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Abstract 
Collective intelligence among gig workers yields considerable ad- 

vantages, including improved information exchange, deeper social 

bonds, and stronger advocacy for better labor conditions. 

Especially as it enables workers to collaboratively pinpoint shared 

challenges and devise optimal strategies for addressing these 

issues. However, enabling collective intelligence remains 

challenging, as existing tools often overestimate gig workers’ 

available time and uniformity in analytical reasoning. To overcome 

this, we introduce GigSense, a tool that leverages large language 

models alongside theories of collective intelligence and 

sensemaking. GigSense enables gig workers to rapidly understand 

and address shared challenges effectively, irrespective of their 

diverse backgrounds. GigSense not only empowers gig workers but 

also opens new possibilities for supporting workers more broadly, 

demonstrating the potential of large language model interfaces to 

enhance collective intelligence efforts in the evolving workplace. 
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Human- centered computing; Human computer interaction (HCI); 
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1. Introduction 
Harnessing collective intelligence among gig workers can 

significantly enhance their ability to improve labor conditions [5, 

13, 27, 28]. This approach allows workers to jointly address 

challenges, develop solutions, and implement action plans [3, 9] 

However, despite occasional successes, collective intelligence 

among gig workers is uncommon, leaving many issues unresolved 

[3, 10]. This scarcity largely stems from the lack of technologies 

designed for facilitating collective problem-solving among gig 

workers [12, 14, 17, 34, 4 5]. Platforms like Dynamo and 

Coworker.org, which allow for sharing, prioritizing, and solving 

issues through upvote-based lists, fail to provide a comprehensive 

view of problems and solutions [7, 29]. Such list-based interfaces 

limit the exploration of issues from multiple angles and 

understanding the full scope of potential solutions [4, 15, 18, 20, 

26, 41], often leading workers to prioritize less critical concerns 

[42]. This impedes meaningful progress in addressing the 

fundamental challenges of gig work, especially during the initial 

phases of collective intelligence focused on recognizing shared 

problems and formulating solutions [33]. Another hurdle is that the 

diverse and significant time commitment workers may limit their 

ability to contribute to collective intelligence, underscoring the 

importance of developing inclusive tools that can accommodate 

workers’ varying schedules, reducing the barriers to collective 

intelligence and enabling easier participation in collaboratively 

tackling challenges [24, 25, 99]. To address these challenges, we 

introduce GigSense, a novel platform for fostering collective 

intelligence among gig workers by enabling collaborative problem-

solving. By integrating Sense-Making Theory and leveraging the 

capabilities of large-language models (LLMs), GigSense features 

an LLM-enhanced interface that allows work- ers to deeply analyze 

their challenges and solutions from multiple perspectives [26]. 

Unlike existing platforms that offer a simple list- based view of 

issues [29], GigSense enables a detailed exploration of problems, 

offering both a close-up and a broad overview to understand 

workplace dynamics better. Additionally, GigSense uses LLMs to 

facilitate collective brainstorming, helping workers develop 

solutions together. Fig 1 presents an overview of GigSense. As a 

significant advancement in fostering collective intelligence among 

gig workers, GigSense addresses the unique challenges of this 

workforce, which typically operates in isolation without a common 

platform for problem identification and solution generation [4, 43]. 

GigSense bridges this gap by offering a communal space for gig 

workers to collectively understand and address their issue. 

Leveraging shared digital resources to build community [1, 32], 

GigSense emerges as a vital tool for a fragmented workforce, 

potentially catalyzing the formation of supportive gig worker 

communities [6, 38, 40]. Beyond organization, it could reveal 

systemic issues, encouraging workers to see problems like client 

disputes and payment delays as collective challenges. This 
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recognition can promote solidarity, crucial for collective 

intelligence, and empower workers to develop effective negotiation 

strategies, potentially improving their working conditions. In this 

paper, we highlight a system that integrates LLMs with an 

interactive interface to support gig workers in sensemaking for 

problem-solving and kickstart collective intelligence. 

2. Related Work 
Gig Work and Platform. “Gig" or platform-based work is a 

significant trend in the labor market, driven by the demand for 

flexibility from both employers and workers [105], and facilitated 

by digital technology [21, 46, 62]. While offering economic 

benefits to disadvantaged groups, gig work also presents challenges 

like unstable schedules, income variability, and uncertain long-

term job security [21, 75]. Workers have engaged in collective 

actions (e.g., negotiations, strikes, unionization) to improve 

conditions, yet face obstacles due to platform constraints, 

geographic dispersion, and a lack of community and common 

interest, making organizing difficult [34, 46, 97, 106, 110]. Despite 

these challenges, some success has been noted in collective efforts 

[25], but tools to support organizing are limited [46]. This paper 

proposes a tool to aid gig workers in understanding their challenges 

and initiating collective intelligence.  

Sensemaking and Collective Intelligence. 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 to reach a conclusion. Pirolli and Card [77] 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”). Smith [93] defines collective intelligence as a 

group of individuals working together on tasks, where the 

collective group itself demonstrates coherence, intelligence, and 

constant improvement, enabling more effective mobilization of 

skills than any single individual working independently. Significant 

research explores collaborative sensemaking tools for domains like 

literature review [114], web search [74], organizing academic 

literature [82], solving mysteries [57], and tackling disinformation 

[30]. We introduce GigSense to aid gig workers’ collaborative 

sensemaking, automating parts of the process pipeline. We also 

leverage Large Language Models to enhance collective 

intelligence. 

Interfaces for Visualizing Collective Problems and Solutions.  

Other research that has inspired our work includes interfaces and 

systems designed to assist individuals in visualizing both problems 

and solutions. For example, MacNeil et al. [60], presented a design 

gallery for visualizing problems and the stakeholders involved in 

those problems. Similarly, Huang et al. [40] introduced a novel 

system to aid designers in comprehending various issues within 

space and exploring diverse solutions. Their research focused on 

mitigating design fixation by encouraging a broader consideration 

of context and essential relationships during the design process. 

Siangliulue et al.’s system [92] innovatively merged crowdsourcing 

with machine learning to create a semantic solution space model, 

which helped to foster user creativity and diversity of ideas. Our 

research is inspired by the principles of these systems, 

concentrating on assisting gig workers, who may lack expertise in 

design and problem-solving, in exploring and comprehending 

various aspects of problems and having support to provide 

solutions. 

3. GigSense 

GigSense is an AI platform to aid gig workers in sensemaking and 

collective intelligence for problem identification and solution 

proposal [34]. It incorporates sensemaking and collective 

intelligence theories in its design modules to automate the 

sensemaking process with workers steering it. GigSense has the 

following modules: 

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 [77]). 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 scraper 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 workers’ complaint datasets (actual gig workers’ 

subreddits and complaints) in our system design aims to bring 

inclusiveness about gig worker concerns and complaints. Finally, 

the data is stored and sent to the backend, where prompt 

engineering techniques are applied for use in subsequent modules 

of our system. 

Problem Summary Module: This module acting as “Step: 

Schematize” loop of sensemaking, summarizes the gathered data to 

aid exploration. GigSense uses LLMs to categorize and summarize 

the large complaint datasets into problem categories [23]. It has 

buttons to navigate to the Data Visualization module for more 

detailed or high-level views. 

Data Viz Module: This uses semantic zooming to visualize 

problems at varying abstraction levels [2, 36, 37]. The zoomed-out 

view shows an interactive chart categorizing problems (e.g. 

Payment, Policy, Scams) using LLMs. Workers can hover over 

sections to see complaint volumes, raising awareness of shared 

challenges. The zoom-in view shows full text of complaint posts 

for deep analysis and upvoting, fostering collective identity [16, 

31]. This is “Step: Schematize” in the sensemaking loop. 
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Figure 1: Overview of GigSense’s problem-solving interface with the: A) “Data 

Gathering Module”; B) “Collaborative Solution Module” where workers can 

collaborate to create solutions to specific problems; C) “Problem Summary Module” 

where workers obtain summaries of specific problems to help their sensemaking; and 

D) “AI-Enhanced Solution Module” where workers obtain solution suggestions from 

LLMs 

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 existing problems and create action plans 

(solutions) to address them. GigSense also includes a functionality 

that allows users to make annotations in the shared document. This 

way, workers can collectively review and approve their proposed 

solutions. Finally, the “Collaborative Solution Space”, just like the 

sensemaking process, features a space where workers can showcase 

the final solution they mutually agreed upon [23, 107] (“Step: Tell 

Story”in the sense-making loop). Further the system utilizes 

prompt engineering in the backend to summarize the approved 

solutions only via LLM. Note that this module supports 

collaborative work that initiates early stages of collective 

intelligence.[90]. 

AI-Enhanced Solution Module: It is important to acknowledge 

that for some workers it may be hard to propose solutions [7, 94]. 

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, AI-

generated solutions are presented with lower priority in GigSense’s 

interface. The system also provides nudge via disclaimers warning 

users of potential AI errors, promoting responsible AI use while 

still leveraging assistance. This module is designed to enhance the 

“Step: Build Case” and “Step: Tell Story"s tage of the sensemaking 

loop.

 

Figure 2: DataViz Module (Gigsense’s zoom-out and zoom-in view) 

 

4. Evaluation  
The evaluation of GigSense aims to address key research questions: 

1) Speed: Can GigSense facilitate rapid sensemaking, allowing gig 

workers to seamlessly contribute to the collective intelligence?  

2) Contribution: Can GigSense amplify workers’ contributions in 

sensemaking by enhancing problem identification and solution 

generation?  

3) Usability: Does GigSense’s AI-enhanced interactive interface 

bring better user experiences? 

 

Participant Recruitment. To recruit participants, we generated a 

job listing on Upwork [103], 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). Our selection criteria ensured 

we have participants who understood the challenges in gig work 

and can communicate well in our study. 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 

[26]. In the end, 12 participants were assigned to the control 

condition, (P1-P12), and 12 were assigned to the GigSense 

condition (P13-P24). Participants in our user study were 

compensated $10/hr for their participation. 

 

Procedure. 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 collective intelligence: pinpointing collective issues and 

suggesting solutions. Participants in the Gigsense condition used 

our Gigsense platform to complete the tasks (see Fig 2 and 3, while 

participants in the control condition used an interface resembling 

gig platform community forums and features resembling “We Are 
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Dynamo” interface [83, 103]. We built “We Are Dynamo” to 

simulate the general functionality of the original system which is 

no longer available for use. In the control interface, users can 

engage in the features they would in the original version of ’We 

Are Dynamo’ (such as posting ideas for action and upvoting others’ 

ideas), see Fig. 3. Next, we compared the quality of solutions that 

were generated using GigSense and the control interface. We also 

studied the usability of GigSense in comparison to the control 

interface. It is also essential to recognize that human-AI interfaces 

do not automatically surpass traditional list-based ones in 

effectiveness. Therefore, it is not clear that the control interface will 

lead to inferior outcomes. The perceived superiority of AI-

enhanced interfaces, often attributed to their informative nature, 

does not always translate to practical advantage. In fact, interfaces 

with less information can be preferable, as they help avoid 

cognitive overload and reduce complexity [3, 48, 98]. Their 

simplicity, coupled with lower training requirements and ease of 

use, can make list-based interfaces particularly beneficial in 

dynamic, time-sensitive work environments [42, 102]. Therefore, 

in certain scenarios, opting for a streamlined and less informative 

interface can be a more practical and efficient choice [18, 61]. 

Acknowledging the uncertainty surrounding the most effective 

design for this scenario, we initiated our user study. 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 the idea gets enough 

upvotes, it turns into a 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 [52], which might hinder 

synchronous collaboration. Our aim was thus to ensure effective 

asynchronous utilization of our tool for seamless completion of 

collective intelligence 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 intelligence 

[7, 19, 90, 113]. (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 on 

workers. (4) Propose solutions to the three problems you identified 

that were crucial to be addressed. (5) Propose a solution to a 

problem raised by another gig worker. (6) Propose three solutions 

to problems raised by other gig workers. 

 

Figure 3: Overview of the control interface. 

 

Measures and Data Analysis  

Alongside the sociodemographic data, we collected a range of 

quantitative metrics to address our three research questions related 

to speed, contribution, and usability.  

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.  

Metric: Contribution. To determine if GigSense improves 

workers’ contributions to sensemaking and collective intelligence, 

we evaluated its impact on helping workers identify problems and 

develop various and feasible solutions. For feasibility evaluation, 

we gathered all problems and solutions from each condition and 

hired three English-speaking, college-educated raters (gig workers) 

through Upwork. They independently evaluated the feasibility of 

each solution proposed by our study participants, assessing how 

well each addressed its corresponding problem using a 7-point 

Likert scale. Feasibility was assessed based on the viability of the 

proposed solution in effectively addressing the problems related to 

gig work. Inter-rater reliability for each group was measured using 

a two-way mixed Intraclass Correlation Coefficient (ICC), 

revealing excellent agreement among raters: 0.93 for GigSense and 

0.94 for the control group 

Metric: Usability. To assess participants’ views on GigSense’s 

usability and compare it with the control, we employed the System 

Usability Score (SUS) [11], 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 [ 54 , 76 ]. 

SUS scores above 80.3 indicate excellent usability (Grade A), 

while 68-80.3 represent good usability (Grade B). A score of 68 is 

average (Grade C), suggesting a functional system with room for 

improvement. Scores between 51-68 indicate poor usability (Grade 

D) with significant issues, and below 51 is considered awful (Grade 

F), signaling major usability problems that severely impact user 

satisfaction and system effectiveness. Following participants’ 

interaction with their assigned system (control or GigSense), they 

received the SUS questionnaires. We then computed the SUS 
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scores reported by participants for their respective systems. 

Following this, each participant provided a usability score for the 

system they used in their assigned condition. 

5. Results 
5.1 Time. Time can pose a challenge for gig workers aiming to 

engage in collective intelligence, as not all workers enjoy the luxury 

of allocating extensive time to this pursuit [71]. To address this 

concern, we assessed the duration participants required to 

accomplish the different problem-solving tasks defined in our 

study. Figure 4.a) provides a comprehensive depiction of the 

median time taken by participants to complete the entire set of tasks 

in both conditions. (Figure 4.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 when we plotted a histogram, 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 control condition. 

Overall, the data provides evidence that GigSense offers a 

promising approach (RQ1) to improve task completion times in 

problem-solving tasks related to collective intelligence.  

 

5.2 Contribution. (Evaluating Gig Workers’ Solutions). To 

evaluate GigSense’s effectiveness in enhancing workers’ 

contributions to sensemaking and collective intelligence, for both 

groups, we assessed the number of identified problems, the number 

of proposed solutions, and their feasibility. First, we observed that 

the GigSense group identified more problems compared to the 

control group. Specifically, the GigSense group had a median of 10 

problems identified (mean 9.58) versus 6 (mean 6.33) for the 

control. Sinch our data didn’t meet the assumption of normality 

when we plotted a histogram. We opted for a Mann-Whitney U test, 

which revealed this was a statistically significant difference (p = 

.01047). Similarly, in assessing the solutions proposed, the 

GigSense group suggested a higher number of solutions. 

 

 
Figure 4:  Overview of: a) Median amount of time gig workers in each 

condition took to complete the different tasks; b)Box plot showing the 

evaluation of solutions proposed by gig workers in both groups based on 

their feasibility (on a 7-point Likert scale); c) Box plot showing task 

completion time in both groups; d) Box plot showing System Usability 

Scores in both groups 

 

In particular, they had proposed a median of 10 solutions (mean 

9.41) compared to 6 (mean 6.33) for control - a statistically 

significant difference (p = .01379). 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 

(Median=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 (5.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 difference 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. GigSense also enhances sensemaking capabilities, 

given the GigSense group identified more problems, and proposed 

more feasible and plentiful solutions, compared to the control 

group. 

5.3 System Usability Scale. Utilizing the System Usability Scale 

(SUS) [4, 11, 76], we studied the reported usability levels of 

GigSense among gig workers and drew a comparison with those 

reported for the control condition. Figure 5.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) 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 
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focus was to determine the significance of this disparity. As the 

SUS scores did not meet the assumption of normality while plotting 

a histogram. 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 usability of two 

groups in our study (RQ3), with a p-value of 0.001. 

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. These outcomes provide valuable 

insights into the role of LLMs in supporting sensemaking processes 

within collective intelligence. Here, we discuss ongoing challenges 

and prospects for sensemaking tools for problem-solving with gig 

workers.  

 

Powering Collective Intelligence. In pursuit of enhanced problem-

solving, GigSense strategically incorporated the advanced 

capabilities of Large Language Models (LLMs) to streamline and 

optimize the sensemaking process. For instance, participants 

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. This correlates with earlier studies that have 

indicated LLMs’ ability to generate notably superior ideas 

compared to humans [32]. GigSense, aided by LLMs, allowed 

workers to explore and generate solutions for less familiar 

problems, broadening the scope of solutions generated, analogous 

to the process of searching for relevant information in diverse data 

sources in the sensemaking phase (“Step: Search and Filter”). 

Moreover, participants appreciated how GigSense effortlessly 

enabled solution generation. This ease of generating solutions 

emphasizes the efficiency and user-friendly nature of GigSense’s 

interface, which was further enhanced by the integration of LLMs. 

Additionally, LLMs contributed to the rapid extraction and 

presentation of solutions, aligning with the sensemaking step of 

extracting valuable information, analogous to the (“Step: Read and 

Extract”) in the sensemaking process. In fact, participants 

expressed that they found it easier to derive solutions swiftly from 

the information provided within the GigSense platform, facilitated 

by LLM-driven capabilities. Moreover, Gigsense use of LLMs 

facilitated the summarization of problems, (“Step: Schematize”) in 

the sense-making process, resulting in enhanced comprehension 

and consequently enabling the proposal of better solutions. For 

instance, participants using GigSense expressed their satisfaction 

with how the platform’s interface facilitated their comprehension 

of gig workers’ challenges about the topics presented on the 

platform. They appreciated the “Problem Summary Module”, 

which spared them from the tedious process of opening and reading 

through the long list of individual worker complaints about specific 

problems. This improvement significantly aided workers in 

streamlining this task and in making information gathering and 

summarization much more efficient. In fact, participants expressed 

that they found it easier to derive solutions swiftly from the 

information provided within the GigSense platform, facilitated by 

LLM-driven capabilities. These user experiences resonate with 

prior studies demonstrating how LLMs can enhance users’ 

information analysis capabilities [95, 96] In its current iteration, 

GigSense did not integrate Large Language Models (LLMs) 

directly within the specific steps of (“Step: Build Case”) and 

(“Step: Tell Story”) in the sensemaking process. Instead, it supports 

these steps via its Collaborative Solution Module, allowing users to 

interact and discuss, and upvote the different solutions generated 

by them and the AI-suggested solutions. Future work could explore 

the incorporation of LLMs into these pivotal sensemaking steps to 

further optimize the process. For instance, integrating LLMs within 

the (“Step: Build Case”) could involve utilizing their language 

generation capabilities to assist in constructing a comprehensive 

case or argument based on gathered data. In the (“Step: Tell 

Story”), LLMs might aid in synthesizing and articulating narratives 

or insights drawn from the information collected, enhancing the 

storytelling aspect of sensemaking.  

 

Catalyzing Inclusive Problem-Solving. GigSense is designed to 

facilitate gig workers’ participation in problem- solving. In 

designing GigSense, we prioritized the unique time constraints 

faced by gig workers, acknowledging their often-limited 

availability due to potential financial hardships [34, 39, 109]. Our 

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 the zoomed-in and 

zoomed-out dynamics of their problems. This likely led workers to 

have a better 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 [99, 100]. To address this, 

incorporating informative messages within GigSense could 

enlighten users about the benefits of investing slightly more time in 

analyzing and comprehending problems. However, it is also 

important to highlight that GigSense’s design does aim to counter 

the risk of overlooking nuances in problem-solving by featuring 

both zoomed-in and zoomed-out interfaces, ensuring a 

comprehensive analysis. The zoomed-out view provides a 

comprehensive perspective, crucial for understanding how singular 

issues are interwoven into broader systemic patterns. This helps 

workers in recognizing overarching trends and contexts. On the 

other hand, the zoomed-in interface facilitates a detailed 

examination of specific problem aspects, allowing for a thorough 

analysis of individual components. This dual-mode approach 

effectively balances a macro and micro perspective, ensuring that 

complex issues are not oversimplified. Consequently, by enabling 

workers to effortlessly toggle between these views, GigSense 

enhances their ability to engage in more effective sensemaking and 

problem-solving. Our user study underscored this, showing that 

workers using Gig Sense identified significantly more and varied 

problems, and proposed more diverse and useful solutions, 

compared to the control group. GigSense’s design also raises a 

thought-provoking discussion about its potential role in promoting 

“techno solutionism," the idea that technology can swiftly resolve 

complex design issues without deeply engaging with their 

intricacies [ 66]. This perception can stem from GigSense’s design 

goals to expedite solution-finding, particularly under the 

constraints of workers who often lack the luxury of time for 

problem-solving due to their need to focus on livelihood-sustaining 

activities [34 , 39, 109]. To start to address this conflict, our 

GigSense design was inspired by collective intelligence research 

[68], highlighting the critical role of interfaces that support focused 

collaborative problem-solving. Consequently, GigSense’s interface 

was crafted to enable workers to concentrate on specific issues, 
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offering the tools to examine these problems from various deep 

perspectives. This strategy can hopefully enable workers to delve 

into their problems with greater depth and less superficiality. Based 

on these ideas, GigSense focuses on orienting workers towards 

solution-driven actions, actively engaging workers in the process 

of change, and reinforcing their sense of agency - a core tenet for 

promoting collective intelligence [68]. Contrastingly, interfaces 

with a problem-focused approach might induce in workers feelings 

of helplessness or passivity [1, 88], thus diminishing workers’ 

agency [78, 89]. This is why we chose not to limit ourselves to a 

sole problem-focused interface. Nevertheless, GigSense does not 

disregard the importance of understanding problems in depth. Its 

interface, designed for both zooming in for detailed problem 

analysis and zooming out for a broader perspective, supports a more 

nuanced engagement with problems. This functionality proved 

effective in our studies, where workers using GigSense identified a 

wider array and greater number of problems compared to those 

using the control interface. To summarize, GigSense not only 

simplifies the journey towards finding solutions, but it also 

promotes a comprehension of the issues at hand.  

Collaborative Problem Solving with Human-AI Interaction. 

Our system introduced a collaborative problem- solving process 

that integrated human-AI interactions, with a primary objective of 

enhancing human creativity by leveraging LLMs to empower 

workers to devise creative solutions to their challenges. This 

approach complements prior research on LLMs’ assistance in 

enhancing human creativity [13, 38, 49, 91], emphasizing their 

supportive role rather than substituting human involvement[13]. 

GigSense demonstrates the value of designing interfaces that 

harness the power of LLMs to augment and streamline the 

sensemaking process to empower non-experts to utilize LLM 

technology for collective problem-solving. Our results reveal that 

LLMs supported gig workers (non-experts in technology) in 

generating solutions, but our human-AI 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 [36], our participants. welcomed LLM 

suggestions, incorporating it into their sensemaking process for 

creating solutions that improved their collective intelligence. 

Nonetheless, unexpected LLM outcomes could potentially hinder 

workers’ sensemaking and solution production. Future research 

could explore new human-AI 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 

[41, 44]. This transparency can enhance collaboration between end-

users and AI-generated solutions. 

7. Limitations  
Our study has several limitations, including a diverse but small 

sample size of gig workers with varying skills and geographic 

backgrounds, potentially affecting generalizability. We addressed 

this by requiring participants to have at least a year of gig work 

experience, ensuring they could meaningfully evaluate GigSense. 

Despite its smaller scale, our mixed-methods approach allowed for 

a rich, qualitative understanding of gig workers’ interactions and 

experiences with the system. Future research could aim to validate 

our findings across broader samples and investigate the standalone 

impact of LLMs and interactive interfaces on solution generation 

for workers. We also integrated real-world gig worker data to 

broaden the context of challenges faced, acknowledging that not all 

problems can be solved even with tools like GigSense. Future 

studies could differentiate between solvable and complex 

challenges and assess the potential of LLMs and interactive 

interfaces for complex problem-solving. Although our study offers 

in-depth insights, a longitudinal study could provide additional data 

on social network analysis facilitated by GigSense. Upon 

publication, we will open-source GigSense, inviting further 

research on AI for collective intelligence. We recognize that LLMs 

can produce erroneous solutions, and we have aimed to implement 

safeguards by prioritizing human input and warn of potential errors. 

However, the introduction of LLMs might suggest a broader 

solution capability than feasible, indicating the need for future 

studies to refine user guidance on LLM limitations. 

8.  Conclusion  
This paper presents GigSense, an AI-enhanced tool designed to 

help gig workers collectively understand and tackle their 

challenges. GigSense enables rapid sensemaking, reducing the 

barriers to collective intelligence, and fostering effective problem-

solving and solution generation among workers. Our study revealed 

that users of GigSense identified more problems, and proposed 

solutions that were quicker, more plentiful, and more feasible than 

those in the control group. Users also reported enhanced usability 

experiences, valuing GigSense’s support in problem understanding, 

collaborative solution crafting, and its integration of AI with a focus 

on human-driven solutions. The favorable feedback and 

functionality of GigSense highlight its capacity to transform gig 

workers’ approach to challenges, turning individual struggles into 

collective successes. 
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