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Abstract: This work in progress investigates human interaction with an LLM-powered chatbot, presented
as either a fellow human or a transparently disclosed AI collaborator, in a high-stakes decision-making
simulation—the NASA Moon Survival Task. We will employ a one-way between-subjects design to examine
how individuals’ collaboration and communication are influenced by the identity of their partner (AI vs.
human). Specifically, we will evaluate individuals’ collaboration processes (i.e., collaborative behaviour
and communicative dynamics) and outcomes, alongside their retrospective interaction experience and
perceptions of the partner. We will also examine dyadic-level linguistic coordination during the interaction
and conduct user profiling to uncover variations in AI collaborative benefits. We anticipate that this study
will have four key impacts: safeguarding human-AI collaboration, democratising AI benefits, guiding model
improvement, and making methodological contributions. The anonymised dialogues and associated data will
be open-sourced upon study completion.
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1. INTRODUCTION

Interactive intelligent systems (Jameson and Riedl
2011), such as chatbots, virtual humans, and
robots, are increasingly integrated into society.
Recent breakthroughs in AI have driven their
deployment beyond low-stakes, casual settings into
scenarios where tasks become more consequential
and human engagement is more deliberate (i.e.,
requiring significant cognitive effort; Evans 2019).
Prior research shows that individuals intuitively treat
AI partners as social beings, responding to AI
partners similarly as they would to fellow humans
(Zhou et al. 2024). This was observed using
Cyberball, a well-known experimental paradigm
researching social ostracism in a scripted online
ball-tossing game (Williams and Jarvis 2006).
Participants compensated an ostracised AI partner
by tossing the ball to them more frequently, mirroring
typical responses to an ostracised human. However,
ball-tossing behaviour during Cyberball is intuitive

and effortless (Zhou et al. 2024). This leaves
open the question of how participants respond to
AI when engaging more deliberately (i.e., using
cognitive effort to reflect on the interaction and their
partner, weigh alternatives, and coordinate actions
towards shared goals). It is crucial to understand
whether individuals still interact with AI similarly to
human partners in such demanding scenarios—for
example, when collaborating on decision-making
with high stakes.

AI systems, particularly those powered by LLMs
and other deep neural networks, have evolved to
show the technical capacity to act as collaborators,
augmenting decision-making in high-stakes domains
like healthcare and business (Zhang et al. 2024;
Niraula et al. 2025; Hao et al. 2024; Ameen et al.
2025). These models can be adapted to diverse
conditions using techniques such as fine-tuning
and prompt engineering. For example, recent work
has customised LLaMA-3.1-8B-Instruct via prompt
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engineering, enabling it to collaborate with humans
on survival tasks (Wang et al. 2025). LLMs have
been demonstrated to approach or even exceed
human-level performance in both knowledge-based
tasks (Luo et al. 2024; Abdelsamie and Wang 2024)
and situational judgment tasks (Mittelstädt et al.
2024). However, collaboration success depends not
merely on technical performance but on the quality of
interaction: respecting user agency, enabling mutual
adaptation, and fostering trust (Puerta-Beldarrain
et al. 2025).

Our recent meta-analysis found that individuals ex-
hibit comparable behavioural trust, social alignment
(i.e., the extent to which one aligns their internal
states and behaviours with their partner), and task
performance when interacting with performance-
matched AI and human partners. Yet, individuals are
less prosocial and moral when interacting with AI
partners, and perceive them as having lower social
traits (Zhou et al. 2025). These findings suggest
identity-related differences independent of objective
capability, necessitating empirical investigation into
how AI identity influences human-AI collaboration.

To this end, the current study will investigate how
AI identity influences behavioural and attitudinal di-
mensions of user collaboration and communication.
We will evaluate individuals’ collaboration processes
and outcomes, as well as their retrospective inter-
action experience and perceptions of the partner.
Furthermore, we will delve into the subtle, dynamic
interplay between human and AI collaborators. We
will analyse whether and how dyadic-level processes
of mutual adaptation, such as linguistic coordination,
evolve over the course of the interaction, and ex-
amine whether these adaptation cues predict collab-
oration outcomes. Linguistic coordination—the ten-
dency for a dyad to coordinate their language style
and semantic content to become more similar to
each other during interaction—is central to achieving
common ground and fostering the development of
social relationships in human-human communication
(Babcock et al. 2014; Müller-Frommeyer et al. 2019).
We will thus examine whether similar adaptation
processes occur in human-AI communication. Fi-
nally, we will profile users based on individual char-
acteristics, including dispositional traits, AI usage
experience, and demographics, and explore profile
variations in AI collaborative benefits.

2. RESEARCH QUESTIONS

In this study, we will customise OpenAI’s GPT-4 se-
ries models (e.g., GPT-4o and GPT-4.1) to simulate
task-aligned, human-like collaborative behaviour.
The optimally customised LLM will be configured to
serve as the collaborative partner (framed as an AI

or human; detailed in Methods) in the subsequent
experiment. We will investigate how individuals in-
teract with the LLM-powered chatbot, presented as
either a fellow human or a transparently disclosed
AI collaborator, in a high-stakes decision-making
simulation (i.e., the NASA Moon Survival Task). We
will address three main research questions:

• RQ1: Does the identity of the collaborative
partner (AI vs. human) have an impact
on collaboration processes, outcomes, and
subjective experience?

• RQ2: How does linguistic coordination evolve
over the course of interaction with AI vs. human
partners, and does it predict collaboration
outcomes?

• RQ3: Can distinct profiles be identified based
on user characteristics, and how are these user
profiles linked to collaboration with AI?

3. METHODS

The study will employ a one-way between-subjects
design with two conditions, both involving interaction
with the LLM-powered chatbot: (1) Human partner
condition: participants will be led to believe that they
are interacting with another human participant; (2) AI
partner condition: participants will be told that they
are interacting with an AI.

In the human partner condition, participants will be
instructed before the task that their collaborative
partner is another human participant logged on
at the same time. They will be unaware they are
interacting with an LLM-powered chatbot, leveraging
deception and withholding-disclosure strategies
validated in previous studies (e.g., Zhou et al. 2024;
Yin et al. 2024; Russo et al. 2021).

3.1. Technical Implementation

Both chatbots will be built on the customised
LLM and operate in text mode. We are currently
employing prompt engineering for customisation. To
ensure consistency between the two conditions, both
chatbots will use identical dialogue structures and
non-expert task knowledge, differing only in identity
disclosure, as specified in the system prompts.
They will demonstrate human-like dialogue acts,
reasoning patterns, and imperfections throughout
the interaction. This setup aims to isolate the effects
of partner identity.

We have developed sophisticated system prompts to
tailor GPT-4-series behaviour. Early evaluations by
the research team indicate that this approach shows
promise in achieving the desired levels of human-
likeness and task alignment. However, if formal
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pilot testing with human participants proves that
prompting is insufficient or equivalence checks on
condition consistency fail, we will fine-tune the model
using existing human-human dialogue datasets from
similar survival tasks (e.g., winter survival; Braley
and Murray 2018; Freeman et al. 2014).

The chatbot frontend is designed within the Qualtrics
platform, as shown in Figure 1. The overall chatbot
architecture is presented in Figure 2. Incoming user
messages with participant IDs are sent via HTTPS
POST from the Qualtrics frontend to the Google
Cloud Run backend. For each call, Cloud Run
fetches the conversation history from Memorystore,
combines it with the system prompt and new user
input, and sends the assembled request to the
customised LLM via OpenAI’s Chat Completions
API. The model’s response is returned to Cloud
Run, which then sends it to the Qualtrics frontend
for display. Cloud Run also stores both the user
input and model response in Memorystore to update
conversation history for subsequent calls. The full
dialogue and metadata (i.e., timestamps and IDs)
are logged in Cloud SQL for further data analysis.

Figure 1: Qualtrics Chat Interface. The chat interface
features message displays, avatars, and pseudonyms to
facilitate real-time collaboration. Avatars are selected by
participants from a set of human faces generated by
GANs, and pseudonyms are created by participants before
the task to protect their privacy and increase engagement.

3.2. Task and Procedure

The experiment will be administered online via
Qualtrics, including a collaborative decision-making
task—NASA Moon Survival Task (Hall and Watson
1970)—and associated questionnaires. The moon
survival task challenges participants to rank 15
survival items in order of importance following a
hypothetical spacecraft crash on the moon. This
task and its variants, including winter survival and
desert survival, are often used in psychological and
organisational research to study group collaboration,
interpersonal dynamics, and decision-making in
simulated high-stakes scenarios.

Participants will first rank 15 survival items individu-
ally. They will then be randomly assigned to collabo-
rate with either an AI or a purported human partner

Figure 2: Chatbot Architecture. Participants interact via a
Qualtrics chat interface to complete the moon survival task
with a customised LLM simulated as an AI or a purported
human collaborator. Participants’ messages are routed
through the Cloud Run, which makes API calls to the LLM.

on the moon survival task. Participants will engage in
unstructured, text-based interaction with their part-
ner to discuss rankings, explore each other’s rea-
soning, and seek consensus where possible (full
agreement is not required). After the interaction,
participants will re-rank the items individually. Par-
ticipants’ collaboration outcomes will be assessed
by pre-post improvement based on distance from
the expert ranking and conformity to the partner’s
ranking. Collaboration processes will be assessed
by coding both theory-driven collaborative behaviour
(Liu et al. 2016) and communicative dynamics during
the collaboration (Dowell et al. 2019).

Following the moon survival task, participants will
report their interaction experience and perceptions
of the partner. Specifically, subjective collaboration
experience, perceived closeness, trust, and per-
ceived warmth and competence of the partner will
be assessed using validated scales (e.g., Aron et al.
1992) or items used in prior research (e.g., McKee
et al. 2023). Participants’ attention allocation during
the interaction will be assessed via self-report items
measuring how much attention they devoted to their
partner and to the interaction itself, relative to solving
the ranking task. A manipulation check will then con-
firm whether participants perceived their partner’s
identity as intended.

Moreover, participants will complete measures of
user characteristics, including dispositional traits
(i.e., Big Five traits and collaborative disposition),
AI usage experience, and demographics. Finally,
participants will complete an awareness check
before being debriefed and thanked for participation.
Figure 3 depicts the experimental procedure. All

467



Human-AI Collaboration in High-Stakes Decision-Making: Work in Progress
Zhou • Aloufi • Porat • Van Zalk

Figure 3: Experimental Procedure

procedures and study materials will adhere to the
ethical principles outlined in the World Medical
Association Declaration of Helsinki, with institutional
ethical approval obtained prior to data collection.

3.3. Data Collection and Analysis

Participants will be recruited online via Prolific
(2024), targeting those aged 18 and over whose pri-
mary language is English. The minimum unadjusted
sample size for a one-way between-subjects design
(partner identity: AI vs. human) is 200 to detect an
effect size of d = 0.40 with α = 0.05 and power =
80% (Brysbaert 2019). The adoption of this small-to-
medium effect size is based on two primary reasons.
First, the absence of comparable prior research
limits our ability to estimate the expected effect size
needed to ensure adequate statistical power in this
study. Second, d = 0.40 is considered an average
effect size observed in experimental psychology-
related research and holds both practical and the-
oretical relevance (Brysbaert 2019; Richard et al.
2003). To account for potential participant attrition,
we plan to over-recruit to N = 300.

Prior to statistical testing, the data will be checked
for assumptions (e.g., normality, homoscedasticity)
to ensure the appropriateness of the selected
analyses. First, a series of ANOVAs, with Benjamini-
Hochberg adjustments for multiple comparisons, will
evaluate the effects of partner identity (AI vs. human)
on participants’ collaboration processes, outcomes,
and subjective experience. Second, mixed-effects
models will evaluate how linguistic coordination
evolves over the course of interaction with AI
vs. human partners, followed by testing whether
it predicts collaboration outcomes. Language style
matching and latent semantic similarity will serve as
key coordination metrics (Babcock et al. 2014). The
former metric will be calculated as dyads’ similarity
in the use of function words (Ireland and Pennebaker
2010). The latter will be calculated using sentence-
transformer embeddings with cosine similarity (Yu
et al. 2025). Potential confounds like message
length will be tested and, if warranted, adjusted

for as covariates. Third, latent profile analyses will
identify distinct profiles based on a range of user
characteristics, with further analyses on how these
user profiles link to collaboration with AI. Finally,
the dialogues and associated data (with participants’
consent) will be anonymised and released as open
source upon study completion.

4. EXPECTED IMPACT

Safeguarding human-AI collaboration: This study
will contribute to quantifying the risks of automation
bias and/or algorithmic aversion by identifying how
AI identity influences behavioural and attitudinal di-
mensions of user collaboration and communication.
The findings will help shape AI deployment policies
by balancing transparency and user acceptance in
collaborative decision-making contexts.

Democratising AI benefits: The study will uncover
variations in AI collaborative benefits by mapping
distinct user profiles to collaboration processes and
outcomes. The findings will inform interventions to
advance the design of equitable AI systems that
adapt to subgroup-specific needs.

Guiding model improvement: The study will reveal
current LLM’s capabilities and limitations in collab-
oration and yield actionable solutions to optimise
model’s ability to emulate human conversational
pragmatics and enhance collaborative potentials.

Methodological contributions: The study will be
the first to validate linguistic coordination metrics
such as language style matching and latent semantic
similarity as benchmarks for evaluating human-
AI interaction. In addition, the study will establish
frameworks for latent profiling of AI users to enable
systematic analysis of how individual differences
shape collaboration with AI.
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