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Preface

This booklet contains non-archival extended abstracts of papers presented at the ACM
Collective Intelligence Conference 2024, which was held on June 27-28, 2024 in Boston, MA.

The CI conference aims to be inclusive by offering the community a variety of publication
formats to accommodate diverse publication norms in different fields. In addition to publishing
archival proceedings for full papers in the ACM Digital Library for the second time, we publish
this non-archival booklet of extended abstracts.

The ACM Collective Intelligence Conference has a transdisciplinary focus devoted to advancing
the theoretical and empirical understanding of collective performance in diverse systems,
whether biological, technological, or a combination. We are interested in research on a broad
range of systems that vary in scale and scope and focus on implications for a diverse range of
social, ecological, and economic outcomes.

The success of Cl 2024 depends on the contributions of many individuals and organizations.
We thank all authors who submitted their work to the conference. We would also like to thank
the members of the program committee for their valuable time in reviewing the manuscripts and
providing useful feedback to the authors. We also thank the committed volunteers and members
of our organizing committee and steering committee.

Finally, no conference will succeed without the strong support of its participants. Thank you all
for attending CI'24 in Boston and making it such a memorable event.
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Engaging Collective Intelligence
Creating Dynamic Adaptative Organizations
Torben Juul Andersen

Copenhagen Business School, tja.egb@cbs.dk

Contemporary organizations operate in complex dynamic
contexts that may generate unpredictable events with
potentially extreme outcome effects. It is thus timely and highly
relevant to consider more adaptive organizations that exploit
current insights embedded in the collective intelligence of
peripheral stakeholders. Hence, we explore the configurations
of adaptive organizations and how collective intelligence can
be applied to generate effective organizational adaptation. We
argue that a combination of fast insights and slow analytical
processes facilitated by advanced digital technologies can form
the basis for dynamic adaptive systems. This leads to
propositions that effective organizational adaptation is
associated with interactive information processing that
combines current insights from operational entities with

analytics-based strategic updating.

CCS CONCEPTS * Collaborative and social computing *

Computing and business * Interaction design

Additional Keywords and Phrases: Fast-slow information
processing, Interactive strategic decision-making,

dynamic adaptive systems

1 INTRODUCTION

There is an urgent need to configure organizations
that can survive and thrive in dynamic complex contexts
with potentially extreme challenges, e.g., pandemic,
military conflict, climate effect, etc. In this context, it is
relevant to consider how digital technologies can be
applied to continuously align and re-align adaptive
networked organizations as the surroundings change

integrating the collective intelligence of a specialized
heterogeneous workforce.

1.1 Motivation and research questions

Social systems like organizations operate in global
business contexts and are thereby exposed to highly
complex conditions, with many feedback loops that can
generate unpredictable extreme outcomes. This applies
to international enterprises that manufacture and
distribute products and services in turbulent markets. To
reduce the implied uncertainty, some organizations
move away from hierarchical controls in favor of
decentralized networks of autonomous collaborative
agents that operate more dynamically. However, this
approach conceives of management as a cohesive unit
rather than a separate related social network (e.g.,
Ocasio 2011; Leppénen et al., 2023) and discards the
need to align management with networks around
operational employees. As a result, the management
literature does not offer refined models to facilitate
adaptive interactions between management and
operational individuals in the organization whereby
managers can update their strategic outlook with current
insights from networked individuals across operational
functions (e.g., Andersen, 2015; Andersen & Hallin,
2017; Andersen, 2023).

The potential benefits of using current insights
among individuals in operational functions are
compelling and can be achieved by using collective
intelligence (CI) mobilized across individuals in real
time through computerized interventions. It can
stimulate innovation and design of collaborative
learning organizations (e.g., Lévy, 2010; Zambrano et
al., 2019) with open sharing of information to enhance
ingenuity and resolve complex issues (Malone, 2018;
Laubacher ef al., 2020). However, the ability to



exchange and process information between individuals
across dispersed social networks also subsumes
behavioral, cognitive, and ethical aspects that can
influence the collective outcomes (e.g., Tzini & Jain,
2018; Andersen & Young, 2020). We also know that
information passed through an organization is prone to
subconscious filtering (e.g., Reitzig & Sorenson, 2013;
Tuckett & Nikolic, 2017; Boustanifar ... & Zilja, 2022).

These effects must be considered to obtain effective
information processing where particular IT systems with
real-time data access may counteract potential filtering
issues (e.g., Gleasure & Feller, 2016, 2018). These
considerations lead to two fundamental research
questions:

1. What are the basic configurational elements of an
effective adaptive organization?

2. How can we use collective intelligence to develop
an effective adaptive organization?

Answering these questions promise to advance new
research in strategic adaptation, digital science, and
collective intelligence in ways that have not previously
been done.

1.2 Theoretical foundations and propositions

Organizations are described as social networks where
information and knowledge exchanged across subunits
affect performance (e.g., Hansen et al., 2005). It is noted
how social network patterns influence information
processing effectiveness where open interaction across
team members and networked team leaders seems to
enhance performance (Janhonen & Johanson, 2011).
Organizations have been analyzed as communication
networks that span across hierarchical levels as episodic
interplays between intended and emergent events
(Blaschke et al., 2012). Recent studies consider
managerial influences on information exchange and
learning in organizations through interacting feed-
forward and feedback processes (e.g., Bouma et al.,
2023). These state-of-the-art social network
perspectives analyze teams and intra-organizational

subunits around individuals acting in operational

functions. Hence, there is no consideration for
interaction with management as belonging to a distinct
network to networks of operational individuals triggered
by episodic events under turbulent conditions. Hence,
we are unable to explain how interacting communication
between hierarchies including management affect
collective adaptive responses in organizations. The
potential advantages of combined analytics-based
strategic intent and opportunity-driven emergence is
recognized in the strategy field (e.g., Mintzberg &
Waters, 1985; Burgelman & Grove, 2007; Andersen,
2015). But we have little concrete knowledge about how
to structure the dynamic information processes
effectively across networked individuals and groups in
the organization.

In strategy, adaptation has been conceived as
“capabilities to assess the environment, identify firm
resources, and mobilize them in effective responsive
actions” (Andersen et al., 2007, p. 410). A dynamic
capabilities concept describes a similar ability to sense
changes, seize resources, and reconfigure organizational
activities (Teece, 2007). It is constituted by complex
bundles of routines coaxed by managerial interventions
(e.g., Teece et al., 2016; Teece, 2018). This adaptive
process depends on an ability to access current insights
and update strategic thinking under rapid change.
Diverse response capabilities across organizations affect
competitiveness and performance where adaptation
generates high returns and low variability (Andersen et
al., 2007; Andersen & Bettis, 2015; Andersen, 2023).
That is, effective organizational adaptation can achieve
above average returns at lower performance risk. This
reasoning leads to the following propositions linked to
research question 1.

P1: Effective organizational adaptation is associated
with interactive information processing between
management and operational networks.

Pla: Bottom-up communication provides current
insights from operational networks that inform the
updated strategic thinking.



P1b: Top-down communication of updated strategic
thinking guides responsive actions in the operational
networks.

The application of virtual collaboration changes the
way work is structured and employees interact that will
affect organizational outcomes (Schinoff et al., 2020).
Distributed collaboration across organizations advanced
by Covid-19 forced many to work from home
underscoring the importance of relationship building,
mutual learning, and intra-personal communication
(O'Leary, Gleasure et al., 2020). More people work
remotely supported by digital workplace measures that
nonetheless fail to show a deep understanding of virtual
collaboration across networked individuals (Gould et
al.,2023).

Organizational  adaptation reflects emergent
properties of a complex socio-cognitive system where
we must understand the social structures and integration
strategies of network collectives (Galesic ef al., 2023).
Collective networks of diverse individuals can amplify
their cognitive capacity to better solve complex issues
(Aminpour et al., 2020; Gray et al., 2020).

However, networked individuals may update their
beliefs in expectation-based ways influenced by prior
beliefs (Hahn ez al., 2018) influenced by social forces
that can undermine judgmental variation and reduce
accuracy (e.g., Almaatouq et al., 2020; Da & Huang,
2020; Frey & van de Rijt, 2021). While digitalized
communication can induce innovation from discord
among people, the most influential breakthroughs
require in-person contacts (Li et al, 2020).
Technological connectivity can inhibit idea generation
as screen-based cues miss essential stimuli (Brucks &
Levav, 2022). Fear of the unknown may cause anxiety
and stress (Morriss et al., 2023) where behaviors are
influenced by neuro-modulated circadian rhythms
(Bedder et al., 2023). Yet, emotion-sensing technologies
can capture the physiological markers that affect the CI
(Whelan, Gleasure ef al., 2018; Wang et al., 2020). So,
adopting IT to process information across interactive

networks is very promising but needs further

examination. This leads to the following propositions
linked to research question 2.

P2: Effective organizational adaptation is enhanced
when management is updated by the collective
intelligence of organizational stakeholders.

P2a: The collective intelligence of organizational
stakeholders can be formed and collated through IT
mediation.

P2b: Effective formation and collation of collective
intelligence among organizational stakeholders take
social and emotional factors into account.

Organizations are confronted with dy i lex relati

Managing dynamic complex relationships requires interactive information processing capabilities

Figure 1: Collective intelligence formed around interactive
information processing systems.

REFERENCES

Almaatouq, A., Noriega-Campero, A., Alotaibi, A., Krafft, P. M.,
Moussaid, M., & Pentland, A. (2020). Adaptive social networks
promote the wisdom of crowds. Proceedings of the National
Academy of Sciences, 117(21), 11379-11386.

Aminpour, P., Gray, S. A., Jetter, A. J., Introne, J. E., Singer, A., &
Arlinghaus, R. (2020). Wisdom of stakeholder crowds in complex
social-ecological systems. Nature Sustainability, 3(3), 191-199.

Andersen, T. J. (2023). Responding to Uncertain Conditions: New
research on strategic adaptation. Emerald Studies in Global
Strategic Responsiveness, Emerald Publishing, Bingley, UK.

Andersen, T. J. (2015). Interactive strategy-making: Combining central
reasoning with ongoing learning from decentralized responses.
Journal of General Management, 40(4), 69-88.

Andersen, T. J., & Bettis, R. A. (2015). Exploring longitudinal risk-
return relationships. Strategic Management Journal, 36(8), 1135-
1145.

Andersen, T. J., Denrell, J., & Bettis, R. A. (2007). Strategic
responsiveness and Bowman's risk— return paradox. Strategic
Management Journal, 28(4), 407-429.

Andersen, T. J., & Hallin, C. A. (2017). Global Strategic



Responsiveness: Exploiting frontline information in the adaptive
multinational enterprise. Taylor & Francis, London, UK.

Andersen, T. J., & Young, P. C. (2020). Strategic Risk Leadership:
Engaging a world of risk, uncertainty, and the unknown.
Routledge, Oxon, UK/New York, NY.

Bedder, R. L., Vaghi, M. M., Dolan, R. J., & Rutledge, R. B. (2023).
Risk taking for potential losses but not gains increases with time
of day. Scientific Reports, 13(1), 5534.

Blaschke, S., Schoeneborn, D., & Seidl, D. (2012). Organizations as
networks of communication episodes: Turning the network
perspective inside out. Organization Studies, 33(7), 879-906.

Bouma, D., Canbaloglu, G., Treur, J., & Wiewiora, A. (2023). Adaptive
network modeling of the influence of leadership and
communication on learning within an organization. Cognitive
Systems Research, 79, 55-70.

Boustanifar, H., Zajac, E. J., & Zilja, F. (2022). Taking chances? The
effect of CEO risk propensity on firms’ risky internationalization
decisions. Journal of International Business Studies, 53, 302—
325.

Brucks, M. S., & Levav, J. (2022). Virtual communication curbs creative
idea generation. Nature, 605(7908), 108-112.
https://doi.org/10.1038/s41586-022-04643-y

Burgelman, R. A., & Grove, A. S. (2007). Let chaos reign, then rein in
chaos—repeatedly: Managing strategic dynamics for corporate
longevity. Strategic Management Journal, 28(10), 965- 979.

Da, Z., & Huang, X. (2020). Harnessing the Wisdom of Crowds.
Management Science, 66(5), 1847-1867. Davis, J. P., Eisenhardt,
K. M., & Bingham, C. B. (2007). Developing theory through
simulation methods. Academy of Management Review, 32(2),
480-499.

Frey, V., & van de Rijt, A. (2021). Social influence undermines the
wisdom of the crowd in sequential decision making. Management
Science, 67(7), 4273-4286.
http://dx.doi.org/10.1287/mnsc.2020.3713

Galesic, M., Barkoczi, D., Berdahl, A. M., Biro, D., Carbone, G.,
Giannoccaro, 1., Goldstone, R. L., ... & Stein, D. L. (2023).
Beyond collective intelligence: Collective adaptation. Journal of
the Royal Society Interface, 20, 20220736.
https://doi.org/10.1098/1sif.2022.0736

Gould, S. J., Rudnicka, A., Cook, D., Cecchinato, M. E., Newbold, J.
W., & Cox, A. L. (2023). Remote work, work measurement and
the state of work research in human-centred computing.
Interacting with Computers. https://doi.org/10.1093/iwc/iwad014

Gleasure, R., & Feller, J. (2016). Emerging technologies and the
democratisation of financial services: A metatriangulation of
crowdfunding research. Information and Organization, 26(4),
101- 115.

Gleasure, R., & Feller, J. (2018). What kind of cause unites a crowd?
Understanding crowdfunding as collective action. Journal of
Electronic Commerce Research, 19(3), 223-236.

Gray, S., Aminpour, P., Reza, C., Scyphers, S., Grabowski, J., Murphy
Jr, R, .. & Introne, J. (2020). Harnessing the collective
intelligence of stakeholders for conservation. Frontiers in Ecology
and the Environment, 18(8), 465-472.

Hahn, U., von Sydow, M., & Merdes, C. (2019). How communication
can make voters choose less well. Topics in Cognitive Science,
11(1), 194-206.

Hansen, M. T., Mors, M. L., & Levas, B. (2005). Knowledge sharing in
organizations: Multiple networks, multiple phases. Academy of
Management Journal, 48(5), 776-793.

Laubacher, R., Giacomelli, G., Kennedy, K., Kong, D. S., Bachmann,
A., Kramer, K., Schlag, P., & Malone, T. W. (2020). Using a
supermind to design a supermind: A case study of university
researchers and corporate executives co-designing an innovative
healthcare concept. MIT Center for Collective Intelligence, MIT
Sloan Working Paper No. 6109-20.

Leppinen, P., George, G., & Alexy, O. (2023). When do novel business
models lead to high performance? A configurational approach to
value drivers, competitive strategy, and firm environment.
Academy Of Management Journal, 66(1), 164-194.

Lévy, P. (2010). From social computing to reflexive collective
intelligence: The IEML research program. Information Sciences,
180(1), 71-94.

Li, L., Wu, L., & James, E. (2020). Social centralization and semantic
collapse: Hyperbolic embeddings of networks and text. Poetics,
78, 101428. https://doi.org/10.1016/j.poetic.2019.101428

Malone, T. W. (2018). Superminds: The surprising power of people and
computers thinking together. Little, Brown, and Company,
Boston, MA.

Morriss, J., Abend, R., Zika, O., Bradford, D. E., & Mertens, G. (2023).
Neural and psychophysiological markers of intolerance of
uncertainty. International Journal of Psychophysiology, 184, 94-
99.

Ocasio, W. (2011). Attention to attention. Organization Science, 22(5),
1286-1296.

O'Leary, K., Gleasure, R., O'Reilly, P., & Feller, J. (2020). Reviewing
the contributing factors and benefits of distributed collaboration.
Communications of the Association for Information Systems, 47,
476-520.

Reitzig, M., & Sorenson, O. (2013). Biases in the selection stage of
bottom-up strategy formulation. Strategic Management Journal,
34(7), 782-799.

Schinoff, B. S., Ashforth, B. E., & Corley, K. G. (2020). Virtually (in)
separable: The centrality of relational cadence in the formation of
virtual multiplex relationships. Academy of Management Journal,
63(5), 1395-1424.

Teece, D. J. (2018). Business models and dynamic capabilities. Long
Range Planning, 51(1), 40-49.

Teece, D. J. (2007). Explicating dynamic capabilities: The nature and
microfoundations of (sustainable) enterprise performance.
Strategic Management Journal, 28(13), 1319-1350.

Teece, D., Peteraf, M., & Leih, S. (2016). Dynamic capabilities and
organizational agility: Risk, uncertainty, and strategy in the
innovation economy. California Management Review, 58(4), 13-
35.

Tuckett, D., & Nikolic, M. (2017). The role of conviction and narrative
in decision-making under radical uncertainty. Theory &
Psychology, 27(4), 501-523.

Tzini, K. and Jain, K. (2018). Unethical behavior under relative
performance evaluation: Evidence and remedy. Human Resource
Management, 57(6), 1399-1413.

Wang, Z., Ho, S. B., & Cambria, E. (2020). A review of emotion sensing:
categorization models and algorithms. Multimedia Tools and
Applications, 79, 35553-35582.

Whelan, E., McDuff, D., Gleasure, R., & Vom Brocke, J. (2018). How
emotion-sensing technology can reshape the workplace. MIT
Sloan Management Review, 59(3), 7-10.

Zambrano, J., Kirschner, F., Sweller, J. and Kirshner, P. A. (2019).
Effects of group experience and information distribution on
collaborative learning. Instructional Science, 47, 531-550.



https://doi.org/10.1038/s41586-022-04643-y
http://dx.doi.org/10.1287/mnsc.2020.3713
https://doi.org/10.1098/rsif.2022.0736
https://doi.org/10.1093/iwc/iwad014
https://doi.org/10.1016/j.poetic.2019.101428

Multidisciplinary learning through collective performance favors
decentralization

John Meluso

Laurent Hébert-Dufresne
john.meluso@uvm.edu
laurent.hebert-dufresne@uvm.edu
University of Vermont
Burlington, Vermont, USA

ABSTRACT

Many models of learning assume that team members can share
solutions and coordinate. However, these assumptions break down
in multidisciplinary teams where team members often complete
distinct yet interrelated pieces of larger tasks. Such contexts make it
difficult for individuals to separate the performance effects of their
own decisions from the choices of interacting neighbors. Despite
this challenge, this work shows that individuals can overcome this
challenge by coordinating with network neighbors through me-
diating artifacts (like collective performance assessments). When
neighbors’ actions influence collective outcomes, teams with dif-
ferent coordination networks perform relatively similarly to one
another. However, varying a team’s network can affect performance
on tasks that weight individuals’ contributions by network proper-
ties. Consequently, when individuals innovate (through "exploring"
searches), dense networks hurt optimization slightly by increasing
uncertainty. In contrast, dense networks moderately help design op-
timization when engineers refine their work (through "exploiting"
searches) by efficiently finding local optima. This work also shows
that decentralization improves system performance when assessing
networks across a battery of 34 tasks with varied qualities and dif-
ficulties. These results offer new principles for achieving collective
intelligence in multidisciplinary teams within which coordinating
proves more difficult.
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MAIN

Multidisciplinary teams play crucial roles in academia, industry,
and government [10]. Such teams draw representatives from var-
ious backgrounds, each working on parts that integrate with the
others, but disciplinary boundaries make collaborating across fields
challenging [2, 3]. Instead, they often divide tasks into interdepen-
dent subtasks and work in parallel [5, 13, 17]. This gives rise to
the “performance non-separability problem” [16]: a team’s collec-
tive performance obfuscates how individuals’ actions affect shared
outcomes, making it hard to figure out the effect of each change
and even more challenging when many changes happen at the
same time, or if individuals have limited visibility into each other’s
actions [12, 15].

Fortunately, another learning pathway exists: mediated learning
[6]. Here, individuals learn from themselves and others through
artifacts, like technical drawings, databases, and performance as-
sessments, as they negotiate meaning across boundaries [3, 8, 11].
Mediated interactions significantly affect outcomes in many con-
texts [4, 18, 19] including innovation [1], even producing larger
effects than unmediated interactions [19], but its effects on collec-
tive intelligence have yet to be examined in multidisciplinary teams.
Network properties produce varied performance effects depending
on the type of learning [19] making network analysis crucial.

We propose a framework for modeling mediated learning in
multidisciplinary teams [9]. We introduce neighborhood task per-
formance, which formalizes the networked nature of mediated co-
ordination activities (Fig. 1). Through this concept, we investigate
how network density and other properties affect collective intel-
ligence. We simulated performance-mediated feedback networks,
team members as computational agents, and representative tasks
while minimizing other forms of learning and variables with estab-
lished effects (Fig. 2). In brief, each team member independently
selects actions. Individuals’ actions affect performance on their own
subtask, but also affect their neighbors’ subtask performances and
the team’s overall task performance. This means individuals receive
feedback from a “neighborhood” performance shaped by their own
actions and the actions of their network neighbors.

Our framework and simulations show three results. First, medi-
ated learning can either help or hurt collective performance depend-
ing on the task and team network structure. Then, we show that
densely-connected teams tend to perform better when “exploiting”
(or refining) solutions, while sparse teams perform better when
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Figure 1: Framework of performance-mediated learning pathways describes different networks, and comprehensive model
construction. (a) In the framework, individuals i can learn from team performance h or their own performance f;, but in
multidisciplinary teams they often learn from a combined “neighborhood” performance g;. (b) Here, the individual’s actions x;
and their neighbors’ actions X; affect the agent’s performance on a subtask g; of the team’s overall task 4. This makes it difficult
for individuals to tell “how good” their actions are. (c) These neighborhoods of dependence can describe any performance-
mediated learning pathway, from individual learning (an empty graph) to the performance feedback paths of team learning
(a complete graph) and any distribution in between. (d) Our model enables us to explore different networks by giving each
individual i feedback from their neighborhood g;. Separately, our model assesses the team’s overall performance h as a function
of all agents actions x .
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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 col-
lective intelligence and sensemaking. GigSense enables gig workers
to rapidly understand and address shared challenges effectively, irre-
spective of their diverse backgrounds. GigSense not only empowers
gig workers but also opens up new possibilities for supporting
workers more broadly, demonstrating the potential of large lan-
guage model interfaces to enhance collective intelligence efforts in
the evolving workplace.
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1 INTRODUCTION

Harnessing collective intelligence among gig workers can signifi-
cantly enhance their ability to improve labor conditions [5, 13, 27,
28]. This collaborative approach enables workers to collectively
deliberate on their challenges, devise strategic solutions, and col-
laboratively implement their action plans to tackle these issues
effectively[3, 9].

However, despite occasional successes, collective intelligence
among gig workers is uncommon, leaving many issues unresolved
[3]. This scarcity largely stems from the lack of technologies de-
signed for facilitating collective problem-solving among gig work-
ers [12, 14, 17, 34, 45]. 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, es-
pecially during the initial phases of collective intelligence focused
on recognizing shared problems and formulating solutions [33].
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Another hurdle is that the diverse and significant time com-
mitments of gig 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]. To ad-
dress these challenges, we introduce GigSense, a novel platform for
fostering collective intelligence among gig workers by enabling col-
laborative 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 un-
derstand workplace dynamics better. Additionally, GigSense uses
LLMs to facilitate collective brainstorming, helping workers de-
velop 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 com-
mon 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, poten-
tially catalyzing the formation of supportive gig worker communi-
ties [6, 38-40]. Beyond organization, it could reveal systemic issues,
encouraging workers to see problems like client disputes and pay-
ment delays as collective challenges. This 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 problem-solving
and kickstart collective intelligence among workers.

2 GIGSENSE

GigSense is an Al-enhanced platform designed to assist gig work-
ers in the early phases of sensemaking and collective intelligence,
which includes problem identification and solution proposal [34].
Our platform thus focuses on aiding workers in their sensemaking
process (identifying collective issues and potential solutions). For
this purpose, GigSense incorporates Pirolli and Card’s sensemaking
theories and collective intelligence theories into various modules
within its system [21, 34, 41]. These modules are designed to auto-
mate the sensemaking process, which unfolds seamlessly within
the entirety of GigSense’s interface, with workers playing a crucial
role in steering this process.

GigSense’s modules are based on previous designs [11, 19], but
uniquely integrate human-Al collaboration to address specific needs
and contexts of gig workers. GigSense recognizes the time con-
straints faced by gig workers when engaging in collective intel-
ligence and hence provides interfaces that facilitate rapid sense-
making of problems and proposals of solutions. For this purpose,

Trovato et al.

it utilizes Large Language Models (LLMs) to provide concise sum-
maries of issues found on gig platforms, enabling workers to quickly
understand prevalent problems. By leveraging the OpenAl GPT-4
API [23], it categorizes data and generates these summaries, aid-
ing workers in gaining insights and brainstorming solutions. Our
system also offers an interactive interface, allowing users to “zoom
in” and “zoom out” and explore specific discussions related to a
problem. While LLM supports the creation of problem summaries,
GigSense’s interface design empowers workers to independently
assess the information. It also provides a collaborative workspace
for workers to propose solutions to identified problems. It uses
LLMs to inspire workers with potential solutions but prioritizes
human-generated ideas over Al suggestions to emphasize the value
of human input. Notice that GigSense’s design, focusing on quick
sensemaking, contrasts with traditional extended analysis but offers
notable advantages. It enables time-constrained individuals like gig
workers with multiple jobs, parents, and students to participate,
enhancing diversity and inclusivity. This approach makes sensemak-
ing more accessible, as it requires less long-term commitment [10].
A faster process encourages broader participation and engagement,
as people are more likely to contribute when their time investment
is minimal yet impactful [30]. This approach can be especially bene-
ficial for future engagements around collective intelligence, such as
implementing solutions, where sustained participant involvement
is crucial [10]. Additionally, rapid sensemaking can foster concise
and focused information processing, reducing data overload and
maintaining participant interest, which can wane in longer pro-
cesses [22, 30]. Next, we describe each GigSense module in detail:

Data Gathering Module. Gig workers supply Gigsense with a
roster of subreddits from which they intend to pinpoint poten-
tial problems and datasets containing assessments for gig work
platforms (This is the “Step: Search and Filter” in Pirolli et al.’s
sensemaking loop [26]). Next, Gigsense connects to the Reddit API
to read and extract all the posts from the subreddits that gig work-
ers 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 mod-
ule 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 in-
clusiveness about gig worker concerns and complaints. The show
button allows workers to see all the data sources used in GigSense.

Problem Summary Module. Acknowledging the potential enor-
mity of the data gathered through the Data Gathering Module and
its potential complexity for human interpretation, this module cen-
ters its efforts on summarizing the data (“Step: Schematize” in the
sensemaking loop). For this purpose, Gigsense uses LLMs to facil-
itate the exploration and sensemaking of the extensive datasets
of complaints, enabling workers to categorize and summarize the
large datasets into problem categories. This module also has two
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buttons to allow workers to navigate to the Data Visualization mod-
ule, which offers a “zoom-in” view for meticulous examination of
the data or a “zoom-out” view for a panoramic grasp of their issues.

Data Viz Module. This module enables workers to analyze prob-
lems at various levels, aiding their sensemaking process. It utilizes
semantic zooming, a method for visualizing data across different
abstraction levels [2, 36, 37]. Workers have access to two views
showcasing varying detail levels for problem analysis. The zoomed-
out view of this module presents an interactive chart of 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, Usabil-
ity, etc) faced by them. Gigsense utilizes LLMs to streamline the
sensemaking process by categorizing dataset posts into distinct
categories. These categorized posts are later used by the system
to create the different graphs and the corresponding category de-
scriptions. The use of LLMs speeds up data organization, allowing
workers to engage in sensemaking more efficiently. The interactive
chart also serves as a powerful tool for raising awareness among
gig workers about their shared challenges. For instance, workers
can engage with these graphs by hovering over them, enabling
access to the exact number posts (complaints) within each category.
This functionality contributes to the worker’s sensemaking process
by facilitating the easy identification of prevalent issues.

The volume of information available to workers shifts according
to the zoom level. To let the worker delve deeper into individual
problems, Gigsense offers a zoom-in perspective. Choosing the
zoom-in view shifts the display from graphs to the full text of posts
relevant to the problem being analyzed. This view allows workers
to view the nuanced aspects of issues that pertain to the topic ana-
lyzed and upvote on individual problems. By visually displaying
the prevalence of issues (number of upvotes), it creates a sense of
solidarity [31]. Workers can see that they are not alone in their
struggles, fostering a collective identity and shared purpose [16]. 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 intelligence. The zoomable interface facili-
tates sensemaking by allowing users to toggle between high-level
context and detailed analysis. Note that as [22] discusses, collective
intelligence requires focused attention on what matters. The system
is thus designed to allow workers to analyze problems from detailed
and broader perspectives.

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 “Collab-
orative 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 (solu-
tions) to address them. Gigsense also includes a functionality that
allows users to make annotations in the shared document. This
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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 [8, 41] (“Step: Tell
Story” in the sense-making loop). This module supports collabora-
tive work that initiates early stages of collective intelligence[34].

Al-Enhanced Solution Module. It is important to acknowledge
that for some workers it may be hard to propose solutions [24, 35].
To address this, the module leverages LLMs to offer workers sugges-
tions on potential solutions and concrete collaboration plans, pro-
viding 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 inter-
face. GigSense emphasizes that the Al-generated solution is not the
definitive solution and explicitly states that this solution was gen-
erated using Generative Al Note that in our system, Al-generated
solutions are not personalized for individual users. However, the
prompts sent to the LLM include all data related to the workers’ spe-
cific problem. Using real-world gig worker data likely enhances our
system’s ability to provide contextually relevant Al solutions. Our
appendix provides information about all the prompts we utilized
for the LLM. Note also that GigSense uses pre-defined prompts to
help gig workers effectively interact with LLMs, without requiring
specialized skills [44]. The pre-defined prompts are also used be-
cause GigSense is not designed to address all queries, but instead,
aims to offer concrete solutions for problem-solving inspiration.
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 more transparent and responsible use of Generative Al
while still utilizing Al to assist and inspire workers in their problem-
solving endeavors. This module is designed to enhance the “Step:
Build Case” and “Step: Tell Story" stages of the sensemaking loop.
It achieves this by promoting a collaborative process between hu-
mans and Al fostering co-creation and mutual contribution to the
development of solutions.

3 CONCLUSION

This paper introduces GigSense, an Al-powered tool designed to as-
sist gig workers in collectively addressing their challenges. GigSense
enables quick sensemaking, promoting effective problem-solving
among workers by breaking down barriers to collective intelligence.
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ABSTRACT

This paper studies the design of an Al tool that supports gig knowl-
edge workers, rather than displacing them, focusing on text-based
generative Al technologies. Through a formative study involving
interviews and design activities, gig workers shared their views on
text-based generative Al and envisioned applications where Al acts
as managers, secretaries, and communication aids. Leveraging these
insights, we created a generative-Al enhanced tool, Office-Mind
Al to aid gig workers. Our research advances the conversation
around algorithmic labor by designing a worker-focused intelli-
gent tool. This tool harness collective intelligence among workers
and Al fostering productive human-AI partnerships. We conclude
by discussing the future prospects of collective intelligence tools
designed for worker-Al collaborations.
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1 INTRODUCTION

Recently we have seen a surge in companies focused on generative
Al with entities like OpenAI championing missions to ensure Al
benefits humanity [6, 12]. While these ambitions are commend-
able for their focus on societal good, it is crucial to recognize the
potential for such Al advancements to displace human workers, par-
ticularly in tasks that are becoming increasingly automated [15, 17].
This trend poses a significant risk to jobs traditionally filled by
gig knowledge workers, i.e., those workers who are involved in
analysis, problem-solving, and creative tasks [16]. Together, this un-
derscores the urgency to address Al-induced displacement within
the gig economy [9, 11, 13]. As a result, generative Al technolo-
gies have sparked controversy and debate, highlighting the divide
between those calling for regulatory measures to prevent worker
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displacement [7, 17], and others who see the technology’s potential
to augment rather than replace human labor [1]. However, despite
this optimism, there is a gap in our understanding of how to design
generative Al technologies to best serve workers [5, 18]. In this
paper we focus on studying how to design generative Al tools for
gig knowledge workers. The challenge lies in addressing the unique
demands and constraints faced by them, as they are workers who
operate without the support structures typical in more traditional
employment settings [10, 16]. This underscores the need for a nu-
anced approach to designing generative Al tools that align with
the specific needs and conditions of the gig economy workforce.
In this paper, we address this knowledge gap by taking the lead
in understanding the generative Al technologies that gig knowl-
edge workers both envision and desire for their jobs, and studying
the usability of one of such tools. To achieve this, we first con-
ducted an IRB-approved formative study that included interview
sessions with design activities involving 21 knowledge gig workers
from the Upwork platform. Our design activities concentrated on
exploring text-based generative Al tools, such as ChatGPT, but as
envisioned by workers. The focus on this technology was chosen
because a significant portion of gig knowledge workers’ labor is
text-based [4]. While concentrating on this technology, we also wel-
comed participants’ suggestions for other technological directions.
Our interviews and design activities helped us to gather valuable
insights into worker concerns, perspectives, and their future vi-
sions regarding generative Al tools for gig knowledge workers.
Upon conducting an analysis of our interview and design sessions,
a noteworthy finding emerged: gig knowledge workers envision
text-based generative Al technology assuming roles akin to those
found in traditional work structures, particularly in managerial
and secretarial capacities. However, they imagined these intelligent
agents working independently for them and not for the gig platform.
Furthermore, these workers expressed a willingness and comfort
in leveraging Al for worker-client communications, encompassing
general interactions, negotiations, and self-marketing endeavors.
Armed with these insights, we created an Al enhanced tool -
Office-Mind AI! - that could support gig knowledge workers in
their job. Our tool integrates functionalities akin to two conven-
tional office positions—managers and secretaries—to assist workers
in executing a range of tasks highlighted as key in our interviews.
These tasks include generating biographies, crafting emails and
cover letters, performing translations, summarizing texts, and creat-
ing schedules. We conducted an evaluation of Office-Mind through
an IRB-approved usability study involving 16 gig workers sourced
from the Upwork platform. In this usability study, participants
completed various tasks using the Office-Mind Al Following these
tasks, they were invited to share their feedback on the tool and

'Watch our Al-enhanced tool in action in this video demo:
https://vimeo.com/920192151?share=copy
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complete the System Usability Scale (SUS), a recognized methodol-
ogy for assessing a system’s usability [2, 14]. Participants expressed
that Office-Mind Al offers convenient, and time saving solutions
to challenges that gig workers face. Our study also showed that
Office-Mind was easy to use, and scored within the 96th-100th per-
centile range of usability scores with a median SUS value of 87.5
[14], which categorizes it as having “Excellent” usability [2]. We
finish the paper discussing the future of generative Al tools for
workers. Our research not only contributes to our understanding
of generative AI’s potential in gig work, especially text-based gen-
erative Al for gig knowledge workers, but also paves the way for
the collective intelligence community to delve into human centered
design research tailored to this unique workforce.

2 FORMATIVE STUDY: METHODOLOGY

To study and create text-based generative Al tools tailored to the
specific needs of gig workers, we initiated our research with a
formative study. This initial phase provided valuable insights that
guided our design and creation of Al tools closely aligned with gig
workers’ requirements. Our formative study’s structure is outlined
in Fig. 1.

3 OFFICE-MIND AI: A GENERATIVE AI TOOL
FOR GIG WORKERS

Motivated by our formative study, we created Office-Mind Al: an
online platform that integrates generative Al with a user-friendly
interface. Our aim was to empower gig knowledge workers in their
roles by providing them with the generative Al tools they envision
and need. Our formative study highlighted how workers wanted Al
that could enhance their capabilities and fill the support lacking in
the gig economy. It also emphasized workers’ preference for having
Al managers and Al secretaries that could personally assist them,
rather than serve the gig platform. Hence, we designed Office-Mind
Al to function as virtual secretaries and managers, operating within
an independent website dedicated to supporting workers rather
than being tied to a specific gig platform. Fig. 2 presents screenshots
of Office-Mind’s interface.

To implement Office-Mind Al we decided to employ a hybrid
design: combining forms and chatrooms for content creation, along-
side backend prompt engineering by connecting with OpenAI's API
on our backened server. We integrated forms because we considered
they were a straightforward way for non-technical users to share
their expertise with Al, making them ideal for gig workers who can
have diverse technical backgrounds [8]. Their simplicity ensures
almost anyone can use them, promoting inclusivity in knowledge
sharing. Additionally, these interfaces are easy to implement and
adapt [8], crucial for rapidly responding to the evolving demands of
gig work. Therefore, we believed that form-based interfaces would
provide an accessible and flexible mechanism to foster seamless
worker-Al collaboration in the fast-paced gig market. Accordingly,
for each major task where we sought generative Al support for
workers, we developed a form allowing workers to input any knowl-
edge they wanted the Al to understand about the task and their
objectives. Using a REST API, we created corresponding endpoints
for each form. These endpoints utilize specific context prompts to
guide the GPT model in understanding its intended role in assisting
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the worker. Fig. 2 presents examples of the forms we created within
Office-Mind AL

Upon form submission, the GPT model receives its instructions
(prompts) along with the worker’s inputs. The model then generates
an initial response, which is displayed below the form. Additionally,
we integrated a chatroom component beneath the Al-generated
content. Within this chatroom, workers can collaborate with the
Al to refine the generated output further. This setup facilitates
curated knowledge exchange between human workers, who further
share their expertise, needs, and contextual information, and the
Al, which assumes various assistive roles based on the information
supplied by the worker in each case.

Since our formative study revealed workers’ desire for gener-
ative Al capable of fulfilling managerial and secretarial roles, we
incorporated modules within Office-Mind to emulate this.

3.1 Manager Module

This module serves as a personal manager for gig workers, com-
bining collective intelligence with generative Al to enhance time
management and personal branding. The platform crafts tailored
schedules by weaving gig workers’ project specifics and their pref-
erences for work-life balance into its dynamic dashboard. It then
employs generative Al to formulate initial schedules for the work-
ers. These preliminary schedules are further refined via chat-based
interactions, ensuring a customized and adaptive planning experi-
ence. This module bridges an important existing gap in gig work
by offering task scheduling support, combining worker insights
with AL The module acts as a manager, helping gig workers meet
deadlines and arrange their preferred work schedules.

In terms of personal branding, the module aids workers to col-
laborate with Al to craft professional biographies and cover letters
that highlight their strengths and align with the needs of clients.
Through a chat interface, workers can then also refine these docu-
ments with Al assistance, addressing the gap in gig work related
to self-branding for client attraction [3]. The module here also
functions as a manager that focuses on empowering workers to
showcase their skills and talents, thereby helping them to more
easily reach their professional aspirations.

3.2 Secretary Module

This module acts as a personal secretary for gig workers, combin-
ing an intuitive dashboard with generative Al technology to help
workers manage their administrative tasks. These tasks range from
drafting emails and conducting thorough grammar checks to of-
fering language translation services and crafting Non-Disclosure
Agreements (NDAs). Through its user-friendly interface, gig work-
ers can convey their specific needs for emails, translations, grammar
corrections, and NDAs. In response, the generative Al utilizes its ex-
tensive knowledge base to compose professional-grade documents
tailored to each requirement (Fig. 2). The module’s chat-based in-
terface also facilitates a dynamic interaction, allowing workers to
refine and enhance these documents collaboratively. This process
not only leverages the workers’ unique insights but also fosters a
robust human-Al partnership, ultimately resulting in the creation
of high-quality documents that can meet the professional demands
of their gig work.
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OVERVIEW OF SESSION PROCEDURE

The interview process begins, and we collect [ ¢

°

work history information Goo

Familiarize Participants with Generative Al

] We transition to our design workbook

/' Generative Al es a newer technology that can create extremely
realistic and accurate messages. These can be long or short
such books, long form reviews, cover letters, poems, thank you
note etc.
They can handle a wide range of topics and can be modified

across many dimensions such as tone and emphasis.

Storyboarding - Walk us through how you imagine using
generative Al in your work

ChatGPT

Prototypes and Feedback

Demo 2

Topics to emphasize: Topics to avoid: Mood indicators:
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Figure 1: Formative Study Procedure: 1. Participants are familiarized with Text Based Generative Al They are given a working
definition, and provided a demo of ChatGPT. 2. The interview process begins, and we collect work history information. 3. We
begin using the design workbook. Here we collect features, use-cases, and concerns for using Text Based Generative Al in
participant’s gig knowledge work. We also extract imaginaries from participants regarding the roles and forms generative AI

can take to assist them. 4. Participants are shown prototype applications and feedback is provided in the form of feature and/or
design suggestions.

(AHome  @Manager 7Secratary @Home gManager PSecretary

sBio DXCovor Lotior  cSchedule Maker @Emall (BNDA DSummarize *Grammar Check GTransiation

Biography Generation Email Generation

Wihat tone do you prefer for your biography? {L.e.) Should it be formai,friendly, professional, or a mix? What tone do you want the emal to convey? Should it be forma, friendly, or professional, depending on the relationship with the client?

i of triendly and professional

Can you briefly describie your major achievements, skilis, and what makes you unique? What 6o you want 1o say about yourselt? Are there specifc credentiais, achievements, or values you want 1o highight?

Ihave over 4 years of logi Jications in react, node. | Ialso hs

How 60 you plan to use this biography? s i for a professional , or pl What is the main purpese of this email?

Tosend to 5 possivle client

Is there any specific information or personal stories you'd fike to include to give more depth to your profile? Is there any additionalinformation that needs 16 be included in the email? This could be details ahiout a project, follow-up Steps, attachments, or any specific calls to action for
the client

Leave room for a git fink

A) OFFICE-MIND AI'S MANAGER B) OFFICE-MIND AI'S SECRETARY

Figure 2: Office-Mind AI's Manager and Secretary

4 CONCLUSION Through an IRB-approved formative study, including co-design
In this paper, we argue for using Al to enhance rather than replace sessions and interviev.vs, we explored Fhese. wc.)rkers’ needs and
workers, focusing on gig knowledge workers in the gig economy. preferences for Al assistance. Our findings indicate a preference



Cl ’24, June 26-29, 2024, Boston, MA

for text-based generative Al to take on traditional workplace roles,
such as manager and secretary, offering features like schedule man-
agement and email generation. Using insights from our study, we
developed Office-Mind Al a tool designed to augment gig workers’
daily tasks without replacing them. Through an IRB-approved us-
ability study, we evaluated the tool’s effectiveness in supporting
gig workers, highlighting the potential of text-based generative
Al to enhance work processes. These results lay the groundwork
for future research to refine and expand Al tools in the workplace,
ensuring they complement human workers effectively.
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1. INTRODUCTION

Why do negotiations fail to reach an agreement even when all parties would benefit? Impasses can
result from various socio-cognitive factors such as biased deal evaluations, perceptions of bad faith, and
poor information about preferences or alternatives at play. [Schweinsberg et al. 2022; Malhotra and
Bazerman 2008; Babcock and Loewenstein 1997; Tsay et al. 2011; Tversky and Kahneman 1991]. To
overcome these challenges, negotiation experts and scholars have advocated for a collaborative
approach that views negotiation as a joint search process where parties work together to explore the
solution space and share information about their underlying values, interests, and alternatives in order
to uncover agreeable terms [Doyle et al. 2023; Fisher and Ury 2007; Thompson et al. 1996].

However, even when negotiators search collaboratively, impasses can still occur when the process of
finding agreement is inherently complex. Existing research has associated this complexity with
structural factors that limit the zone of possible agreement or ZOPA [Thompson et al. 1996; Zhang et
al. 2021] such as significant interest incompatibility or strong best alternative (BATNA) values [Fisher
and Ury 2007]. And yet a narrow ZOPA does not explain why negotiations result in impasse when
agreement is possible. For instance, rational negotiators can reach agreement by continuously making
concessions that are more favorable than their best alternative. This raises a critical question in
negotiations theory: what determines complexity in searching for an agreement?

2. MODEL AND FINDINGS

In this paper, we formalize the idea of negotiations as a search process by adapting computational
models of problem solving. Our formal model transforms a negotiation scenario into a fitness landscape
[Wright 1931; Kauffman 1993] by scoring all possible outcomes (i.e., proposals) and identifying which
ones negotiators deem agreeable. It then evaluates the complexity of reaching any of these agreeable
outcomes based on assumed search behaviors. Our primary results reveal that negotiations commonly
conducted within MBA programs such as Harborco [Madigan et al. 1984], New Recruit [Neale 1997],
and Fillmore Lawns [Kteily et al. 2020] exhibit features of a “rugged landscape” [Kauffman 1993,
Levinthal 1997] where search may result in entrapment in non-agreeable local optima despite the
existence of better and agreeable alternatives.

In line with the computational search literature, we obtain these initial results under the assumption
that negotiators are boundedly rational [Simon 1991]; that is, they search strategically—only moving
towards proposals they evaluate as more attractive, but myopically—only capable of considering
proposals that differ by one feature from the preceding one. We then varied our assumption of how
negotiators evaluate proposals from one that prioritizes the number of parties in agreement, to one
focused on collective payoff gains, pareto superior gains (i.e. no individual party is worse off), or a
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combination of these. Our model demonstrates that 'ruggedness,' persists across various behavioral
assumptions, even when search becomes increasingly less myopic.

2.1 Comparing Complexity with the Scarceness in Agreeable Outcomes (ZOPA) as Causes of Impasse

We subsequently examined how ruggedness (measured by the number of non-agreeable local optima)
compares to a narrower ZOPA (measured by the number of agreeable proposals) as a complexity metric.
To do this, we devised a probabilistic approach to creating generic negotiation scenarios with varying
ZOPA and ruggedness. We generated over 200 scenarios each with a sufficiently large solution space of
256 possible outcomes and 10 negotiating parties with varying interests. We chose four scenarios that
best correspond to a 2x2 computational experiment involving Smooth/Rugged negotiations with either
a Narrow/Wide ZOPA and conducted agent-based negotiation simulations on each one to estimate the
likelihood of reaching an agreement (agreement rate), as detailed in Table 1.

Treatments Smooth Landscape Rugged Landscape
Wide ZOPA ZOPA: 36 agreeable solutions ZOPA: 42 agreeable solutions
Ruggedness: 0 local optima Ruggedness: 1 local optimum
(116 neighboring solutions and (104 neighboring solutions and
0 starting proposals that cannot lead to 93 starting proposals that cannot lead to
agreement under search assumptions) agreement under search assumptions)
Narrow ZOPA ZOPA: 1 agreeable solution ZOPA: 1 agreeable solution
Ruggedness: 0 local optima Ruggedness: 31 local optima
(8 neighboring solutions and (8 neighboring solutions and
0 starting proposals that cannot lead to 58 starting proposals that cannot lead to
agreement under search assumptions) agreement under search assumptions)

Table. 1. Computational Experiment Conditions for Generating Figure 1 results

Our model shows that both ruggedness and a narrow ZOPA contribute to lower agreement rates.
Moreover, it uncovers the counterintuitive prediction that a negotiation with a wide ZOPA can have a
lower agreement rate than one with a narrow ZOPA if the wide ZOPA negotiation is more rugged. As
summarized in Figure 1, this finding is robust to a negotiation deadline of six “search steps” and extends
to more nuanced characterizations of ZOPA and ruggedness. Specifically, results hold even as ZOPA is
defined by the number of proposals that differ by one feature from an agreeable proposal, and even
when ruggedness is defined in terms of the number of starting points that cannot lead to agreement
based on the search strategy used.

120
100.00% 98 06% 100.00% Scenario
=) 100 [0.00] [0.01] [0.00] mmm No deadline
et [ Deadline: 6 Search Steps (Proposals to Consider)
=
g 80 67.77%
- [0.03]
5 60 48.60%  48.57%
= [0.03] [0.03]
£
S 40
E o,
2 14.40%  12.65%
e 2 [0.02] [0.02]
0
Wide ZOPA, Smooth Narrow ZOPA, Smooth Wide ZOPA, Rugged Narrow ZOPA, Rugged

Fig. 1. Agreement Rates across Negotiations with varying ZOPA and Ruggedness
Collective Intelligence 2024



2.2 Comparing Complexity and “Running out of Time” as Causes of Impasse

We varied the deadline to demonstrate that ruggedness becomes more salient to negotiation outcomes
when time constraints are relatively lenient, whereas a narrow ZOPA is more likely to lead to impasse
in scenarios where negotiators have limited time and can go over only a few proposals. As illustrated in
Figure 2, when the deadline allows for the consideration of more than 5 proposals, ruggedness becomes
the primary obstacle to agreement, regardless of the number of available agreeable solutions. This is
because, in rugged negotiations, impasse increasingly becomes attributed to entrapment in local optima
as opposed to “running out of time” when negotiation deadlines become more lenient. Likewise, while
extending deadlines can significantly eliminate impasse rates in smooth negotiations, they have less of
an effect as ruggedness increases.

— _ Landscape and Impasse Cause
Narrow ZOPA, Smooth - Timeout
90 Wide ZOPA, Rugged - Timeout
7 Wide ZOPA, Rugged - Trapped

75

60 7

ao .
L2 i

1 2 3 4 5 6 7 8 Unlimited
Negotiation Deadline (Max number of Rounds)

Impasse Rate (%)

Fig. 2. Impasse Rates by Deadline and Cause for Smooth vs Rugged Negotiations

3. DISCUSSION

In conclusion, we build theory by showing that even when agreement benefits all parties, traditional
culprits of impasse such as socio-cognitive barriers or scarcity in agreeable solutions are not necessary
conditions for failing to reach agreement. Thus, even careful, collaborative, well intentioned, and
rational, approaches to negotiation still do not guarantee agreement. On the other hand, our findings
demonstrate that the inherent complexity of a negotiation is a sufficient condition for impasse, and this
holds across a variety of strategic search behaviors. Even with realistic deadlines, our model highlights
that negotiations can often result in impasse due to sheer complexity as opposed to merely running out
of time.

Our work thus illuminates a previously unmentioned structural cause of impasse and contributes to
ongoing efforts to understand why negotiations fail to reach agreement [Schweinsberg et al. 2022; Tripp
and Sondak 1992; Babcock and Loewenstein 1997]. Gaining a clearer understanding of what can drive
impasses allows for more accurate diagnoses and enables the development of focused interventions and
negotiation strategies. In addition to advancing negotiations theory, our research contributes to
research in collective intelligence. Whereas prior work on collective search often models individuals as
sharing the same goal [Becker et al. 2022; Safferstone 1998], our study introduces a framework for
examining collective search amidst conflicting preferences and interests.
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Abstract

How do different facets of teamwork — e.g., a team’s composition,
size, communication, and task — contribute to its performance?
Theories of teamwork have focused on many possible attributes
that can explain a team’s success. In this study, we complement
existing explanatory models through a prediction-focused analysis.
We randomly assign participants to teams of varying compositions,
sizes, and tasks, then quantify the variance explained by each factor.
Ultimately, task attributes emerge as a predominant contributor to
performance, explaining 20% of variation, compared to just 2% for
composition. Our study highlights the context specificity of team
outcomes; if task attributes so strongly determine performance,
insights about a team performing one task may not generalize to
another. For managers, the “fit” between a team and its task may
become crucial.
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Introduction. Teams are dynamic, multifaceted systems. When
tackling problems, they integrate the composition of their members
— their personalities [3], skills [12], and backgrounds [13] — and
adapt their collaboration patterns to meet task demands [15, 16].
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Scholarship on teamwork has embraced this complexity and
dynamism [6, 17, 18]. Models of teams increasingly account for a
variety of composition variables, alongside their emergent processes
and behaviors (e.g., [23]). However, these models typically take an
explanatory approach, focusing on demonstrating that the model’s
parameters are statistically consistent with established theories [10,
11]. There has been much more limited focus on evaluating theories
in terms of their predictive accuracy. That is, if a manager could
choose to focus on improving just one aspect of their team, which
area of improvement would yield the highest returns? And even
if they get everything “right” — how much of a team’s outcome
is truly within their control? By taking a predictive, rather than
explanatory, approach, our work seeks not to establish causal effects,
but to complement causal theorizing by estimating the relative
importance of different team facets in determining downstream
outcomes.

Methodological limitations have historically hindered the abil-
ity to conduct a comparative predictive analysis between teamwork
facets, as it is rare to observe systematic variation across different
aspects of teamwork. In field settings, teams may be self-selected or
hired specifically for a project, which confounds team composition
with task demands. In laboratory settings, many studies rely only
on a single task [9, 24]. Finally, different study environments may
be incommensurable in a meta-analysis [2].

We take a novel experimental approach that uses a series of
controlled experiments in a fully parameterized space — systemati-
cally varying attributes such as the team composition, team size,
and the task at hand. By studying teams in an environment in
which nearly everything about them is known, we can estimate the
predictive power of each team facet on performance.

Methods. We recruited N = 125 teams (534 individuals) from
Amazon Mechanical Turk to participate in a series of real-time
collaborative games on Empirica [1]. Participants were randomly
assigned to play either in a team of three (72 teams) or six (53
teams); each team then played five consecutive sets of three games,
for a total of 15 trials. A set consisted of three randomly-ordered
variations of the same style of game, each with different levels of
complexity (low, moderate, and high). We call a “set” of games with
the same general style a task class, and a specific variation of the
game a task instance. After excluding incomplete data, we study a
total of 423 task classes and 1,043 task instances.

Selection of Games. To study systematic variations in task
features, we used the Task Space [14] to curate 10 task classes that
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were as diverse as possible (maximizing Euclidean distance): (1)
Moral Reasoning, (2) Guess the Correlation, (3) Wolf Goat Cabbage
Puzzle, (4) Writing Story, (5) Room Assignment Task, (6) Sudoku,
(7) Allocating Resources, (8) Divergent Association Task, (9) Word
Construction, and (10) Whac-A-Mole. Each of these tasks has vastly
different stimuli and objectives, challenging teams to use varying
styles of thinking and skills.

Selection of Team Facets. Drawing on reviews and meta-analyses
by Mathieu et al. [17, 18], we identified five facets of teamwork:
(1) Team Composition, (2) Team Size, (3) Task Attributes, (4) Task
Complexity, and (5) Communication Process, which we measure as
follows.

Measures. Team Composition variables include 19 characteris-
tics collected at the individual level, then aggregated at the team
level using mean and standard deviation. These dimensions include
basic demographics (birth year, country, education level, gender,
race, income maximum/minimum, and marital status); political
affiliation (political party, orientation on fiscal issues, and orienta-
tion on social issues [21]); Cognitive Reflection Test score [8]; six
constructs related to individualism and collectivism [4]; and the
Reading the Mind in the Eyes score [20].

Team Size is determined by randomization (either 3 or 6). Task
Attributes are the 24 dimensions drawn directly from the Task
Space [14], and Task Complexity is encoded as a dummy variable
(low, moderate, or high). Finally, Communication features are drawn
from a systematic review of validated measures (e.g., [5]). Because
teams had a continuous chat over multiple games, we examined
the chats at three different levels — the instance level (analyzing
only what was said about a specific game), the class level (analyzing
everything said about a set of games), and the cumulative level
(analyzing everything spoken up to the present). Across all models,
our dependent variable is task performance, which is normalized
from 0 to 100 for each task.

Model Specification. To test the predictive power of each team
facet, we fit separate ElasticNet regressions predicting task perfor-
mance using the features in each facet. Each model’s hyperparame-
ters (the penalty term and L1 ratio) were seeded with the results
of 10,000 iterations of k=5-fold cross-validation, then tuned with
25 iterations of Bayesian Optimization using Facebook’s Adaptive
Experimentation (Ax) platform. We then evaluate the models us-
ing Q?, a measure similar to R? that estimates prediction quality
with jackknifed residuals [7, 22], at both the task class and the task
instance levels.

Results. Figure 1 and Table 1 summarize our main results.
Among the five teamwork facets we considered, task attributes
emerged as by far the best predictor of a team’s score; since Q2,
like R?, can be interpreted as a “percentage of variance” explained
by the model, these features explained 21.7% of variance at the
task instance level, and 19.4% of variance at the task class level.
Pairwise t-tests between task attributes and each of the other facets
are all significant at the p < 0.05 level, after correcting for multiple
comparisons using the Benjamini-Hochberg procedure. Relative to
task attributes, other features had minimal predictive power. Task
complexity was near-zero at the instance level and 2.7% at the class
level. Team composition was also near-zero at the instance level
and only 2.3% at the class level, and team size also had negligible
Q2 at both levels of analysis. This may partly reflect the nature of
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Table 1: Main results from our preliminary analysis (as this
is ongoing work). The top row shows results for the Task
Instance unit of analysis (n = 1,043) and the bottom for the
Task Class unit of analysis (n = 423). Task Instance is abbre-
viated as T.L; Task Class as T.C., and Cumulative as C.

Factor Mean Stdev  95% CI 95% CI
Lower Upper

Task Instance

Team Composition -0.005 0.013 -0.008 -0.003

Team Size -0.026 0.008 -0.027 -0.024

Task Attributes 0.217 0.023 0.213 0.222

Task Complexity -0.009  0.011 -0.012  -0.007

Communication (T.I)  0.058 0.020 0.054 0.062
Communication (T.C.) 0.055 0.018 0.051 0.058

Communication (C.) -0.010 0.012 -0.012 -0.007
Task Class

Team Composition 0.023 0.029 0.017 0.029

Team Size -0.022 0.012 -0.024 -0.019
Task Attributes 0.194 0.035 0.187 0.201

Task Complexity 0.027 0.026 0.022 0.033

Communication (T.C.)  0.050 0.033 0.044 0.057

Communication (C.)  -0.010  0.020 -0.014  -0.006

the activity; while a laboratory study makes it possible to precisely
operationalize each team factor, it also limits the scope to teams
playing short games (lasting no more than 5 to 10 minutes). Given
the brevity of these interactions, team members may have limited
opportunities to showcase their individual personalities, which may
explain the minimal importance of team composition.

The predictive power of communication features varied de-
pending on the analysis procedure. Under the cumulative scheme,
communication features were not predictive at all. However, under
the task class and task instance schemes, communication was more
predictive (explaining 5—6% of variance). These results likely reflect
the domain specificity of communication, as well as its endogeneity
to other factors; that is, communication mediates “inputs” such as
task attributes and team composition [18, 19]. As this research is
ongoing, we plan to further explore the mediation relationship in
our next analyses.

Our findings underscore the substantial role that the task plays
in moderating findings about teams. Tasks were more predictive
of a team’s eventual success than nearly every other measurable
factor, and given the prevalence of laboratory-based team studies
in social science, our findings call attention to the fact that results
from one task may not generalize to another [14]. They also reveal
new avenues of inquiry: Mathieu et al’s comprehensive review [17]
found that team compositional features are studied 50% more fre-
quently than task- or structure-related features (150 studies for the
latter, compared to 99 studies for the former), even though, in our
study, task features were 10 times more predictive of performance.
Consequently, if researchers and practitioners seek to understand
how a team will perform, they should begin by paying attention to
what the team is being asked to do.
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Team Facet Predictive Power at Task Instance Unit of Analysis (n = 1,043)
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Figure 1: Results for the task instance (top panel) and the
task class (bottom panel) units of analysis. Each panel de-
picts a bar graph with the Q? for each model, fit using the
five different facets. There are multiple bars for Communi-
cation features, reflecting different ways of aggregating the
communication features — either analyzing only the chats
associated with a specific task instance (“Within Task In-
stance”); those associated with all levels of complexity for a
task class (“Within Task Class”); or all team conversations
that took place prior to the current activity, including discus-
sions about other tasks (“Cumulative”). Error bars represent
the 95% confidence intervals using the ¢ statistic for the Q?
estimates, based on 100 bootstrapped samples. Finally, we il-
lustrate pairwise t-tests, correcting for multiple testing using
the Benjamini-Hochberg procedure. As nearly all tests were
significant to p < 0.05, we highlight only the non-significant
comparisons (indicated with n.s.).
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ABSTRACT

Al-driven training systems have gained popularity across various
disciplines, including disaster response, pilot training, and med-
ical education. Many such systems use "hints," leveraging Al to
identify key decision points and suggest actions to aid trainees.
Some hint-based Al-driven training systems have been shown to
improve trainee performance in deployment when conditions are
similar to those in training. However, when conditions in deploy-
ment substantially differ from those in training, trainees often fail to
generalize the hints to unseen scenarios, resulting in a decrease in
performance. Meanwhile, the recent development of explainable Al
has provided opportunities to address the generalization challenge
by providing explanations to improve humans’ understanding of Al
hints. In this work, we explore the effect of providing explanations
alongside hints in Al-driven training in a simple navigation task.
As an exploratory investigation, we utilize large language models
(LLMs) to generate explanations about which features of the task led
to the given hint. Our preliminary results suggest that, in our simple
navigation task with LLM-generated explanations, while providing
explainable hints improves trainee performance in environments
similar to training, it promotes over-reliance on the Al-provided
hints. This results in decreased performance in environments un-
seen during training. Future work would include examining other
mechanisms of explanation generation and investigating the effects
in other tasks.
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1 INTRODUCTION

As Al becomes increasingly powerful, it offers unprecedented op-
portunities to enhance human decision-making capabilities, par-
ticularly in complex and challenging environments. One common
approach for Al to augment human intelligence is to provide sug-
gestions to human decision-makers in the form of hints where a
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hint is implemented as a suggestion of what action to take at a given
time point. In particular, prior works have shown that it is possible
to leverage Al techniques to identify effective hints to provide to
human decision-makers (3, 7, 19].

While leveraging Al hints to assist humans is promising, offering
these hints in deployment is not always practical. It can become too
cumbersome or distracting, especially in situations that require fo-
cused attention from decision-makers. For example, a pilot evading
enemy fire may not be able to process advice from an Al system in
deployment due to the need to concentrate on immediate threats. In
such scenarios, an alternative is to utilize Al hints during training
rather than in deployment, helping trainees learn to avoid poten-
tial mistakes in deployment. However, similar to the sim-to-real
challenge in robotics [20], there is often an unavoidable gap be-
tween the training environments and deployment environments.
To effectively utilize AI hints for training, one major challenge is
to ensure that humans can generalizevhat they have learned to
environments they have not encountered during training.

To achieve generalization, human decision-makers need to un-
derstand the AI hints and selectively apply the concepts learned in
training to tasks during deployment, as directly mimicking train-
ing actions and decisions might result in negative outcomes in
previously unseen environments. Given this goal is similar to the
recent development of explainable Al [18], in this work, we explore
whether providing explanations alongside AI hints during training
can help trainees to generalize the hints from training to deploy-
ment. In particular, during training time, in addition to providing
trainees with Al hints, suggestions on what actions to take at given
time points, we also provide explanations that suggest why the
hints are generated.

As an exploratory study, we conducted experiments on the
Mouselab game developed by Callaway [7]. We leverage their
methodologies in generating Al hints. To generate explanations, we
utilized recent advancements in large language models (LLMs). We
provided ChatGPT with the task and the corresponding hint, asking
it to generate explanations about which features of the task led to
the given hint. Our results demonstrate that, in our experimental
setting, providing explainable hints improves trainee performance
in environments similar to training. However, it also promotes
over-reliance on the Al-provided hints, resulting in decreased per-
formance in environments not encountered during training. While
our preliminary results are discouraging, they highlight the im-
pact of explanations on trainee performance in Al-driven training
systems. Moreover, our findings align with existing literature on
explainable Al which often shows that providing explanations can
lead to over-reliance on Al outputs [5, 6, 16]. This suggests a po-
tential direction for future research: leveraging insights from the
explainable Al literature to mitigate over-reliance and enhance the
generalization abilities of trainees.
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