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21 workers’ problems. Within short timeframes, workers can zoom in and out to analyze and understand
their collective issues. The tool

22 also offers a collaborative space for brainstorming and selecting optimal solutions to address their
problems. Moreover, GigSense’s

2 intelligent agent provides Al-enhanced solutions to further support workers’ brainstorming and planning
endeavors.

24

»s Collective action among Eig workers holds promise for advocating better labor conditions. Nevertheless, despite efforts from researchers,

% practitioners, and workers themselves to design tools to support collective action among gig workers, enabling collective action
27 continues to present challenges. Existing tools often assume that gig workers have ample time and equal skills for problem analysis

28 and solution proposals, which is often not the case. To address this, we introduce GigSense, a tool integrating large language models

» and collective action and sensemaking theories. It assists gig workers to swiftly comprehend collective challenges and devise effective

» solutions, regardless of their backgrounds. In a between-subject user study (N=24), GigSense users outperformed those using a
o state-of-the-art control interface, producing faster and higher-quality solutions. They also reported enhanced usability experiences.
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- GigSense opens new design possibilities, showcasing how interfaces with large language models can empower gig workers in collective

3 action efforts.
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1 INTRODUCTION

Collective action by gig workers can be a powerful method for improving labor conditions on platforms such
as Upwork, Amazon Mechanical Turk, and Uber [18, 42, 100, 101]. Examples of successful gig worker
collective action include the remarkable efforts of ride-sharing drivers affiliated with companies like Uber and
Lyft. These drivers were able to organize strikes and protests to advocate for higher wages and fairer treatment
[30]. Through their collective action, they achieved significant improvements in gig workers’ base pay rates
and compensation structures [8]. For example, within certain cities, workers were able to negotiate for improved
working conditions and better regulation [84]. The power of gig worker collective action has been
demonstrated also when it led to the implementation of “pro-worker” policies and led to collective bargaining
with the gig platforms [58].

However, despite the occasional success stories, gig worker collective action is rare [8]. As a result, most
worker problems remain unresolved. We contend that two key issues are impeding the progress of
collective action among gig workers. Note that these challenges pertain to the initial stages of collective
action, encompassing the tasks of comprehending collective issues and formulating effective solutions to
tackle these problems [107]. The first challenge stems from the scarcity of available technologies designed to assist gig
workers in problem-solving [41, 57, 69, 108, 124]. For example, technologies like Dynamo or Coworker.org allow
workers to share their problems, upvote the most crucial ones, as well as propose and upvote solutions to those
problems [26, 105]. These technologies typically employ list-based interfaces to present the problems and
solutions, and the lists are usually sorted based on the upvotes. However, list-based interfaces can restrict the
exploration of problems and solutions from various perspectives, impeding a deep dive into their complexities,
as well as obtaining a grasp of the entire problem-solution landscape [16, 60, 73, 82, 97, 118]. This limitation can
hinder gig workers’ ability to effectively prioritize critical issues like identify optimal solutions [119]. The
absence of interfaces that facilitate comprehensive problem-solving analysis can lead to workers focusing on
trivial problems or irrelevant solutions, ultimately hindering workers’ potential to drive meaningful change.

The second challenge affecting gig worker collective action stems from the diversity of skills possessed by
gig workers [36, 45, 46]. For instance, some gig workers may have IT expertise, while others could be video
editors and other data labelers. With workers skilled in everything from IT to video editing to data labeling,
gig economy workforces encompass a wide range of expertise [3]. However, this very diversity that defines
the gig workforce also hinders unified problem-solving efforts. The diversity of skills and backgrounds
among gig workers poses challenges for collective action [121]. For example, a video editor skilled in their craft
may lack the software expertise needed to address transparency issues on gig platforms. Without knowledge of
the underlying technology, they cannot advocate for technical remedies. This lack of a unifying work
experience and shared skillset hinders collective action, as gig workers lack common ground to mobilize around
shared goals. The diversity that defines the gig workforce fractures it into discrete roles rather than bringing
workers together [106].

Furthermore, even though many workers might have an interest in participating in collective action,
their time commitments could be a limiting factor. This highlights the crucial need for inclusive tools that can aid
all gig workers in collaboratively addressing challenges, irrespective of their expertise or availability constraints
[92, 93]. These tools could empower all workers to conduct more strategic problem-solving and create
better futures [73].

To initiate collective action among gig workers, we introduce GigSense—a novel platform designed to ignite collab-
orative problem-solving within the gig worker community. Leveraging Sense Making Theory [99] and the
inherent capabilities of large-language models (LLMs) in text generation and processing, we integrate LLMs
with interactive interfaces within GigSense. This synergy empowers gig workers to meticulously dissect their
challenges and potential
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solutions, examining them from diverse dimensions and viewpoints. The GigSense platform also empowers gig
workers to zoom in for detailed scrutiny or zoom out for a panoramic understanding of their problems. This sets it
apart from existing technologies [105], which mainly present workers with an extensive list of problems and
solutions, lacking mechanisms for exploring different facets of the problems or achieving a comprehensive
understanding of workplace dynamics and crucial matters. In addition, GigSense employs LLMs to aid workers in
brainstorming solutions, enabling all workers to collectively address their challenges. Our design challenges
revolve around creating interfaces that facilitate workers” comprehension and discussion of workplace matters
and solutions, ensuring ease of participation for all. Gigsense works with social media data, particularly focusing on
Reddit. Additionally, it employs datasets containing reviews for gig work platforms that have been compiled from app
stores accessible on both Android and iOS devices. In this paper, we contribute 1) a system supporting gig
worker problem-solving to initiate collective action; 2) Al-enhanced interactions that facilitate in-depth analysis of
problems and solution generation for gig workers; and 3) a between-subjects experiment demonstrating that
GigSense makes

problem-solving easier, faster, and results in the

generation of higher quality solutions by gig workers.

2 RELATED WORK

Gig Work and Collective Action. “Gig” or platform-based work represents one of the most recent labor market trends
[116]. The popularity of gig work can be attributed to the increased demand for flexibility on the part of employers [80],
the desire for greater flexibility on the part of workers [25] and the fact that it is work facilitated through
technology and digital markets, on-demand [58]. Even though gig work can offer economic advantages to
socially disadvantaged populations like the unemployed, those in remote areas, and refugees [ 25]; it can also
have adverse effects on workers, such as unpredictable schedules, fluctuating income, and unreliable long-
term employment prospects [25, 95]. Collective action activities (i.e. negotiations, strikes, unionization campaigns) are
ways for workers to advocate for better working conditions [61]. Gig workers have participated in collective
endeavors to enhance their work conditions; however, the results have been mixed. The reasons vary, from gig
platforms not facilitating in-app communication among workers

[41] to the geographical dispersal of gig workers [58]. As they move in and out of various short-term "gigs"
across different industries [113], this inevitably hinders their ability to form a sense of community and identify
common interests among themselves [121]. These characteristics create obstacles for collective organizing efforts,
as workers can be challenging to locate, difficult to reach, and hard to engage [ 117, 121]. Researchers acknowledge that
participating in collective action increases a worker’s ability to choose better jobs with clear expectations
and higher remuneration rates [7]. Even though gig workers have achieved a degree of success in
coordinating collaborative efforts to enhance their working conditions [30], systems designed to assist gig
workers in organizing collective actions are scarce [58]. Considering the potential growth in this sector, it
becomes crucial to develop solutions that support worker organizing and collective bargaining [58]. In this
paper, we focus on creating a tool to help gig workers in the sensemaking of their challenges and initiating
collective action.

Tools to Support Workers in Collective Action. Over the years different solutions designed to help workers
initiate collective action have emerged. For instance, Catalyst [20] was the first attempt at supporting collective action
based on “activation thresholds”. However, while Catalyst is useful for predetermined events, it lacks coordinating
features to allow users to coordinate and reach a consensus. This is an important limitation as researchers
emphasize the importance of collaboration among workers for the future of gig work, especially in the
context of creative tasks [63]. A more recent solution that aims to allow workers to collaborate is Turkopticon
[54] is a browser extension and
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website designed to enhance transparency and empower workers in the Amazon Mechanical Turk (MTurk)
marketplace. Turkopticon allows MTurk workers to review and rate the requesters on the platform. The platform also
enables workers to share their experiences, voice concerns, and warn others about potentially problematic
requesters. Platforms in the form of forums have emerged as well, aiming to foster the sharing of valuable
insights and experiences among workers, thereby nurturing a sense of community and collaborative
learning. Notably, examples like Turker Nation and Turkerview have arisen in response to the policy adopted by
Amazon Mechanical Turk (AMT), where requesters have the discretion to pay only for tasks they deem subjectively
satisfactory. However, it's worth noting that Turkopticon, Turker Nation and Turkerview are tailored
exclusively for Amazon Mechanical Turk, rendering them inaccessible to gig workers operating on different
platforms.

In this paper we use a more recent initiative as a baseline: “We Are Dynamo,” a forum that was specifically created
to facilitate collective action for crowd workers [105]. Through this forum, workers come together,
identified common interests, and collaboratively crafted a list of best practices. However, it is important to
highlight that “We Are Dynamo,” does not facilitate communication, collaboration, and sensemaking. These
aspects need to be coordinated outside the platform, which introduces several barriers [58]. First, the need for
external coordination can result in fragmented communication, making it challenging to ensure all relevant
parties are engaged in discussions. Second, navigating between platforms can be cumbersome and time-
consuming, potentially deterring workers from actively participating. Lastly, the lack of integrated
communication tools might inhibit the spontaneous exchange of ideas and hinder the swift organization of
collective actions and sensemaking. Our work builds upon “We Are Dynamo,” as we incorporate collaborative
functionalities, harness the power of Al to enhance idea generation and tailor our system design to facilitate
gig workers’ sensemaking process to find solutions to their challenges.

Sensemaking and Collective Action. Comprehending the challenges faced by gig workers can be perceived as an
act of sensemaking, involving the collection and analysis of diverse and unstructured data in order to reach a
conclusion. Pirolli and Card [97] define sensemaking as a series of iterative steps. For instance, it starts with the initial
gathering of relevant data (“Step: Search and Filter”), akin to brainstorming gig workers’ problems.
Subsequently, it involves extracting valuable information (“Step: Read and Extract”), akin to selecting the
most pertinent issues. Further, it encompasses summarizing and schematizing the information (“Step:
Schematize”), akin to the manual procedure of condensing and structuring of the brainstormed ideas. Then, it
involves generating hypotheses from various perspectives (“Step: Build Case”), resembling the development
of viable solutions. Lastly, it culminates in decision-making to determine the best solution (“Step: Tell Story”).
Significant research endeavors are currently directed toward the development of tools that facilitate
collaborative sensemaking in different domains, such as literature review[126], web search and organization of
results [48, 65, 94], organizing academic literature [102], solving mysteries [74] and tackling disinformation [35]. In
this paper, we introduce GigSense, a system tailored to aid gig workers in their collaborative endeavors, automating
segments of the sensemaking process pipeline. Furthermore, we leverage the power of Large Language Models
(LLMs) to aid workers in the sensemaking process and idea generation.

LLMs for Idea Generation. In recent years, significant advancements in large language models (LLMs) have
positioned them as a promising tool for facilitating a diverse array of writing tasks, such as story generation
[1, 21, 85, 122], academic writing [37], question-answering [14] and idea generation [39]. However, despite
their impressive utility, LLMs have faced criticism for generating text that, while appearing logically and
grammatically coherent, may actually contain factual inaccuracies or lack meaningful coherence (referred to as
hallucinations) [ 55]. Nevertheless, researchers suggest that this weakness can be reframed as a strength [39], and have
started to use LLMs for idea suggestions[122]. In
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creative writing and problem-solving, possessing a range of idea quality and quantity holds more value than maintaining
unwavering consistency [40]. To achieve a wide range of ideas with varying levels of quality, most ideation research
advises generating numerous ideas first and delaying their evaluation [40]. LLMs are designed to do exactly this— quickly
generate many somewhat plausible solutions [39]. In this research, we align with the principle that an
unrestrained influx of ideas can often pave the way for innovative solutions. Therefore, we harness the
capabilities of LLMs by integrating them into Gigsense to assist gig workers in rapidly producing multiple
reasonably viable ideas for their most pressing challenges.

Collaborative Human Centered Systems. Our system design is inspired by prior human-centered design
systems that foster collaboration. First, we draw inspiration from work that utilized sensemaking to
facilitate collaborations among strangers. For instance, systems like GroundTruth [115] integrated sensemaking
to support collective efforts in detecting visual disinformation. Likewise, the system Crowdia employed
sensemaking to solve mysteries among strangers [74]. We examine these designs to determine how to integrate the
sensemaking process into our own system. We also connect with prior work on interface designs aimed at enhancing
idea generation [17, 51, 52, 111]. For instance, Analogilead explored interactive interfaces to encourage analogical
innovations [111]. Likewise, we propose interfaces to assist gig workers in exploring various problem aspects,
leading to more viable solutions.

3 GIGSENSE

Gigsense modularizes the sensemaking process allowing gig workers to formulate solutions for their challenges. We
present a scenario in which Gigsense can be utilized, followed by an overview of the system.

User Scenario. Maria, an Upwork freelancer, has noticed an influx of vague job ads and unusual high-pay job ads,
possibly generated by Al She wants to tap into the new job opportunities, but she is also unsure if they are
real. She applied for such gigs, but it turned out to be fake postings. On GigSense, she rapidly discovers
numerous peers facing the same issue by looking at Gigsense’s data-viz module. Utilizing GigSense’s zoomed-in
problem view, she identifies a split—some ads seek free labor, while others are legitimate jobs with high pay.
Switching to GigSense’s Collaborative Solution module, Maria feels unsure about how to solve the problem.
Turning to GigSense’s Al- enhanced solution, she quickly finds an initial direction: uniting workers to create
a spreadsheet listing scammers across the gig work platforms. From this idea, Maria then envisions a web
plugin that could help workers automatically flag suspicious clients and fake job postings. However, she lacks the
software expertise needed to develop such a web plugin. She inputs the idea into GigSense’s Collaborative
Solution Module. Kai and Ana who happen to experience a similar problem with fake job postings then spot
Maria’s idea and discuss it asynchronously. They concur on a solution involving a web plugin that flags
problematic clients, using the spreadsheet list, they create a database of scammers who are posting fake job
ads. Then they further develop the web plugin that can use Al to predict clients that could potentially be
problematic based on their job ads. Maria’s idea and Kai and Ana’s tech skills led to the implementation of the
web plugin, effectively addressing the issue and benefiting the entire community.

System Description. Our work is driven by Pirolli and Card sense-making and collective action theories [27,
97, 108, 118], translating it into the different modules of the system: “Data Gathering Module”, "Data Viz
Module”, “Problem Summary Module”, “Collaborative Solution” “Al-Enhanced Solution” modules. In this section, we
introduce GigSense, a platform showcasing the potential of these modules for sensemaking, along with
interactive interface components. We also provide a comprehensive explanation of each individual module.
Fig ?? presents an overview of GigSense.
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3.1 GigSense’s Modules.

GigSense has a series of modules that focus on automating the sense-making process, as well as enabling
universal participation, empowering everyone to devise creative collective solutions. In doing so, it facilitates the
initial phases of collective action: (1) identification of collective problems; and (2) proposal of action plans (solutions) to
address those problems [108]. GigSense recognizes the time constraints faced by gig workers when engaging
in collective action and provides interfaces that facilitate rapid sensemaking of problems and proposals of
solutions.

To address this, GigSense utilizes Large Language Models (LLMs) to provide concise summaries of
issues found on gig platforms, enabling workers to quickly understand prevalent problems. By leveraging the OpenAl
GPT-4 API [91], GigSense categorizes data and generates these summaries, aiding workers in gaining
insights and brainstorming solutions. GigSense also offers an interactive interface, allowing users to “zoom in” and
explore specific discussions related to a problem. While LLMs supports the creation of problem summaries, GigSense’s
interface design empowers workers to independently assess all the information. To overcome the challenges
identified in recent research regarding the design of effective prompts for LLMs [123], GigSense also includes
carefully crafted prompts in its backend. These prompts and their outputs underwent iterative refinement with gig
workers to ensure satisfactory results. You can find the prompts GigSense uses in our appendix.

Next, we describe each GigSense module:

Data Gathering Module. Gig workers supply Gigsense with a roster of subreddits from which they
intend to pinpoint potential problems and datasets containing assessments for gig work platforms (This is the “Step:
Search and Filter” in Pirolli et al.’s sensemaking loop [97]). Next, Gigsense connects to the Reddit API to read and
extract all the posts from the subreddits that gig workers initially provide. GigSense additionally uses a web scrapper
to extract data from reviews left on Apple’s and Google’s app stores by gig workers. Note that our data
gathering module only collects reviews that have between one and three-star ratings. The module considers that
these review data would represent complaints and problems that gig workers are experiencing. Gigsense also
lets workers manually enter issues into the system if they choose to do so (“Step: Read and Extract” in the
sensemaking loop). Using the real-world gig worker’s complaint datasets (actual gig workers’ subreddits and
complaints) in our system design aims to bring inclusiveness about gig worker concerns and complaints. The show
button allows workers to see a list of all the data sources that are going to be used within Gigsense.

Problem Summary Module. Acknowledging the potential enormity of the data gathered through the
Data Gathering Module and its potential complexity for human interpretation, this module centers its
efforts on summarizing the data. For this purpose, Gigsense uses LLMs to categorize and summarize large sets
of data into problem categories. This module also has two buttons to allow workers to navigate to the Data
Visualization module, which offers a “zoom-in" view for meticulous examination of the data or a “zoom-out” view for
a panoramic grasp of their issues (See Fig ?? C).

Collaborative Solution Module. This module further facilitates the sensemaking process and focuses on
helping gig workers to develop concrete solutions to address the problem analyzed (“Step: Build Case” ” in
the sensemaking loop). It incorporates sub-modules such as the: “Sensemaking Chat”, “Shared Document”
and “Collaborative Solution Space”. The Sensemaking Chat submodule allows workers to engage in
conversations to discuss and investigate the problems they encounter in their work. They can communicate through
asynchronous text messages to accommodate different schedules. The “Shared Document” enables workers to
understand the existing problems and collaboratively create action plans (solutions) to address them. Workers
can collectively review and approve their proposed solutions. Finally,
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the “Collaborative Solution Space”, just like the sensemaking process, features a space where workers can showcase the
final solution they mutually agreed upon [27, 118] (“Step: Tell Story” in the sense-making loop).

Al-Enhanced Solution Module. Recognizing the diverse backgrounds of gig workers, it is important to
acknowledge that for some workers it may be hard to propose solutions, or effectively plan and organize
efforts to tackle specific problems [92, 110]. To address this, the module leverages LLMs to offer workers
suggestions on potential solutions and concrete collaboration plans, providing inspiration and initial guidance. However,
given our values of prioritizing human connections among workers, Al-generated solutions are presented
with lower priority in GigSense’s interface. This module serves as an inspirational resource for gig workers, but
it is important to note that GigSense emphasizes that it is not the definitive solution and explicitly states that this
solution was generated using Generative Al Furthermore, workers are informed about the possibility of errors in
Al-generated solutions via a disclaimer. This helps not only to ensure that solutions generated by humans receive
priority, but also foster ethical, transparent, and responsible use of Generative Al while still utilizing Al to
assist and inspire workers in their problem-solving endeavors. This module aims to support: “Step: Build
Case” and “Step: Tell Story” in the sensemaking loop.

Data Viz Module. Grounded in Olson’s collective action theory [90] which suggests the conciseness of the
problem has to be developed in the first place in order for the collective action to begin. We introduced The zoomed-
out view of this module presents an interactive chart of all the problems (“Step: Schematize” in the sensemaking
loop) where workers can grasp a high-level understanding of the specific types of problems (e.g. Payment, Platform
Policy, Scam, Customer Support, Usability, etc) faced by them. The interactive chart also serves as a powerful
tool for raising awareness among gig workers about the shared challenges they face.

To let the worker delve deeper into the individual problem faced by a worker and suggest the solution to an individual
problem, Gigsense offers a zoom-in perspective. This view gives workers the opportunity to upvote on
individual problems. By visually displaying the prevalence of various issues (number of upvotes), it creates a sense of
solidarity. Workers can see that they are not alone in their struggles, fostering a collective identity and shared purpose.
It provides a static depiction of the number of workers grappling with problems across different gig work
platforms, acting as a catalyst in building communities of gig workers facing similar challenges to
encourage collective action.

4 GIG SENSE: EVALUATION

The evaluation of GigSense aims to address key research questions: 1) Speed: Can GigSense facilitate more
rapid sensemaking, allowing gig workers to more seamlessly integrate it into their workflow? 2) Contribution:
Can GigSense effectively support the generation of more feasible solutions for gig workers? 3) Usability: Does
GigSense’s Al-enhanced interactive interface bring better user experiences?

Procedure. To study the above questions, we conducted an IRB-approved between-subject user study with 24
participants. We divided the participants into intervention (GigSense condition) and control condition.
Participants in both groups were asked to complete the same tasks linked to the initial phases of collective action:
pinpointing collective issues and suggesting solutions [124]. Participants in the Gigsense condition used our Gigsense
platform to complete the tasks (see Fig ?? and ??, while participants in the control condition used the “We Are
Dynamo” interface. We built “We Are Dynamo” to simulate the general functionality of the original system
which is no longer available for use. In this interface, users can do the typical things they would do when
using the original version of “We Are
Dynamo” (such as posting their ideas for action and general upvoting of the ideas), see Fig ??.
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Next, we compared the latency and quality of solutions that were generated using GigSense and the
control interface “We Are Dynamo”. We also studied the usability of GigSense in comparison to the control
interface. Note that both systems (GigSense and the control condition) used identical datasets encompassing
gig worker problems, which were taken from social media posts (subreddits) and reviews on the Google
and Apple app stores. GigSense received the data and leveraged its backend with LLMs and interactive interfaces to
offer gig workers a multi-level analysis of the problem space. Similarly, the control interface organized problems based
on upvote count, akin to Dynamo’s original design where workers can post and upvote short ideas for action. If
an idea gets enough upvotes, it becomes an active campaign.

We arranged the study under the assumption of gig workers operating asynchronously in their collective
efforts. This asynchronous setup is crucial due to the varied schedules of gig workers [68], which might
hinder synchronous collaboration. Our aim was thus to ensure effective asynchronous utilization of our tool for
seamless completion of collective action tasks. Participants in both conditions engaged with their respective
assigned systems and fulfilled the following tasks, drawn from existing literature concerning activities
associated with the initial phases of collective action [6, 23, 108, 124].

(1) Provide a summary of one specific problem encountered by gig workers.

(2) Provide a summary of three different problems faced by gig workers.

(3) Enumerate three problems that demand attention due to the adverse impact they inflict on workers.
(4) Explain why it is important to address those problems.

(5) Propose solutions to the three problems you identified that were crucial to be addressed.

(6) Propose a solution to any other problem faced by gig workers.

(7) Propose three solutions to any other problem faced by gig workers.

In our study setup, we tracked and recorded how participants completed these different tasks.

Participant Recruitment. To recruit participants, we generated a job listing on Upwork, extending an invitation to
gig workers to join our study. Our selection criteria for participation in the study were workers who: (a) were aged 18
or above; (b) possessed at least one year of gig work experience (to ensure familiarity with the challenges faced
by workers); and (c) demonstrated proficiency in spoken, written, and comprehended English (to facilitate
effective communication with participants). From this, we recruited 24 participants (8 females, 16 males,
Median age=27, SD=7.186). After recruitment, we randomly assigned participants to the control and GigSense
conditions using the block randomization technique [31]. In the end, 12 participants were assigned to the GigSense
condition, and 12 were assigned to the control condition. Participants in our user study were compensated
$10/hr for their participation.

Measures and Data Analysis

We adopted a mixed-method approach, enabling us to harness the strengths of both quantitative and qualitative
techniques. Alongside the collection of essential sociodemographic data, we harnessed a range of quantitative metrics
to address our three research questions related to speed, contribution, and usability. To provide a deeper perspective
and also contrast against state-of-the-art tools, we complemented our quantitative findings by conducting exit
interviews with participants in both conditions. Through this approach, we gained invaluable insights into their
impressions and experiences.

Metric: Speed. In both the control and GigSense conditions, participants used a button to signal task start
and completion. The systems recorded timestamps for each button press, enabling precise tracking of task
durations per participant.
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ID Age Gender  Race Work Exp. Area of Expertise
P1 48 Male White 4 Years Content writer, Graphic designer
P2 30 Female  Asian 2 Years HR, Data Er\téy Survey
P3 19 Male Black 1 Years+ Book Editing, Copywriting
P4 32 Male Black 6 Years Web Developer, Digital Marketing, Virtual Assistance
It i 7Y EO, H
Résource P B Gte  S0UR Asian 5 Years S Een Writesy Content Writing, SEO, Fluman
Male South Asian 3 Years Content Writing, Online Education
i 7Y twrit Content
Wntmg P g? Mg}g g\(l)lilll’}ﬁ Asian 4vears ngaFe?i’IBO rap% esi?grhen
Female  Black 5 Years Virtual Assistant, D1§1‘3
Marketmg/vl’ll 28 Female Black 3 Years elling,
Content rltmg P12 36 Female Asian 4 Years Content Writing,
Digital Marketing
P13 27 Femal it 4 Y k Ed ting, ting, Cont
Writing P14 Kmae Kxglee Black Vears & ?fﬁ%ﬁ“éﬁ R sot?rr::gn areer
Coaching
P15 23 Male South Asian 5 Years Software, IT
F% 4118 Mg}g %%ﬁlée %Oy}g(aegs ?g?t“ifveg‘iec Research, Audio Production
P18 22 Male South Asian 3 years Digital Marketing, Software
P19 22 Female  South Asian 2 years Content er’fmgCGraphlc Design
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Table 1. Participant Demographics in our study

Metric: Contribution. To assess GigSense’s impact on participant problem-solving (i.e., on the contributions
they made using our system), we gathered the solutions participants generated in both conditions. Via
Upwork, we then hired three English-speaking, college-educated gig workers as independent raters. They evaluated
each solution’s feasibility on a 7-point Likert scale, considering the problem and solution. For the remaining solutions,
the third rater’s assessment was sought to resolve disagreements. A “majority rule” was applied to determine
scores for these solutions.

Metric: Usability. To assess participants’ views on GigSense’s usability and compare it with the control, we employed
the System Usability Score (SUS) [13], a validated metric. The SUS is comprised of 10 questions on a five-point Likert
scale. It is widely used for measuring usability and comparing systems [70, 96]. It offers valuable insights
into users’ subjective experiences with a given technology. Following participants’ interaction with their assigned
system (control or GigSense), they received the SUS questionnaires. We then computed the SUS scores reported by gig
workers for their respective systems. After this step, for each participant, we had the usability score they gave
their assigned technologies.

Qualitative Study. To augment our quantitative data, we conducted exit interviews for richer insights
into participants” user experience, adding a qualitative dimension. These interviews captured participants’ feedback
and thoughts about the technologies they used. Interview data was transcribed, coupled with study notes and memos,
and subjected to open coding [83]. This process involved deriving initial concepts from the data through a mix of
bottom-up and top-down theme extraction. Two of the paper’s authors independently conducted bottom-up coding,
resulting in 13 axial codes, which were then applied top-down to all interview transcripts. Out of these 13
axial codes, four themes emerged, structuring the key insights from our semi-structured interviews.
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5 RESULTS

Our user study encompassed a cohort of 24 gig workers, and it was structured with two conditions: the
GigSense condition, designated as the intervention group, and the control group. Next, we proceed to unveil both the
quantitative and qualitative results that surfaced during the course of our investigation.

5.1 Quantitative Results.

5.1.1 Time. Time can pose a challenge for gig workers aiming to engage in collective action, as not all workers enjoy
the luxury of allocating extensive time to this pursuit [92]. To address this concern, we assessed the
duration participants required to accomplish the different problem-solving tasks defined in our study, which
constitute the initial phases of collective action [90]. Figure ??.a) provides a comprehensive depiction of the
median time taken by participants to complete the entire set of tasks in both conditions. (Figure ??.c) depicts the box
plot for both groups. The results of our study indicate that participants in the GigSense group exhibited faster task
completion times (Mean 264.08 seconds, Median=170 seconds, SD= 175.45 seconds) compared to the control
condition (Mean= 862.5 seconds, Median=779 seconds, SD= 313.93 seconds). To study whether these
differences between the GigSense condition and control were significant, we conducted appropriate statistical tests.
First, since our data did not meet the assumption of normality we employed the Mann-Whitney U test, a non-
parametric test specifically designed to compare the medians of task completion times between the intervention
group (GigSense) and the control group. The Mann-Whitney U test revealed a statistically significant difference
between the two groups in our study, with a p-value of 0.002. This p-value indicates that there is a statistically
significant difference between the two groups in our study. This implies that gig workers were significantly
quicker in their problem-solving tasks when utilizing GigSense compared to traditional interfaces. Overall, the data
provides evidence that GigSense offers a promising approach (RQ1) to improve task completion times in
problem-solving tasks related to collective action.

5.1.2 Contribution (Evaluating Gig Workers’ Solutions). To study whether GigSense effectively
supports the generation of more feasible solutions for gig workers, we conducted an expert evaluation of
the solutions that participants in both groups proposed. We found that gig workers in the GigSense group
produced in general more feasible solutions (Me- dian=7 [“Very Feasible”], Mean=5.76 [somewhat feasible],
SD=1.8) than workers using the control interface (Median=3 [Slightly Unfeasible], Mean=3.58 [Slightly
Unfeasible], SD=2.1). We plotted a box plot graph (??.b) to better visualize the differences in the solutions
each group contributed. Next, we wanted to identify whether the differences in the feasibility of solutions
were significant. Through our analysis, we first identified that the distribution of feasibility scores did not
meet the assumption of normality. Consequently, we again performed the Mann-Whitney U test. The results
of this test indicated a statistically significant difference between the two groups, with a p-value of 0.248. This
suggests the presence of a significant distinction between the feasibility of the solutions that gig workers
contributed in the GigSense condition and the control condition. In conclusion, our findings reveal that
GigSense facilitates the contribution of more feasible solutions (RQ2) by gig workers, as evidenced by the
significant difference in the expert evaluation scores between the two groups.

5.1.3 System Usability Scale. Utilizing the System Usability Scale (SUS) [4, 13, 96], we studied the
reported usability levels of GigSense among gig workers and drew a comparison with those reported for the control
condition. Figure ??.d presents the boxplots for the System Usability Scale scores of GigSense and the control
condition. Our findings revealed a notable trend: the median SUS score for GigSense (Mean=86.25, Median=86,
(adjectival rating: Excellent), SD=11.6)

10
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was higher than the median SUS score for the control condition (Mean=20.41, Median=14, (adjectival rating:
Poor), SD=18.7). Building upon this observation, our subsequent focus was to determine the significance of
this disparity. We first found that the SUS scores did not meet the assumption of normality. We therefore opted
for the Mann-Whitney U test once again to compare the medians of SUS scores between the GigSense condition and
the control condition. The analysis revealed a statistically significant difference between the two groups in our
study(RQ3), with a p-value of 0.001. This indicates that the difference in SUS scores between GigSense and the control
group is unlikely to have occurred by chance alone.

These higher scores indicate increased user satisfaction, ease of use, and overall acceptance of GigSense. These
findings offer strong evidence for GigSense’s effectiveness in both quicker task completion and enhanced usability
perception. This blend of faster tasks and better usability makes GigSense a promising intervention.

5.2 Qualitative Results

To analyze, the interview response, the transcripts were open-coded individually by two researchers and further axial
coding was performed. From 13 top-down axial codes, we developed four themes that organized the main
insights from our exit interviews. We labeled participants’ responses within the "GigSense group" as "PGS" and
those in the control group as "PC".

52.1 Assisting Workers in Solution Generation. Participants appreciated how
GigSense effortlessly enabled solution generation. They particularly liked the fusion of the Al-enhanced interface
with the interactive collaborative space, as it seamlessly facilitated the combination of existing solutions into more
fortified ones: “I like this part [pointing to GigSense’s Al-enhanced solution space and the
button for generating new solutions]. | love that | can interchange the suggestions that |
want anytime [Here, they highlighted the collaborative solution space]” (PGS 5).
Participants also valued how GigSense empowered them to formulate solutions for less familiar problems, broadening
their capacity to participate in problem-solving across areas where they might not usually contribute ideas: “Often
| see a problem that | am not familiar with. The Al suggestion kind of suggests you
somewhat relatable thing, so in a situation where you might not have anything to
contribute, you still have something to suggest, | think that’s really cool.” (PGS 11). Given the
diverse backgrounds and regions of gig workers, Al assistance played a crucial role in helping participants
overcome language barriers, facilitating the generation and seamless sharing of solutions among them: “The Al
is very useful for me because it gives me the many ideas needed, and | also struggle
with English, and many times
I can’t put
clearly what | am trying to say” (PGS 6).

5.2.2 Collaborative Problem-Solving. Our system’s interface was well-received for its ability
to help people to come together and drive collaborative problem-solving efforts among gig workers:
“forums [traditional tools] can just be people complaining at each other and nothing
happening, whereas this [GigSense] kind of gathers data and proposes solutions. It is
Jjust more of a solution based, I think it helps visualize problems [...] then the solutions
can be given or can be received by somebody that says: “Oh, let me make something [a
solution]” [...] It seems like a space for the solutions to kind of come together” (PGS 8).
Participants also underscored the potential of GigSense to empower them in joining forces, collaboratively
suggesting solutions that encompass technological enhancements for gig platforms and necessary policy changes.
Participants believed that these combined efforts could cultivate a more nurturing environment for gig
workers: “So, with these solutions [the ones generated collectively through GigSense]
either that is, somebody creates a new and better platform or
11
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o generated collectively through GigSense] and updates their policies and changes
things to n make it more friendly for the Freelancers. | think it’s like it could be space for
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better paths for both freelancers and platforms” (PGS 12). Participants also expressed that our
tool facilitated stronger connections among fellow workers, fostering a sense of empathy for shared challenges.
This, in turn, with the help of the interactive interface, bolstered their collaborative problem-solving
efforts: "I resonate with what is being said [workers sharing their problems] as
somebody that’s been doing gig work for a while. | highly resonate with it [...] And this
interface makes me able to put in my words for [creating] the solution" (PGS 8).

523 Al, Humans, and Interface Design. We crafted GigSense’s interface to prioritize the
placement of human- generated inputs—solutions proposed by gig workers—above Al-generated
suggestions. Participants mentioned that they appreciated this design, highlighting that they liked seeing
solutions from both human and Al sources, but especially appreciated the emphasis on those contributed
by fellow humans: “It is good to get the ideas [solutions] from the Al. But | liked that some
live answers were there [solutions proposed by gig workers], and some live people, real
human beings answered it [gig workers provided solutions]” (PGS 4).

On the other hand, LLMs occasionally produce content with errors. Our concern revolved around gig workers
unquestioningly adopting the solutions provided by the LLM. In our interface design, we proactively introduced
an additional measure by including a disclaimer regarding Al-generated suggestions. This strategic move aimed
to encourage workers to approach the Al's recommendations thoughtfully, rather than hastily adopting them. Our
primary objective was to avert any unforeseen repercussions stemming from thoughtless adherence to Al advice.
Participants valued the implementation of this design approach, which underscores our commitment to responsible Al
utilization: “The solutions, (Al suggestions) can be helpful to guide you, but cannot
provide you with a perfect solution. That’s already there in the disclaimer, So you can
get ideas. But you still have to use your brain and experience to answer” (PGS 2). Participants
in general expressed that GigSense’s interface gave them a sense of autonomy in their decision-making, as
they were not constrained to unquestioningly adhering to the Al-generated solutions: “/ like the fact that
the system is suggesting a solution, not completely telling me this is exactly the solution
for this problem” (PGS 5). Participants also conveyed a sense of resonance with GigSense’s Al-generated
solutions, emphasizing that they were not out of place within GigSense’s interface: “The Al
suggestions continuously synced with me, while I'm thinking of my things to write. The
answers all seem super aligned with my thoughts and were really helpful suggestions"
(PGS 3).

Workers also valued how GigSense’s intelligent interface empowered them to methodically structure and analyze
problems in diverse ways: “..the bar chart [bar chart that was automatically generated
by GigSense to show number of worker messages generated about a particular problem]
that like immediately told me what the stats were, and then it was quite straightforward
to go through each complaint [workers’ messages about the problem] and understand
all that stuff behind the problem” (PG 4). This type of interface capability was absent in the
control condition and participants complained about it: “/ keep on scrolling, and there are
different problems. | am not able to categorize it [categorize worker messages about a
particular problem]. So it is time- consuming. | have to scroll through each and every
message” (PC 9). Similarly, some of the workers on the control group imagined better futures where
they could have access to some of the interface features of GigSense, such as problem categorization: “/
think it would have been better if the categorization of problems was there [on the
control interface]. It breaks down things easier"(PC7). Other workers in control also desired some
of GigSense’s interface features, particularly those about concise summaries and the ability to conduct sensemaking
in shorter periods of time: “So it will be very difficult to read those 1,000 words line by line.
So it’s specifically if you use some artificial intelligence or something, the whole
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read the issues that gig workers are facing from here [The worker pointed to the
summary module of GigSense], and | don’t have to open them [worker messages
about a particular problem] one by one. | think it’s helpful. So, since gig workers are
very busy, having a summary here is very helpful [...] | can read all of this in under a
minute (PG2).

524 Collective Action. GigSense played a pivotal role in stimulating participants to embark on the
path of collective action. The interface offered by GigSense facilitated a comprehensive exploration of issues
from various perspectives, empowering participants to meticulously analyze problems. This, in turn, led to a
heightened awareness of the severity of specific challenges: “I think it [GigSense] can bring people a
sense of unity and frustration. So like, it’s nice to be able to see, especially all these [pointing
at GigSense’s graphs showcasing the magnitude of problems faced by workers], because
you can see how bad it [a specific problem] is. Then here, [the worker clicked a problem
and zoomed into the specific things other workers complained about the problem], all of
these reviews [workers’ complaints about a given problem], show this problem is super
common [...] the reviews [workers’ complaints about a given problem] are like written in
honest frustration. And it seems kind of like a recognition of: “Oh, everybody’s really got
this problem” and frustrated by these things. | found this interface like a space for
people to gather and create change” (PGS 8). Additionally, GigSense showed workers their challenges
weren't just experienced by themselves. This realization spurred action, as participants often hesitated to address
issues or engage with peers because they were uncertain of their problem’s significance: “There could be a
time like, you might be facing a problem. But you might be thinking that that’s something
that you are only facing. And it could be a problem related to usability or payment. You do
nothing about it. But when | see this thing on your website [GigSense], you see, other
people are also facing it. So this is not just you since there are others like you [facing
similar problems]. You get to talk to each other through your shared concerns" (PGS
10).

6 DISCUSSION

Our user study showcased that GigSense users generated solutions for collective issues significantly faster, with
a significant increase in perceived usability, and a significant enhancement in the feasibility of these solutions. Here, we
discuss ongoing challenges and prospects for sensemaking tools in collective action, with a focus on GigSense.

Catalyzing Inclusive Problem-Solving for Collective Action. GigSense is designed to facilitate gig
workers’ participation in problem-solving for collective action. We factored into GigSense’s design that it
should address time constraints, recognizing the limited availability of gig workers for extensive collective
action. The aim was thus to ensure quick sensemaking, enabling more rapid production of solutions for
collective issues. Balancing this aspiration with the production of feasible solutions presented a challenging task
for GigSense. Our user study demonstrated that GigSense indeed yielded more feasible solutions compared to
the control interface. A likely contributing factor was that GigSense’s interface empowered workers to swiftly
assess zoomed-in and zoom-out dynamics of their problems. This likely led workers to have a more profound
understanding and thus generate more attainable solutions, compared to list-based interfaces. However,
acknowledging that not all workers might prioritize in-depth problem exploration is essential. To address this,
incorporating informative messages within GigSense could enlighten users about the benefits of investing slightly
more time in analyzing and comprehending problems. Moreover, envisioning interfaces that highlight
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kers to contemplate solutions more deeply. In this context, drawing insights from data visualization research
could provide valuable

520 18



GigSense: An Intelligent Tool for Supporting Gig CHI'23, April,

d instance, exploring how visual encodings can assist workers in identifying overlooked solutions that have not
beeni taken into account during the process [59]. Another factor to consider is that after identifying an optimal
solution, r  workers must communicate it effectively to encourage others to join their efforts and complete the
collective e action [38, 108]. Creating a narrative
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around the problem being addressed and explaining the effectiveness of the solution can be beneficial. Drawing from
research on data visualizations that convert data into shared visual stories could aid in integrating storytelling to
enhance the completion of collective action [66].

From Slacktivism to Activism: Unraveling the Engagement Spectrum. GigSense’s intelligent
interface promotes solutions with LLM assistance, yet there can be a concern that workers might opt for copying
suggestions instead of contributing thoughtfully [67]. To enhance collective action, we suggest a nuanced strategy:
crafting systems that employ LLMs to cater to diverse engagement levels [2, 29]. Certain gig workers may
lean towards robust collaboration, while others could lean towards limited involvement, or even face
limitations stemming from disabilities or specific constraints [72]. Intelligent interfaces could be tailored to facilitate
deep reflections for committed individuals and enable less engaged ones to send quick supportive messages to
their more dedicated counterparts. Additionally, LLM-integrated interfaces could support specific tasks and
roles, similar to Wikipedia’s SuggestBot [22].

Collaborative Problem Solving with Human-Al Interaction. Our system introduced a collaborative
problem-solving process that integrated human-Al interactions. This approach complements prior research
on LLMs’ assistance in enhancing human’s creativity [51, 64, 109], and highlights the design of interfaces to
empower non-experts to utilize LLM technology for collective problem-solving. Our results reveal that LLMs
supported gig workers (non-experts in the technology) in generating solutions, but our human-Al design
ensured workers did not rely solely on the LLM output. Instead, workers used it to complement human-
generated content, considering LLM suggestions as one of many sources they could incorporate. For this purpose,
we strategically positioned LLM outputs below human-generated content and provided disclaimers about their
reliability. Unlike previous studies [47], our participants welcomed LLM suggestions, incorporating it into their
sensemaking process for creating solutions that improved their collective action plans. Nonetheless, unexpected LLM
outcomes could potentially hinder workers” sensemaking and solution production. Future research could explore
new human-AlI interfaces for addressing problematic LLM outcomes, as well as study interface designs that
prioritize different types of solutions based on workers’ needs, e.g., novel solutions vs feasible solutions. Notice
that the design of the human-AI interactions could influence the nature of generated solutions. Future research
should consider recent studies on designing interactive interfaces to explain large language model responses [52,
56]. This transparency can enhance collaboration between end-users and Al-generated solutions.

Another direction is to investigate online, hybrid, and in-person collaborations, as well as asynchronous
and synchronous interactions for problem-solving through Human-AI Interactions. Inspired by previous
research [89, 120], future studies could investigate how in-person vs. online collaborations, coupled with human-
centered Al, impact solution quality[104]. In the realm of collaborative problem-solving, researchers might
explore physical robots integrating large language models to assist in brainstorming and addressing issues
within the local physical space [11, 12, 87].

Uncertainty in Problem Solving with Al. The intrinsic uncertainty accompanying AI processes,
stemming from their inherently probabilistic nature [43, 86], is a critical factor to consider within the design
process. Designing interfaces capable of conveying this uncertainty to end-users is important for cultivating
better interactions with the interface [112], and in the case of Gigsense, facilitating the production of enhanced
solutions.

In our study, gig workers employed a Language Model (LM) which was not fine-tuned to the specific context
summarizing workers’ issues or proposing solutions. This likely yielded solutions that were less than optimal,
and could lead to unforeseen (uncertain) outcomes. Yet, these very uncertainties could also act as catalysts for
fostering
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innovation, empowering workers to devise novel solutions that transcend conventional boundaries [15, 32].
Uncertainty has the potential to amplify the creativity capacities of workers [53]. Leveraging “imperfect Al models" in
conjunction with interactive interfaces to enhance human creativity is a compelling avenue for future
exploration.

Embracing uncertainty into the interface design has the potential to yield distinctive and unparalleled solutions [81].
However, it is unclear whether this approach enhances the production of feasible solutions by gig workers. Striking an
optimal balance between feasibility and innovation poses a noteworthy challenge [10]. Future research could delve into
the effective harnessing of uncertainty, aiming to foster both innovation and feasibility in the generation of solutions.

6.0.1 Problems and Biases of Interfaces Powered with LLMs. Employing LLMs demands substantial
computational resources, leading to energy-intensive processes [50]. For instance, the training of GPT-3 with
175B parameter consumed considerable compute during pre-training [71], far exceeding the needs of a 1.5B
parameter GPT-2 model [9, 125]. This necessitates a thorough evaluation of cost and efficiency when
integrating LLMs into the human-centered Al interfaces we design [5, 34]. It is crucial to assess the resources
needed for training LLMs and the distribution of such resources across the model’s lifecycle, as well as assessing
the amount of computation that is needed for fine-tuning the LLMs models, if needed [88]. However, it is
important to recognize that despite the significant training costs, large pre-trained models like GPT-3 have
demonstrated being highly efficient post- training [76]. For example, generating 100 pages of content from a
trained GPT-3 model, incurs a cost of around

0.4 kW-hr, translating to just a few cents in energy expenses [14]. Furthermore, techniques like ““model
distillation” can further economize the costs [24, 75]. Notice that model distillation, in the context of LLMs,
involves transferring knowledge and information from a larger, complex LLM to a smaller, more efficient model
[127]. This empowers the smaller model to execute tasks with fewer computational resources and memory while still
capitalizing on the expertise embedded within the larger model. Given the advancements in image
recognition and neural networks, we expect that algorithmic progress will improve LLM efficiency over time
[49, 79].

It is also pivotal to acknowledge that while LLMs excel in generating solutions and summarizing problems,
they are not exempt from limitations. The solutions and summaries that LLMs generate stem from learned
patterns within existing data, potentially perpetuating biases or flawed assumptions present in their training data [33,
62, 103]. Recent research underscores the need for active intervention to address biases in LLMs [19, 114].
Just identification of the biases is not sufficient. Substantial work remains, particularly in effectively
communicating potential biases [44]. We advocate for a holistic approach to bias mitigation rather than a singular
focus on metric-based “elimination," as this approach has inherent limitations [28, 78]. Future endeavors could explore
transparent interfaces communicating biases to stakeholders, aiding in informed decision-making and ultimately
enhancing users’ success in integrating LLMs into their workflows [77, 98].

7 CONCLUSION

In this paper, we presented GigSense, a system that facilitates sensemaking to support gig workers to initiate collective
action. At the heart of GigSense’s intellectual merit is the creation of systems that enable workers to gain a comprehensive
understanding of the challenges they collectively face, assess their severity, and devise effective plans to address them
together. Our between-subject evaluation study revealed that GigSense helped participants generate more feasible
solutions for various problems in less time as compared to our control condition group. Participants in the GigSense
group also reported significantly enhanced usability experience while using the system. We utilized a mixed-method
approach in our study design. Our qualitative feedback revealed that the various features and functionalities of our
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781

782 system were well received by participants. Participants valued how GigSense enhanced the sensemaking of problems they
783 faced, enabled solution generation, drove a collaborative problem-solving approach, and prioritized human-generated
;:4 solutions, while still integrating the Al solution to assist workers.

O
786

787 Limitations. Our study has limitations: We recruited actual gig workers as participants who have diverse
788 skills and come from diverse geographical backgrounds, which introduces potential individual differences
789 that could impact generalizability. To mitigate these differences, we established inclusion criteria, requiring
participants to have a minimum of one year of gig platform experience. This ensured they possessed an
understanding of the challenges in gig work, enabling meaningful engagement and evaluation of our system.
w5  Furthermore, we integrated real-world complaint data about gig platforms and actual conversations of gig
74 workers to contextualize the challenges faced by gig workers more broadly than what our specific participants
75 experienced. It may also not be feasible to address all gig worker challenges, even with the help of systems
7% like GigSense. Future research could categorize these issues into those with and without clear solutions. It
s could explore the potential of using LLMs and interactive interfaces to improve problem-solving, particularly
750 for complex issues. A longitudinal study with prolonged participant interaction could have offered more
g0 behavioral data on social interactions facilitated by our system. However, due to the limited support for gig worker
801 collective action, our system and study remain significant. Upon publication, we will open-source our platform,
802 allowing the scientific community to conduct longitudinal studies on intelligent systems for collective action,
805 potentially benefiting other actors in their collective endeavors. We also acknowledge large language models

804 . . . .
w05 (LLMs) can generate erroneous solutions which can lead to unintended consequences. To address this, our
s  System prioritizes human-generated solutions over Al suggestions. We also incorporated a disclaimer warning

sy users of potential bias and error. The LLM responses serve merely as hints to guide workers, who remain the final
s0s  decision-makers. Democratizing LLM tools for gig workers represents a significant step toward leveling the playing
89 field in the gig economy. By providing gig workers with access to valuable resources, decision-making support,
Zl? and collective action capabilities, these tools empower them to thrive in their independent roles while advocating

for fairer working conditions and greater autonomy. Similarly, GigSense employs LLMs to democratize these

812
s13 new technologies and empower workers.
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W A APPENDIX

108

119 We present the prompts we encoded in our system to generate the: (1) categorization of gig workers’ problems;
1050 (2) summaries of their problems; and (3) solutions generated with OpenAl's GPT-4 APL

1051
1052
1053
16+ Qur data-gathering module focuses on collecting data about different potential problems faced by gig workers. It has
%5 webscrappers to collect data from different gig worker subreddits (r/Freelancers, r/UpWork), as well as the
106 : , ; o !

Ly  reviews that people left on Apple’s and Google’s app store data about major gig platforms (particularly: Amazon
1068 Mechanical Turk, Fiver, UpWork, Taloka, and Freelancer). Note that our data gathering module only collects
9 reviews that have between one and three-star ratings. The module considers that the review data would
160 represent complaints and problems that gig workers were experiencing. Next, our module connects with
161 OpenAl’s API in the backend of our system to first categorize the data into different categories of gig work

{2 challenges. To obtain such categorization, We prompted:

A.1 Prompts for categorizing Gig Workers’ Problems

1063
1064

s A2 Prompt for Summarization

106 . . . . . .

- Please categorize the following data into specific problem categories. The goal is to sort the large chuck of data

s into distinct categories for better comprehension. You should have a problem category with a name, and a list of
e statements related to the problem. If you find a category or theme that is not a problem, do not include it”
1070

- A3 Prompt for generating solutions

1072
1073 The categorized data was then again fed into the backend of our system where we had encoded the following prompt:
174 “Given the following dataset of complaints related to X (where X represents an identified problem), please provide a
13{: concise summary of the problem to facilitate a comprehensive understanding.”

1077

1078 A4 LLM Response

Kﬁ Summary of Problem-related to Platform Policy The common theme among the listed "Platform Policy”

1 problems faced by gig workers is dissatisfaction with the platform’s fees and policies. Gig workers are unhappy with
1 the high fees, especially for newbies who cannot afford them, and the arbitrary increases in fees for more
183 experienced freelancers. There are complaints about the cost of connects, commission charges, and
8¢ withdrawal policies. Additionally, some gig workers are unhappy with the platform’s lack of transparency
105 regarding proposal views and analytics. Overall, these problems suggest that the platform prioritizes profits

:is over the well-being of freelancers.

1088
1% Solution suggested by LLM
1090
1091
(1) Negotiate platform fees: Gig workers can come together and negotiate with the platform for lower fees or
a fairer fee structure. They can explain their challenges and how high fees affect their ability to earn

a living. With a collective voice, they may be able to persuade the platform to revise its policies.
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(2) Seek alternative platforms: Gig workers can explore other platforms that charge lower fees or offer
more benefits. They can research and compare platforms to find the one that best suits their needs.
Switching platforms may help gig workers find better-paying jobs and reduce the impact of high fees.

(3) Advocate for fair policies: Gig workers can form advocacy groups or join existing ones to lobby for
fairer policies for all gig workers. They can work with policymakers to push for regulations that protect
gig workers’ rights and ensure a level playing field.

(4) Share knowledge and resources: Gig workers can collaborate and share knowledge and resources to improve
their chances of finding better-paying jobs. They can form communities and support groups where they share
tips, advice, and best practices for finding and landing jobs. By sharing their experiences, gig workers can help
each other overcome common challenges.

(5) Encourage transparency - Gig platforms should encourage clients to be transparent in their job
postings, payment processes, and communication with gig workers. Clients should disclose all the
necessary details related to the job upfront, and payment processes should be clear and easy to
understand. This will help gig workers to identify any red flags and avoid working with fraudulent
clients.

Summary of Problem related Usability

This category of problems is related to the usability of gig work platforms. Gig workers are facing issues with the
web version and mobile apps. Some workers are complaining about missing features or outdated versions of the app,
leading to delays and incorrect data. Others report problems logging in, receiving error messages, and being unable to
download or install the app. Several users have encountered issues with the messaging system, including delays
in loading messages, formatting issues, and glitches that make it difficult to send and receive messages. Many workers
have also reported difficulty applying for jobs, with some issues including the page refreshing after attaching files, lost
text inputs, and difficulty retracting proposals. Additionally, there are reports of notifications being delayed or
not working, as well as issues with the app crashing or freezing.

Solution suggested by LLM

(1) Collaborate with other gig workers: Gig workers can form groups or communities where they share
information and experiences about different gig platforms. By doing this, they can help each other find the
best- paying gigs and avoid low-paying ones. This collaboration can also help them negotiate better rates and
resolve conflicts with clients.

(2) Leave feedback and reviews: Gig workers can leave honest feedback and reviews about the gig platforms they
have used. This can help other gig workers make informed decisions when choosing which platform to work
with. It can also encourage platforms to improve their services and address any issues that are negatively
affecting workers.

(3) Advocate for better working conditions: Gig workers can come together and advocate for better working
conditions, such as fair pay, better benefits, and protections. This can be done through social media campaigns,
contacting policymakers, or even starting a union. By advocating for their rights, gig workers can help create
positive change in the gig economy.

(4) Stay informed about platform policies: Gig workers should regularly check the policies and terms of service of

the platforms they use. This can help them understand their rights and responsibilities, as well as any changes

22



1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
172
173
1174
1175
1176
177
1178
179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195

1196

GigSense: An Intelligent Tool for Supporting Gig CHI'23, April,

that may affect their work. By staying informed, gig workers can avoid any negative surprises and
make informed decisions.

(5) Diversify income sources: Gig workers can reduce their reliance on a single gig platform by diversifying their
income sources. This can be done by working with multiple platforms, finding offiine work opportunities, or
even starting their own business. By diversifying their income, gig workers can mitigate the risk of relying on a
single platform and increase their overall earnings.

Summary of Problem-related Payment

This category includes payment-related problems faced by gig workers on a gig work platform. These issues include
fraudulent clients who don’t pay, difficulties withdrawing funds, high fees, delayed payment, and issues with
pay- ment methods, such as exchange rates, tax information, and payment restrictions. Additionally, some
freelancers are concerned about a change in policy that requires payment for connects or receiving a 1099-K
form from the platform. Furthermore, some freelancers have trouble getting paid in their currency or complying with
billing require- ments. The lack of effective customer support and communication channels from the platform also adds to
the difficulties.

Solution suggested by LLM

(1) Communication is key: Gig workers should communicate with their clients before starting any
project and clarify all the payment terms and conditions beforehand. They should ask for any external
expenses and ensure that there are no surprises later on.

(2) Use secure payment methods: Gig workers should use secure payment methods that are trusted and reliable.
They should also be aware of the exchange rates and any fees associated with withdrawing money to avoid any
issues later on.

(3) Research the platform: Gig workers should research the gig work platform they intend to use and understand
their fees and policies. They should also read reviews from other gig workers to ensure that they are
using a reliable and trustworthy platform.

(4) Keep track of earnings and tax information: Gig workers should keep track of their earnings and ensure
that their tax information is up-to-date and accurate. They should also ensure that their bank account
information matches the name on their gig work platform profile to avoid any issues with
withdrawals.

(5) Report fraudulent behavior: Gig workers should report any fraudulent behavior to the gig work
platform’s support team immediately. They should also keep all communication and evidence related to
the project and payment to help the support team investigate and resolve the issue quickly.

Summary of Problem-related Poor Customer Support

This category is about the poor customer support experienced by gig workers on the gig work platform. The problems
include fraud clients who don’t pay for work and unhelpful dispute teams, difficulties with withdrawing funds, errors
in the account creation process, incorrect account bans, lack of access to live chat support, and unresponsive customer
service. There are also problems with account reinstatement, delayed project approvals, and difficulty in logging in due
to system errors. In addition, the high fees and long payment processing times, as well as the requirement to pay
for Connects, are frustrating for freelancers. The customer support team is also unhelpful in addressing the
concerns of freelancers whose gigs are denied, removed, or flagged as inappropriate.
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1197

1198 Solution suggested by LLM

1199

1200

1201 (1) Protect yourself from fraud clients by always having a contract in place, with clearly defined milestones
1202 and deadlines. Use escrow payments or invoicing services to ensure that you receive payment for your
1203 work. In case of any dispute, provide clear evidence of the work done and communicate with the client
1204

politely, but firmly. If the dispute team is of no use, consider filing a complaint with the gig work

1205 platform or legal authorities.

1206

1207 (2) If you face technical issues while working on the gig platform, such as login problems or error messages, reach
1208 out to customer support immediately. If you do not receive a response within a reasonable time, try different
1209 channels of communication, such as email, phone, or social media. Provide detailed information about
1210 the issue, including screenshots and error messages, and follow up regularly until the issue is resolved.

E; (3) If the live chat feature is not available or you are unable to get a response from customer support, try to connect

1213 with other gig workers on online forums or social media groups. They may have faced similar issues and can
1214 provide valuable advice and support.

1215 (4) If you are facing issues with reinstating your account or creating a new one, try to contact customer
1216 support through different channels and provide all the necessary information, such as your email address and
1217 phone number. If the support team is not helpful, consider switching to a different gig platform that

1218 . ..
19 has more user-friendly policies and procedures.

1220 (5) If you are unhappy with the fees charged by the gig platform or the quality of customer support,
1221 consider exploring other gig platforms that offer better rates or customer service. Read reviews and compare
1222 the features and policies of different platforms before making a decision. You can also join a
Ei professional association or community of gig workers to stay updated on industry trends and best
1295 practices.

1226 Summary of Problem-related Scam

iié Gig workers on gig work platforms face several scam-related problems, including fraud clients who don’t pay, poor

- dispute resolution, and difficulty withdrawing funds. Other problems include receiving job offers outside the platform,
10 downloading harmful files, fake job posts, unfair contract termination, and clients demanding high commissions after
1231 offering high wages. Furthermore, some clients use poor rating tactics to exploit workers, while others demand work at
1232 lower rates than the platform rate. Some clients also refuse to pay the required service fees and keep workers’ earnings,

1233 while platforms charge excessive fees for services and tips.
1234

1235
1236
1237
1238
1239

Solution suggested by LLM

(1) Create a scam alert system - The gig platform can have an Al-based scam alert system that can track

1210 the behavior and patterns of the clients on the platform. The system can identify any suspicious
1241 behavior by analyzing the clients” work history, payment patterns, and other activities on the
1242 platform. If a client is identified as a potential scammer, the system can alert the gig workers before they
1243 start working with the client, saving them from any fraudulent activities.

]]i; (2) Improved dispute resolution - Gig platforms should have a more efficient and responsive dispute resolution

126 mechanism. A 24/7 support system with dedicated dispute resolution teams should be available to
1247 the gig workers. This will help them to resolve any payment or work-related issues quickly, ensuring that they
are not
scammed out of their hard work.
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(3) Introduce a verification system - Platforms can verify the client’s identity and payment information to ensure
that they are genuine. This can be done by verifying their phone numbers, email addresses, and other personal
information. The platform can also ask for a deposit from the client, which can be refunded after the
gig is completed. This will help to prevent any fraudulent activities and give the gig workers a sense
of security.

(4) Educate gig workers about potential scams - Gig platforms should provide educational materials to
gig workers on how to identify and avoid potential scams. These materials can include videos,
articles, and webinars that cover various types of scams and how to avoid them. This will empower gig
workers with knowledge and make them more aware of potential scams.

(5) Encourage transparency - Gig platforms should encourage clients to be transparent in their job
postings, payment processes, and communication with gig workers. Clients should disclose all the
necessary details related to the job upfront, and payment processes should be clear and easy to
understand. This will help gig workers to identify any red flags and avoid working with fraudulent
clients.

A.5 System Usability Scale Template

Here are the questionaries for the System Usability Scale. It is measured on a scale of (1-5) where 1=Strongly Disagree,
2=Disagree, 3=Neutral, 4=Agree, 5=Strongly Agree.

(1) I'think that I would like to use this system frequently.

(2) Ifound the system unnecessarily complex.

(3) Ithought the system was easy to use.

(4) I think that I would need the support of a technical person to be able to use this system.

(5) Ifound the various functions in this system were well-integrated.

(6) Ithought there was too much inconsistency in this system.

(7) Iwould imagine that most people would learn to use this system very quickly.

(8) Ifound the system very cumbersome to use.

(9) Ifelt very confident using the system.

(10) Ineeded to learn a lot of things before I could get going with this system.

After calculating the composite scores of SUS (System Usability Scale) scores, they are compared to the following
adjectival rating table [4].

SUS Score Grade Adjectival Rating
>80.3 A Excellent

68-80.3 B Good

68 C Okay

51-68 D Awful

<51 D Poor

Table 2. Adjectival Rating for SUS scores.
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