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Abstract. This paper explores how different human-Al collaboration
protocols (HAI-CPs) influence performance in individual human+ AT ‘cen-
taur’ settings as well as in ‘computer in the group’ settings. Establishing
effective HAI-CPs is essential to advancing Human Work Interaction
Design (HWID), especially as industries move from the question of Al
adoption to the challenge of integrating Al sustainably and effectively
into collaborative workflows. Based on an experiment with logic puzzles
supported by a simulated GPT-like Al, this study assesses AI’s impact
on decision-making, particularly regarding automation bias (the degree
to which AI misleads users) and algorithmic aversion (the rejection of
accurate Al recommendations). Our findings reveal that Al significantly
enhances the cognitive performance of both centaurs and groups (‘Bi-
gae’), acting as a performance leveler by improving outcomes for lower
performers more than high performers. Centaurs and Bigae’s reported
perceptions and observed error rates suggest that collective intelligence
leads to less reliance on Al in group settings, relegating the machine to
a more peripheral (adjunct) role in the decision-making process. While
collectives are still improved by adding Al systems as additional average-
performing teammates, deliberation with peers still appears to be the
most powerful booster of human performance, and collective intelligence
still outperforms individual intelligence, even when this is supported by
Al

Keywords: Human-AT Interaction - Group Decision-Making - Hybrid
Intelligence - Technology Dominance - Kasparov’s Law - Frictional Al
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1 Introduction

Recent research has consistently confirmed the benefits of Artificial Intelligence
(AI) in individual decision-making, where Al-based support is leveraged for
cognition- and knowledge-intensive tasks in single-user settings [22]. This body of
work has strengthened the legitimacy of the ‘centaur’ model (human-AI hybrid
intelligence) in Human-AT Interaction (HAIT) [19].

The centaur model symbolized a synergistic collaboration in which the com-
plementary strengths of human and machine intelligence are integrated to achieve
superior outcomes. The model gained prominence through the experiences of
Chess Grandmaster Garry Kasparov, whose widely publicized defeat against
IBM’s chess-playing system Deep Blue in 1997 marked a pivotal moment in the
evolving narrative of human versus machine intelligence. Rather than framing
this as a zero-sum competition, Kasparov envisioned a new paradigm for collab-
oration.

This vision led to his creation of Advanced Chess, a format where human
players enhance their decision-making by partnering with AL It was in this
context that the term ‘centaur’ emerged, describing the Advanced Chess player
who blends Al’s computational efficiency with their own intuition and creativity.

This term has been previously used in workplace studies, with Dell’Acqua
et al. [19] defining as ‘centaurs’ those workers who strategically delegate tasks
between Al and themselves, leveraging the strengths of each.

While the centaur model has demonstrated success in individual settings,
achieving effective and sustainable integration into broader work environments
presents an ongoing challenge.

Extending this concept to group deliberations, where decisions are made
collectively, introduces added complexity in the interactions between humans,
AT, and group members in collaborative settings [23]. This complexity, however,
presents opportunities for richer outcomes [14] as it can be mitigated through
collective sense-making, where team members jointly interpret and understand
the AI system, enhancing group cohesion and performance [23].

This paper contributes to this nascent strand of research by exploring how
different human-AT collaboration protocols (HAI-CPs) [8] influence group perfor-
mance in hybrid human-AI decision-making settings, particularly in the context
of solving logic puzzles collaboratively.

Understanding and establishing optimal HAI-CPs is crucial for advancing
Human Work Interaction Design (HWID). As industries shift their focus from
adopting Al to integrating it effectively into collaborative workflows and complex
analytic tasks [19], it becomes clear that the quality of human-AT interactions
is as critical—if not more so—than the quality of AI itself for decision-making
and performance. This requires a detailed investigation of the dynamics that
characterize human-machine interactions [34], resonating with Malone’s call for
a deeper understanding of how human intelligence and computational power can
together address complex cognitive challenges effectively [27].

Integrating Al into collaborative decision-making must be approached as a
matter of sustainability, not only due to the environmental costs of Al but also in
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consideration of its potential long-term impacts on human skills, responsibility,
and workforce inclusion.

This broader view on sustainability aligns with HWID’s commitment to fos-
tering the UN Sustainable Development Goal of ‘Decent Work’ (SDG 8) by pri-
oritizing skill-preserving and meaningful work environments [15]. This includes
addressing “cognitive work environment problems”, defined by Sandblad et al. as
“when properties of the work environment hinder the workers to use their skills ef-
ficiently” [36]. Tackling the complex cognitive challenges in technology-intensive
workplaces requires careful design and are thus less frequently addressed than
physical and psychosocial factors, with Bouzekri et al. [5] admitting in 2023 that
(until then) “little HWID research has so far addressed |...] social dimensions
of sustainability”.

In this study, we use the mythological and historical terms ‘Centaurs’ and
‘Bigae’ to metaphorically describe three different HAI-CPs, as detailed Section 3.
The centaur (1), a mythological hybrid, represents a system where humans and
Al collaborate as a single unit, blending human intuition with AI’s computational
power. The Roman two-horse chariots, named ‘Bigae’, represent instead the
group collaboration setting, further categorized into Group-first Bigae (2) and
Al-first Bigae (3). Historically, Bigae are driven by charioteers named ‘Aurigae’:
here, we use this term to refer to the individuals within the group making their
autonomous decision during the pre-group deliberation phase.

This study is also a first of its kind in assessing technology dominance [1] in
group deliberation settings. This refers to the impact of Al on decision-making
in terms of automation bias (the extent AI misleads users or groups) and algo-
rithmic aversion (the extent humans reject AI recommendations) [7].

By examining these phenomena, we aim to shed light on how AI shapes
decision-making in collaborative environments, offering insights that are critical
for understanding and optimizing Human-AT interaction in workplace settings
for their long-term sustainability.

2 The Adjunction Perspective to the Computer in the
Group

The integration of Al into decision-making processes offers a dual perspective:
AT acting as an agent that can either collaborate with or supplant human users,
or Al serving as a powerful tool enhancing human capabilities, positioned as
“supertools and active appliances” that amplify human capabilities to achieve
masterful outcomes, rather than as teammates or collaborators [39]. Further
emphasizing group dynamics, Malone suggests shifting from placing humans in
the loop to integrating Al systems within the human group [27], a sentiment
driven further by Shneiderman’s mantra, “Humans in the group; computers in
the loop” [3§]

Elaborating on these proposals, we propose the concept of adjunct AT [12],
likening it to a computer “in the coop”, that is, relegated to an ancillary and pe-
ripheral position and function, especially so for decision-support systems based
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on Large Language Models (LLM) that have recently been equated to “stochastic
parrots” by Bender et al. [4]. This isolation “in the coop”, stems from reflections
on the potentially adverse effects of Al on individual cognition, including au-
tomation bias, complacency, and algorithm aversion [25].

Adjunct AI can be considered an instance of Frictional AI [31], in that
it ensures that decision support systems stimulate user cognitive activation,
countering the motivational dip observed when humans collaborate with high-
productivity AI [18]. When adjunct, AI acts as a post-consultation or second
opinion mechanism which requires initial human decision-making. This aims
at mitigating both anchoring bias [14,2] and possibly groupthink phenomena
[3].Anchoring bias, where initial AT recommendations heavily influence subse-
quent deliberations, risks constraining decision-makers’ perspectives [14]. For
example, it has been observed that many groups often commence their delibera-
tive process by discussing topics related to AI recommendations [14]. While this
direct initiation of discussions based on Al recommendations might anchor deci-
sions, the diversity of opinions within a group can serve as a counterbalance, di-
luting the anchoring effect through exposure to varying viewpoints [14]. Still, the
absence of individual pre-deliberation decisions may lead to a homogenization of
thought, known as groupthink, where dissent and innovation are stifled [3]. This
dynamic interplay suggests that the structure of interaction with AI-—whether
initiating discussion or following individual deliberation—significantly influences
the cognitive biases at play within group decision-making processes. By encour-
aging initial independent decision-making, followed by Al consultation, Adjunct
AT can facilitate a balance between leveraging Al insights and preserving indi-
vidual and collective critical thinking.

Previous research underscores the advantage of group decision-making where
AT contributes to group discussion (Bigae) over human-ATI dyads (Centaurs) [10].
Rather than serving as oracles [30], AI systems should be catalysts for collective
discourse, leveraging human transactive memory and social skills to mitigate the
biases associated with Al-dominated decision-making, or agential AI [10]. The
impact of Al in decision-making is difficult to understate, as Decision Support
Systems posited as “structuring the cognitive process latent to the decision-
making” even when providing access to the necessary information sources [37].
Our approach advocates for positioning Al as an enabler of enhanced cognitive
engagement and collective intelligence, shifting its role from a dominant agent
to a supportive, consultative entity [12|. This reimagined interaction seeks to
amplify the benefits of human-Al collaboration, leveraging the unique strengths
of both while mitigating known cognitive biases and fostering a more dynamic,
thoughtful, and hybrid [20] decision-making environment.

3 Methods

3.1 Participants

Forty-six Master’s students from a ‘Communications and Technology’ degree
participated, forming 22 human-AlT pairs, or ‘Centaurs’, and six teams, or ‘Bigae’
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(i.e., chariots), who act as a collective, expressing a single decision. We chose this
term to represent the enhanced collective dynamics through human-AT teamwork
as sort of ‘super minds’, in Malone’s terminology [27]. Bigae are composed of
four participants named ‘Aurigae’ (i.e., charioteers), who are individual decision-
makers in the initial step. We further categorized Bigae in two different HAI-
CPs based on the timing of Al advice: Group-first teams discussed potential
solutions before Al consultation, while Al-first teams received Al input before
deliberation (see Figure 3). These two HAI-CPs have been previously studied
in the literature focusing on identifying and studying cognitive biases only in
individual decision-making processes arising from interaction with AI support
systems (see, for example, [6] and [8]). Finally, Centaurs are human-Al pairs
where an individual works directly with the AI support. All three participants
configurations are illustrated intuitively in Figure 2.

The composition of these groups, albeit random, ensured gender diversity
with a majority of women (on average, 2.71 women and 1.28 men per four-
person group), possibly aligning with Woolley et al.’s observations on ideal group
composition for team performance [42] albeit the significance of gender for team
cooperation has been debated in the HWID literature [44]. The variation in
experimental protocol according to the assigned HAI-CP are detailed in Section
3.3 and in Figure 3.

3.2 Materials

Interface. We employed a simulated ‘Wizard-of-Oz’ [16] GPT-like interface de-
veloped via Figma, as shown in Figure 1. The system appeared to respond to
images of pattern reasoning tasks or transcriptions of word logic puzzles, to
which it provided both answers and accompanying rationales.

@\

The number pair that does not meet the required conditions and must be discarded is E)
22:54.

The other pairs of numbers in the list are palindromes, i.e. they can be read the same way
from left to right and from right to left

Fig. 1: Simulated interface shown to the participants, with an example of an erroneous
AT suggestion in response to the puzzle “Deduce the pair of numbers to discard from
those proposed below: A) 11:22; B) 01:11; C) 15:51; D) 16:61; E) 22:5/” (screenshot
translated from Italian).

To assess group and individual performance in terms of accuracy and examine
the influence of AI, even when providing incorrect answers, we designed the
19 responses of the simulated Al so that would be 13 correct and 6 incorrect,
resulting in an accuracy rate of 68.42%.
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This accuracy rate closely aligns with, but exceeds, the 62.5% accuracy rate
set by Chen et al. [13] in their study on human-AT decision-making with explana-
tions. The authors chose this rate to oversample incorrect Al predictions, where
oversampling incorrect predictions enabled deeper investigation into participant
reliance on Al

Furthermore, selecting a clearly less-than-perfect accuracy rate mirrors re-
alistic scenarios reflecting the limitations of LLMs. Given the well-documented
struggles of LLMs with logical tasks [35], the chosen accuracy rate could be con-
sidered generous, especially considering the period of experimentation, which
occurred before the release of more advanced GPT systems like ChatGPT-4o.
This design choice aimed to present the Al as a realistic tool, with strengths and
weaknesses, to provide participants with an authentic experience of interacting
with current AT limitations.

To minimize the risk of negative priming due to inaccurate answers and fos-
ter user trust in the AI system, we designed the initial sequence of responses
to include 9 consecutive correct answers. The first 2 answers displayed highly
relevant and compelling explanations, while lower-quality explanations were de-
liberately included in answers 3, 5, 7 and 9. Wrong answers were introduced later
at questions 10, 12, 14, 16, 18 and 19, with all other responses being correct.
This design choice allowed us to investigate the level of user trust in an Al that
makes mistakes, as well as to verify potential automation biases.

This strategy aimed to create an initial positive impression of the Al as a
reliable, though not infallible, tool. This positive priming could subsequently
influence user willingness to accept Al suggestions even when incorrect.

While alternative response patterns might foster a more dynamic trust-
building experience, the use of an initial sequence of correct answers as a trust-
building strategy has been documented in the literature on interactive XAI sys-
tems [32,33]. This approach was chosen for its effectiveness in enabling cross-
comparison of trust formation among different groups, allowing us to study au-
tomation bias in a controlled and consistent manner.

Pre- and Post-test Assessments. We also conducted both pre- and post-test as-
sessments of perceived trust and utility regarding Al interaction, with question-
naires drawing from validated scales such as the Artificial Intelligence Anxiety
Scale [41] and the Technology Acceptance Model [17]. These questionnaires in-
cluded questions on trust in AI and the perceived benefits of Al support and
allowed us a comprehensive view of participants’ attitudes towards Al. We ag-
gregated the TAM-related questions to construct a UTILITY score, which were
associated with a .85 Cronbach’s Alpha.

3.3 Procedure
In this study, we investigated the effects of AI on decision-making accuracy

and cognitive biases in both individual and group contexts. The experiment
involved administering 19 logic puzzles, including numerical and alphanumeric
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logic, deductive reasoning, graphic interpretation, and anagrams from the web-
site Youmath*. The 19 items were selected and extracted from higher-level
quizzes so that the task would be challenging for the subjects, thus evoking
the need to include the AI’s opinion and support. The rationale behind choosing
these types of puzzles was to simulate tasks that individuals commonly face alone
but could benefit from collaborative problem-solving and Al support. While the
puzzles are generally solved individually, our aim was to examine how transi-
tioning from individual to collective, Al-augmented problem-solving could reveal
shifts in cognitive reliance and performance. This setup allowed us to analyze
whether group deliberation could mitigate the influence of automation bias or
algorithmic aversion typically observed in solitary decision-making.

Fig. 2: On the left, a representation of the Centaur configuration (human - upper body,
Al system - lower body) On the centre, the Al-first Biga configuration (four humans -
the ‘Aurigae’, Al system - the horse). On the right, the Group-first Biga (Aurigae first
deliberate together: only then will they take the reins of the Al system).

Having introduced in Section 3.1 the general concept of the different collab-
oration protocols used in our study, we now provide a more detailed description
of each of specific configuration within the experiment procedure. In our experi-
ment, we tested three different HAI-CPs to better understand their influence on
decision-making outcomes:

— Group-First Bigae: In this configuration, group members (Aurigae) dis-
cussed potential solutions within their groups before consulting the AI sys-
tem. This protocol aimed to observe the natural flow of group deliberation
and the influence of AI when introduced after an initial group decision was
made. This allowed us to measure how AI input could alter or refine group
consensus.

— Al-First Bigae: Conversely, in this protocol, group members (Aurigae)
first received the AI’s suggestion before engaging in group discussions. The
goal here was to understand how Al could prime discussions, potentially
influencing group dynamics by anchoring initial deliberations to the AI’s
suggestion.

— Centaurs: In this individual-focused collaboration model, each participant
worked directly with the AI system, aiming to combine human decision-
making skills with AI’s computational power. This setting allowed us to

* https://www.youmath.it
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isolate the impact of Al on individual performance without the complexities
introduced by group interactions.

These protocols were chosen to explore the dynamics of human-AT collabora-
tion beyond its outcomes in terms of accuracy, emphasizing the process of how
decisions are made within different collaborative settings.

The experimental phase took place in-person, within university spaces. It be-
gan with an initial questionnaire (via Google Forms) to gauge the participants’
predispositions towards teamwork and Al interaction, followed by six collabora-
tive sessions (plus one centaur-specific session), and concluded with a post-test
questionnaire. Fach session lasted approximately 1 hour and 30 minutes, includ-
ing the initial and final questionnaires.

Phase 1: Initial Questionnaire. The initial questionnaire involved completing
18 questions on Google Forms to assess the predisposition to interaction with
ATl systems and, for aurigae participants, to teamwork. The questions can be
divided into two subcategories: a section of 3 questions on the perceived useful-
ness of using artificial intelligence; a section of 9 questions on the predisposition
to group work. Users were asked to indicate their degree of agreement along a
six-point Likert scale-like semantic differential where 1 corresponded to (totally
disagree) and 6 to (totally agree), to mitigate central tendency bias.

Phase 2: Collaborative Sessions. Following the initial questionnaire, participants
were then sequentially shown 19 logic puzzles with four answer options (‘Case
presentation’ in Figure 3) and asked to provide anonymous individual answers
via LimeSurvey®, including their confidence level for each response on a 4-value
ordinal scale, where 1 corresponded to the minimum confidence and 4 to the
maximum confidence (Step 1, ‘First Individual Answer’ and ‘Confidence Collec-
tion’, 60”).

The collaborative session protocol then varied by HAI-CP, as illustrated in
Figure 3. Specifically:

— Group-First Bigae: Participants discussed possible solutions together and
were asked to provide a first group decision, denoted as the ‘auriga’ decision
(Step 2, ‘1° Group Deliberation’, 60”). After that, participants consulted
the AI advice and together developed the final ‘biga’ (group+AI) answer
(Step 3, ‘FHD collection’, 60”). Both responses were manually marked by
the moderators.

— AI-First Bigae: Participants consulted the Al before having the opportu-
nity to talk to each other, and after two minutes of group discussion were
asked to provide a final ‘biga’ answer (Step 2, ‘FHD collection’, 120”). This
response was manually marked by the moderators.

® http://limesurvey.org
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— Centaurs: The participant consulted the Al system and provided their final
answer (Step 2, ‘FHD collection’, 120”). This response was marked indepen-
dently by the participants on the LimeSurvey platform.

In all configurations, the total time allocated for each logic puzzle was 180”.

WEIGHTED MAJORITY 1° GROUP FINAL
AURIGAE VOTE DELIBERATION DELIBERATION

_ O 60" 60’ 60’
ol O to—e@ @
Lo

AURIGAE § )
__ 60 120 ,
O NO PAUSE A

NO DELIBERATION T 1

Al-FIRST _J O »Qeee_’;‘\ FHD
BIGAE O ........... S a
{HD1 i AR

PR . NO PAUSE / NO DELIBERATION [ |
CENTAUR ( }

60 iHD1 !
—1— > @ [Fo

Case INDIVIDUAL - CONFIDENCE Al FHD
PRESENTATION ~ ANSWER  COLLECTION ADVICE COLLECTION

Fig. 3: Group deliberation scheme for Group-First Bigae, AI-First Bigae and Centaurs.

Phase 3: Final Questionnaire. A final questionnaire assessed participants’ atti-
tudes towards Al post-experiment, mirroring the initial questionnaire but with
varied question order and phrasing to ensure participants would not mindlessly
replicate the answers provided before the experiment.

3.4 Reliance Patterns

Reliance patterns have been proposed as a critical framework for evaluating the
influence of Artificial Intelligence within Al-enhanced decision-making processes
[7]. These patterns are rooted in the theory of technology dominance [1] and, as
outlined in Table 1, they describe how humans interact and rely on Al systems
during the decision-making process through a sequence of decision stages: an
initial, unassisted human decision (HD1), the subsequent AI advice (AI), and the
final Al-supported human decision (FHD). By analyzing the correctness (and/or
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incorrectness) of decisions at each stage, reliance patterns offers a structured
method to quantify the impact of Al on human decision-making, that allows
to assess the extent to which individuals might adjust their initial judgments
after considering Al input. For example, Al advice enhances decision-making
by encouraging the rejection of initially incorrect human decisions (HD1) in
favor of correct Al advice, or conversely, Al support may detrimentally lead
individuals to discard their correct initial decisions for incorrect final decisions
(FHD) based on erroneous AI recommendations. We elaborated these reliance

Table 1: Definition of Automation Bias and Conservatism Bias as reliance patterns
between human decision makers and their AI system. In the first three columns, 0
denotes an incorrect decision, and 1 a correct decision.

Human judg-|Al support|Final decision|Reliance pattern

ment (HD1) |[(AI) (FHD)

1 0 0 Detrimental Over-reliance (Au-
tomation Bias)

0 1 0 Detrimental Self-reliance (Con-
servatism Bias)

patterns via the open-access tool Human - Al Interaction Assessment® to assess
the levels of automation bias and conservatism bias displayed by the responders.
The collection of HD1, AT and FHD is illustrated in Figure 3. Notably, for Group-
First Aurigae, HD1 refers to the first, pre-Al Group (Bigae) Deliberation. For
Al-First Aurigae, instead, HD1 was the weighted average of individual, pre-
AT responses, according to the responder’s confidence. Weighted averages were
considered in place of HD1 in order to isolate the effect of group deliberation in
a cross-HAI-CP comparison (Group First vs. AI-First) as well an intra-HAI-CP
comparison (Weighted Average vs. Group Deliberations in Group-First Bigae).

4 Results and Discussion

4.1 Centaurs vs. Bigae: Kasparov’s Law in Action

Initial human group performance was 57.89% for Al-first Bigae and 50% for
Group-first Bigae, compared to the AI performance of 68.42%. To guide our
analysis, we built on the study by Cabitza et al. [9] on radiological double reading,
which explored Kasparov’s law [24]. This law posits that "Weak [sic/ human +
machine + better process is superior to a strong computer alone.” In their study,
the researchers found that groups of humans who initially perform worse than Al
can significantly outperform it when their judgments are aggregated via majority
voting. We observed a similar phenomenon in our study, as both Group-first

5 https://haiiassessment.pythonanywhere.com, last accessed 29/12/2024



Humans in the Group, Computers in the Coop 11

and Al-first HAI-CPs showed marked improvements in group performance after
deliberation.

Final group performance reached 78.95% for Al-first Bigae and 75% for
Group-first Bigae, representing gains of +21.06% and +25%, respectively, com-
pared to their initial performance. Notably, these final performances also ex-
ceeded Al performance, though not statistically significant, with Al-first Bigae
outperforming AT by +10.53% (t(56) = 1.6, p = .109) and Group-first Bigae
by +6.58% (t(75) = 1, p = .300). In contrast, Centaurs, who did not aggregate
their judgments with others, achieved a final performance of 69.14%, compara-
ble to AI albeit marginally higher (+0.72%), and this difference not statistically
significant (t(417) = 0.3, p = .756). As these findings suggest alignment with
Kasparov’s law, further studies are needed to robustly validate this trend with a
larger sample to further support the idea that a ’better process’ emerges through
collaborative human efforts, rather than relying solely on individual human-Al
pairings.

Moreover, we observed that the Al acted as a performance leveler, as shown
graphically in Figure 4: global performance variance decreased and the aver-
age performance of the low-performers increased. This means that the low-
performers (at pre-support step), both individuals and teams, improved more
than high-performers at the post-support step. This phenomenon was analyti-
cally confirmed through a negative (-0.55) and statistically significant Pearson
Correlation Coefficient (p=0.002), as well as by the angular coefficient of the
regression line (-0.43).

As for Automation Bias, it was lower for Aurigae as expected, while for
Conservatism Bias we did not observe any statistically significant difference,
though Aurigae had higher variance (Figure 5). Despite these differences, both
Aurigae and Centaurs reported increased trust in Al, with Aurigae showing a
significantly higher trust level post-test (p=0.028, effect size=0.31).

4.2 Deep Dive into Group Deliberation: AI-First vs. Group-First

We found no statistically significant difference in teamwork predisposition be-
tween the Aurigae in Group-first and Al-first Bigae (p=0.2258, effect size=0.23),
suggesting that our findings on group performance were not inadvertently skewed
by this variable.

While in Al-first Bigae we could not decouple the collective intelligence ef-
fect (that is the power of discussion) from the AI influence, this was possible
in the Group-first Bigae. In fact, the first group deliberation of Al-first Bigae
necessarily followed exposure to Al advice and could as such be influenced by
it. Instead, the initial group decision of the Group-first Bigae was the result of
the collective deliberation of the members preceding any exposure to Al advice.

We observed no significant difference in the perceived utility of Al between
the Al-first and Group-first HAI-CPs (p=0.2114, effect size=0.17), although
Group-first Aurigae experienced lower Automation Bias and higher Conser-
vatism Bias (Figure 5), thus relying less on Al
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User Group

FHD - HD1

Fig. 4: Benefit Diagram for Aurigae and Centaurs, showing an increase in performance
for both types of users.

—o— Aurigae
—e— Centaur

0.001 1000 <01

1 1 10 0.5 1 2
Automation Bias (Causal) Detrimental Algorithmic Aversion

(a) (b)

Fig. 5: (a) Automation Bias Diagram for Aurigae and Centaurs, showing a significantly
lower automation bias for Aurigae and (b) Conservatism Bias Diagram for Aurigae and
Centaurs, showing similar levels for Centaurs and Aurigae.
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For Al-first groups, the average of 8.3 errors at Weighted Average became
3.7 errors after exposure to Al advice (FHD), a 58% decrease. Group-first Bigae
exhibited a lower basal Weighted Average accuracy, averaging at 9.5 HD1. How-
ever, their transition from Weighted Majority (38 errors) to Group Deliberation
(32 errors) marked a 16% error reduction, while the final error count post-Al
exposure dropped by 41% compared to Group Deliberation (and 50% relative to
Weighted Majority). This provides a more granular description of the difference
in final accuracy observed in Section 4.1 which was 3.95% lower for Group-First
Bigae.

Our conjecture is that, within the Group-first setting, discussions that pre-
cede AI consultation risk entrenching groupthink phenomena and marginaliz-
ing AT input due to a pronounced algorithmic aversion. Specifically, Group-first
configurations face the challenge of integrating Al advice within a constrained
timeframe — having only a minute to incorporate Al perspectives following ear-
lier group deliberation. Conversely, Al-first groups benefit from two minutes of
deliberation time in light of the Al advice, allowing for a comprehensive eval-
uation of AI suggestions alongside individual initial decisions. This structure
may curb groupthink as well as encouraging a more critical engagement with Al
input, where discussion is initiated by critical reflections on AI’s contributions
[14]. While group deliberation undeniably influences and enhances outcomes, the
integration of Al within these discussions emerges as powerful a determinant of
group performance. In light of the critical role of the initial private decision [3],
we advocate for a model where humans remain at the core of the group, with
AT serving as an adjunct ‘in the coop’, acting as a trigger to group deliberation
that also allows for its suggestions to be doubted and discussed by the human
team. This approach balances AI’s role in stimulating dialogue and ensuring that
human intelligence remains at the forefront of collective decision-making.

5 Conclusion

Our findings reveal AI’s potential in augmenting group intelligence and facilitat-
ing productive deliberation, suggesting the importance of integrating Al into col-
laborative settings through sustainable, human-centred approaches. This study
on HAI-CPs aligns with HWID’s goal to foster working environments that pri-
oritize human skill, intuition, and well-being, in line with the Sustainable De-
velopment Goal of “decent work for all” (SDG 8) [15]. By tailoring effective
HAI-CPs for specific work environments, we can support more resilient teams
where individuals benefit from AI support without experiencing dependency or
skill erosion.

The various HAI-CPs studied in this work can contribute to the identification
and understanding of new human-Al interaction patterns in collaborative work
environments. Specifically, these protocols illustrate how different approaches to
AT integration—whether Al-first, human-first, or adjunct—can shape user expe-
rience in ways that either enhance or inhibit effective collaboration. This insight
complements HWID’s emphasis on the careful design of interaction models that
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Fig. 6: Benefit Diagram for Weighted Majority vs Group Deliberation Aurigae, show-
ing the higher basal performance for group deliberation and clear improvement for both
WM and GD following exposure to Al advice.

are adaptive to the specific needs of users and their work environments [21, 40,
29], and further develops the research on the validity of Kasparov’s Law [24, 10].

Sustainability, as understood by Kuhlman and Farrington’s, extends beyond
environmental preservation to include other essential resources as legacies for
future generations [26, 5]. In this context, recent concerns about over-reliance on
AT highlight the importance of safeguarding human skill and intuition as integral
to sustainability at large. Specifically, we have shown how the use of Al in an
auxiliary role has been shown to enhance the ability to maintain consistent per-
formance among participants, particularly benefiting those with initially lower
performance levels by promoting a more equitable distribution of cognitive load
within the group.

However, we acknowledge certain limitations in our study’s methodology and
scope. Specifically, the formation of groups did not account for individual per-
formance levels or internal leadership dynamics. In addition, our use of logic
tasks does not adequately reflect current capabilities of LLMs [43], so we chose
to simulate these ones as a proxy to explore Al-enabled ‘hybrid intelligence’ in
a non-professional setting, preferring it to notion-driven tasks such as trivia.
Another potential limitation of this study is related to the choice of task types.
Although our study focused on logic puzzles typically used for individual cogni-
tive training, we acknowledge that different types of tasks could potentially have
influenced the outcomes. Tasks that require more explicit collaboration, such as
problem-solving that benefits from diverse skill sets or tasks involving creativity,
might yield different group dynamics and Al reliance patterns.

Future research should then investigate the differences between AI contribu-
tions that are limited to simple ‘advice and explanation’ (as in our study) and
more complex, interactive scenarios facilitated by advanced LLMs.
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The study was designed with a high degree of control, including specific
tasks (logic puzzles), a fixed sequence of correct and incorrect AI responses,
and predefined collaboration protocols. These choices were necessary to isolate
variables like automation bias and trust-building. While the study’s controlled
design allows for rigorous exploration of HAI-CP dynamics, its generalizability
to real-world work environments is inherently limited by the specificity of tasks
and experimental conditions.

Despite these constraints, the findings offer a foundational understanding of
HAI-CP dynamics, providing hypotheses for how similar patterns might man-
ifest in professional settings. Future research should test these hypotheses in
diverse and realistic contexts, incorporating varied task types, Al capabilities,
and organizational constraints to validate and refine their applicability.

Ultimately, our study contributes to broader research on AI’s potential to
enhance group intelligence and stimulate human discussion, thus ensuring that
AT does not merely act as deus ex crowd for challenging tasks [28]. Instead, the
adjunction approach exemplifies what has been termed frictional AI [31,11] by
intentionally incorporating elements of resistance - in this instance, positioning
AT in an ancillary role. This ‘friction’ encourages deeper engagement, critical
thinking, and more comprehensive evaluation among decision-makers, ultimately
enhancing the decision-making process.

This leads to the provocative statement of the title: Humans in the group,
computers in the coop, as to motivate and call for further research into sustain-
able Human-Al interaction configurations where Al is moved to an ancillary
role. Such configurations, or HAI-CPs, hold the potential to reinforce and ele-
vate human intelligence in workplace settings, advancing both performance and
collaboration.
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