.2.2 Post-survey. In the following we present the post-survey we gave to participants.

Question Options
How much has your work schedule on Toloka changed
this week compared to previous weeks?

Not at all 1 2 3 4 5 Very Much

How much did you get to try out new tasks on Toloka
this week?

Not at all 1 2 3 4 5 Very Much

How often did you get to use your strengths while work- 
ing on Toloka this week?

1. No Extent - I did not use my
strengths at all when working 
on  Toloka  this  week;  2.  Slight 
Extent - I used my strengths to a 
slight ex-  tent when working on 
Toloka this  week; 3. Moderate 
Extent - I used my strengths to a 
moderate extent when working on 
Toloka this week;
4. Great Extent - I used my 
strengths  to a great extent when 
working  on Toloka this week; 5. 
Very Great  Extent - I used my 
strengths to a  very great extent 
when working on
Toloka this week.

How different did your experience feel while working on
Toloka this week?

Not different at all 1 2 3 4 5 Very
different

What did you like most about the plugin, and why? Open-ended
What aspect of the plugin did you like the least, and why? Open-ended
If you could magically change one thing about the plugin
by adding or removing something to it, what would it be 
and why?

Open-ended

To see if you’re still paying attention, please select the
choice that says strongly disagree.

Strongly disagree 1 2 3 4 5 Strongly
agree

Do you have any final thoughts or comments? Feel free
to share also any questions you might have for us, or 
anything else you’d like to discuss.

Open-ended
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