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A B S T R A C T

Research on Generative Artificial Intelligence (GenAI) in education has concentrated on user attitudes and 
adoption intentions but less is known about how groups actually interact with such tools while solving complex 
problems. The present study treats prompting as observable, time-resolved, behaviour and investigates how a 
group's prompting develops and relates to task effectiveness over a collaborative session. Secondary (N = 114) 
and Higher (N = 57) Education students, working in self-formed groups (N = 45), completed a competitive 
mystery-solving task with unrestricted access to GenAI tools of their choice. Logged group prompts were coded 
with a scheme adapted from Bloom's Digital Taxonomy that distinguishes lower-order (Exploration and Action) 
from higher-order (Creation and Metacognition) cognitive behaviours. Groups produced a modest majority of 
higher-order prompts and shifted progressively from exploratory toward metacognitive prompting as sessions 
advanced. A higher proportion of higher-order prompting was associated with greater effectiveness which held 
even when the total prompt volume was controlled. Prior experience, general attitudes toward AI, and self- 
reported verification behaviour showed no reliable association with effectiveness. Perceived usefulness and 
prompting self-efficacy co-varied with success but are interpreted as concurrent correlates. Foregrounding what 
groups did with the tool and how that behaviour developed over time offers a view on collaborative human-AI 
interaction that adoption-focused measures alone cannot provide.

1. Introduction

Generative Artificial Intelligence (GenAI) is increasingly used in 
educational and professional contexts with research pointing to gains in 
productivity, personalised learning, and complex problem-solving 
(Dwivedi et al., 2023; Kasneci et al., 2023). However, the ease of ac
cess to Large Language Models—such as ChatGPT, Gemini, 
Perplexity—has also raised concerns about how users interact with such 
systems and what factors shape the resulting cognitive outcomes 
(Eysenbach, 2023; Lee & Cha, 2025).

According to Knoth et al. (2024), the potential of GenAI to produce 
meaningful outcomes depends on users’ ability to utilise the tool 

effectively. The authors also mention that many users—especially nov
ices—struggle to formulate prompts that elicit accurate, relevant, and 
high-quality responses (Chiu, 2024a; Knoth et al., 2024) with recent 
reviews (Barrot, 2023; Shi & Aryadoust, 2024) confirming that the 
quality of Human-AI collaboration depends heavily on prompt formu
lation and call for systematic research on prompting behaviours.

Generating meaningful prompts differs fundamentally from tradi
tional information retrieval where keyword searches suffice. Users who 
interact with GenAI tools must engage in communicative acts that span 
from simple factual queries to complex requests for synthesis, evalua
tion, and creative generation (Qian, 2025). In a sense, the cognitive 
demands of prompting can be paralleled to Bloom's higher-order 
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thinking skills wherein prompt quality may reflect the user's underlying 
cognitive engagement (Gonsalves, 2026; Ng et al., 2021). Under this 
notion, it can be argued that users who passively consume AI-generated 
content may fail to develop critical evaluation skills whereas, those who 
engage in iterative dialogue, may extract greater value from the inter
action while developing their metacognitive skills.

Reviews of ChatGPT use in Higher Education indicate widespread 
student adoption for academic purposes alongside limited confidence in 
prompting skills (Ansari et al., 2024). Similarly, studies of actual 
prompting behaviour reveal wide variation in quality as many users 
default to simple factual queries instead of engaging in iterative, eval
uative, exchanges that characterise expert use (Imran & Almusharraf, 
2023; Mahapatra, 2024). Nevertheless, the factors that predict 
prompting effectiveness are still not well understood with reviews 
indicating that the cognitive dimensions of prompt construction have 
received far less attention than surface-level features—such as prompt 
length or specificity (Knoth et al., 2024; Qian, 2025). The observed 
discrepancy between access and effective use raises questions about the 
factors that determine whether Human-AI collaboration 
succeeds—especially in educational settings—where both the learning 
process and the task outcome matter.

Beyond the individual-level concerns, a further gap exists at the level 
of the group. Prompting has so far been studied mainly as the activity of 
individuals working with GenAI on their own (Knoth et al., 2024; 
Zamfirescu-Pereira et al., 2023) whereas, collaborative settings, in 
which a group jointly formulates, evaluates, and refines its queries, 
remain largely unexplored (Kim et al., 2024; Perifanou & Economides, 
2025). The present study addresses this inadequacy of the literature 
by treating a group's prompting as observable behaviour that develops 
over the course of a task and by asking whether its cognitive quality 
relates to the effectiveness of the collaboration.

2. Background

2.1. Theoretical framework

Two complementary theoretical frameworks are often employed to 
explain the patterns regarding the differential use of AI: 1) the Tech
nology Acceptance Model (TAM) and 2) the Automation Complacency 
Theory (ACT). With respect to the former, user acceptance of Informa
tion Technology is suggested to be determined primarily by two cogni
tive beliefs: a) Perceived Usefulness (PU), which is defined as the degree 
to which a person believes that using a particular system would enhance 
their performance, and b) Perceived Ease of Use (PEU), which refers to 
the degree to which a person believes that using a system would be free 
of effort. Subsequent studies show that PU correlates more strongly with 
usage than PEU and that PEU may act as a causal antecedent of PU 
instead of a parallel determinant (Kamarova et al., 2025; Şahin & Yıldız, 
2024). The model has also been extended to include social influence and 
cognitive-instrumental processes thus suggesting that technology 
acceptance operates through both affective and rational pathways (Siu 
& White, 2025; Sun & Luo, 2024).

Evidence from GenAI contexts confirms the model's applicability for 
predicting usage behaviour and adoption intentions. For instance, Dahri 
et al. (2024) found that PU predicted ChatGPT adoption intentions 
among students engaged in metacognitive self-regulated learning with 
effect sizes comparable to those observed in studies of more traditional 
educational technologies. Likewise, the cross-cultural work by 
Budhathoki et al. (2024) demonstrated that the TAM constructs operate 
similarly across diverse cultural and educational contexts; a finding that 
points to generalisable mechanisms underlying GenAI acceptance. In the 
same vein, Barakat et al. (2025) reported that university educators' in
tentions to integrate ChatGPT into teaching were strongly predicted by 
PU with instructors who believed AI would enhance their pedagogical 
effectiveness showing greater adoption intentions. The aforementioned 
studies establish that acceptance beliefs matter for GenAI engagement 

but they address adoption intentions instead of performance outcomes.
Even though TAM explains adoption, it does not address what hap

pens after users accept the technology. For the post-adoption stage of 
Human-AI interaction, ACT (Parasuraman & Manzey, 2010) provides a 
complementary lens. Complacency occurs when users defer to a tech
nology they perceive as more proficient than themselves and, as such, 
fail to attend to the possibility that it may err. Automation bias repre
sents a more extreme manifestation of the phenomenon wherein users 
actively prefer system signals over contradictory information from other 
sources, including their own senses. Parasuraman and Manzey (2010)
showed that such phenomena arise from the interaction of personal, 
situational, and automation-related factors with attention allocation 
playing a central role.

The theory builds on a longer tradition of research on human inter
action with automation. Parasuraman and Riley (1997) distinguished 
the use, misuse, and disuse of automated systems with misuse denoting 
over-reliance that produces monitoring failures and biased 
decision-making. Subsequent experimental works have sharpened the 
picture further. Participants supported by a highly, though not perfectly, 
reliable automated aid committed both omission errors—i.e., failing to 
notice events the aid did not flag—and commission errors—i.e., 
following its advice even when contradictory information was readily 
available (Skitka et al., 1999). Recent evidence indicates that similar 
dynamics extend to GenAI. Surveying knowledge workers, Lee et al. 
(2025) found that greater confidence in GenAI was associated with 
less critical thinking whereas greater confidence in one's own abilities 
was associated with more, thus suggesting that calibrating trust and 
reliance to the system's actual reliability remains a central challenge in 
conversational systems. As such, confidence in one's own ability to direct 
such systems—hereinto referred to as ‘prompting self-efficacy’—may 
accordingly matter alongside confidence in the system itself.

In educational contexts, GenAI accuracy varies by domain and task 
type. Verification and critical evaluation of AI outputs may, therefore, 
distinguish effective from ineffective collaboration (Ivanov & Soliman, 
2023; van Dis et al., 2023). However, the question of whether prior AI 
experience facilitates or inhibits verification behaviours remains 
empirically unresolved with some studies suggesting that experienced 
users develop appropriate skepticism whereas others indicate that fa
miliarity breeds complacency.

The present study utilises both frameworks for their complementary 
functions. TAM motivates the acceptance-related measures and the 
expectation that beliefs about the tool's utility relate to task perfor
mance. ACT motivates the experience, trust, and verification measures, 
together with the corresponding expectations about over-reliance; 
jointly, the two frameworks also underpin the exploratory examina
tion of how individual-level characteristics relate to group effectiveness. 
Neither framework, however, specifies what effective engagement with 
GenAI looks like at the level of observable behaviour. For this purpose, 
the study draws on Bloom-based descriptions of AI-supported learning, 
which supply the cognitive vocabulary for classifying prompts, and on 
the Human-AI collaboration literature, which links such behaviour to 
the effectiveness of the collaboration.

2.2. Prompting behaviours and cognitive engagement

Artificial Intelligence literacy denotes humans’ socio-technical 
competencies regarding such tools; a construct comprising multiple 
proficiency dimensions that differ between non-expert and expert users 
and is assessed multidimensionally (i.e., not as a single skill) (Pinski & 
Benlian, 2024). Evidence from Human-Computer Interaction research 
points in the same direction. Non-expert users have been observed to 
design prompts opportunistically instead of systematically 
(Zamfirescu-Pereira et al., 2023) thus, indicating that prompting 
behaviour is shaped jointly by dispositions and by the task at hand. To 
this end, the study of Wyszynski et al. (2026) across five problem-solving 
scenarios found that trait satisficing reduced, whereas self-rated 
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prompting competence increased the pursuit of better outputs, with the 
balance shifting between task types.

Recent research has also examined prompting strategies as the key 
mechanism through which users shape AI collaboration outcomes (e.g., 
Chiu, 2024b; Knoth et al., 2024; Qian, 2025). Gonsalves (2026)
demonstrated that prompting behaviours influence learning outcomes 
and further argues that, in order for AI-assisted learning to be effective, 
recursive engagement across cognitive domains is required. In response 
to this observation, the author proposed a revised Bloom's taxonomy to 
incorporate AI-specific competencies, arguing that the traditional hier
archical models are not capable of capturing the iterative, non-linear, 
nature of learning with GenAI. Similarly, Knoth et al. (2024) found 
that certain aspects of AI literacy were related to prompt-engineering 
skill, consistent with treating prompting behaviours as observable in
dicators of underlying cognitive engagement with AI systems. The 
findings align with the broader field of educational research which 
demonstrates that higher-order thinking manifests in how learners 
interact with instructional resources.

Bloom-based taxonomies have recently been adapted to describe 
how learners engage with AI thus, providing a baseline for the classifi
cation logic adopted here. Hmoud and Shaqour (2024) proposed a 
six-level model that maps AI-supported activities onto the revised tax
onomy in which collecting and organising resources occupy the lowest 
level, interpreting information a middle level, and evaluating and 
creating the two highest. In the same vein, Hui (2025) applied the 
revised taxonomy to pupils’ chatbot interactions and found that Evalu
ating and Creating dominated the higher-order processes students dis
played with reliance on lower-level processes increasing as tasks grew 
more complex. Building on these models, the present study distinguishes 
six prompt-level behaviours—Searching, Reading, Interpreting, Evalu
ating, Organising, and Curating—and groups them into a lower-order 
stage, Exploration and Action (E&A), and a higher-order stage, Crea
tion and Metacognition (C&M); together they constitute the Learning 
Behaviour with Emerging Technologies (LBET) framework employed 
throughout.

It should be noted that, the stage labels are our own synthesis: 
‘Creation’ reflects the synthetic character of Organising—structuring 
distributed evidence into a coherent conclusion, which is what solving 
a problem requires—and ‘Metacognition’ reflects the evaluative and 
reflective oversight inherent in Evaluating and in Curating one's use of 
the tool, in line with the placement of these processes at the upper levels 
of the source models. Interpreting is placed in the lower-order stage 
because explaining and making sense of given information sits below 
evaluation and synthesis in those models (Hmoud & Shaqour, 2024).

2.3. Human-AI collaboration

Research on Human-AI collaboration has also highlighted the 
importance of cognitive engagement in determining collaboration 
effectiveness. Järvelä et al. (2025) conceptualised ‘hybrid intelligence’ 
as the productive interplay between human cognitive flexibility and AI 
computational capacity. Central to their framework is that successful 
collaboration depends on users actively directing AI toward goals 
neither human nor machine could reach alone. The experimental study 
of Wang et al. (2024) in Physics education reinforces the aforemen
tioned claim with the authors concluding that, even though Human-AI 
collaboration improved problem-solving performance when compared 
with unaided performance, students often treated ChatGPT as an 
answer-generating tool instead of a genuine collaborative partner, thus 
missing opportunities for deeper learning through interactive exchange. 
Understanding variation in effectiveness, therefore, rests on the 
distinction between passive AI use (i.e., treating the system as an oracle) 
and active collaboration (i.e., iterative dialogue that builds toward 
solutions).

In the present study, effective collaboration is defined as the extent to 
which a group directs, evaluates, and integrates the AI's contributions in 

the service of a joint task outcome. It is assessed through two comple
mentary indicators: 1) the effectiveness score the group achieves and 2) 
the cognitive quality of the prompts through which the group engages 
the tool. The two are conceptually distinct but closely linked. Active 
versus passive use describes an orientation toward the tool whereas 
prompt-level coding captures the observable trace that orientation 
leaves. In simple words, a group that merely consumes AI output has 
little occasion to produce evaluative, organisational, or synthetic 
prompts. The proportion of higher-order prompting therefore serves as a 
behavioural indicator of active collaboration in the sense of appropriate 
reliance as the discriminating use of AI advice (Schemmer et al., 2023, 
pp. 410–422).

Beyond collaboration, the groups also competed against one another, 
by design. Competition of this kind is an established motivational de
vice; leaderboards function as implicit goal-setting mechanisms that can 
raise performance to levels comparable with difficult assigned goals 
(Landers et al., 2017). Meta-analytic evidence shows that gamification 
benefits cognitive, motivational, and behavioural learning outcomes 
with the combination of competition and collaboration being particu
larly effective for the latter (Sailer & Homner, 2020). Because the 
competitive element operated between groups (i.e. competitors) only, it 
was expected to energise, instead of disturbing, cooperation within 
them.

2.4. The present study

The few available studies of group-level prompting are descriptive 
accounts of how teams share prompting duties when working with a 
chatbot (Perifanou & Economides, 2025) or indicate that introducing 
one can redirect interaction away from peers and toward the tool itself 
(Kim et al., 2024). Across the identified research streams, experience, 
acceptance beliefs, and prompting behaviour have mostly been exam
ined in isolation (Knoth et al., 2024; Qian, 2025). For instance, TAM 
research focuses on adoption intentions instead of actual performance 
outcomes whereas, prompting studies, often lack systematic frameworks 
to categorise prompt quality. At the same time, Human-AI collaboration 
research rarely connects interaction patterns to the individual difference 
variables that might predict them. Therefore, it remains unclear how 
technology acceptance beliefs, prior experience, and prompting behav
iours combine to influence collaborative task effectiveness. Similarly, 
prior work has examined prompting mostly through static snapshots, 
such as single prompts, aggregate counts, or post-hoc self-report (Knoth 
et al., 2024; Qian, 2025) but how the cognitive complexity of a group's 
prompting shifts as one task unfolds has received far less attention.

The present study examines collaborative problem-solving with 
GenAI tools by groups of Secondary and Higher-Education students 
through a descriptive, group-level lens, by relating logged prompting 
behaviour to individual-level measures of experience, attitudes, and 
technology acceptance. The contribution is, accordingly, both empirical 
and methodological on three counts. First, the analysis uses logged 
group prompts produced in an ecologically valid task in which tool 
choice and prompting were unrestricted. Second, the study adapts 
Bloom's Digital Taxonomy (Hmoud & Shaqour, 2024; Hui, 2025) into a 
prompt-level coding scheme—the LBET framework—that locates each 
prompt on a continuum of cognitive complexity. Third, it charts the 
within-session development of prompting.

To structure the investigation the following Research Questions 
(RQs) were put forward. The first two concern prompting behaviour and 
were treated as confirmatory; the third is exploratory, examining how 
individual-level characteristics relate to a group-level outcome. 

RQ1. What kinds of prompts, along a continuum from information 
gathering to metacognition, do groups produce when solving a 
complex problem collaboratively with GenAI and how does the 
balance of lower- and higher-order prompting change over the 
course of a session?
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RQ2. Is the proportion of higher-order prompting associated with 
group task effectiveness?
RQ3. How do prior GenAI experience, attitudes toward AI, tech
nology acceptance beliefs, and verification behaviour relate to group 
task effectiveness?

To facilitate the examination of the proposed RQs, the following 
Research Hypotheses (Hs) were formed: 

H1. Groups will demonstrate greater prevalence of C&M prompts 
compared to E&A prompts when solving complex collaborative tasks 
with GenAI.

Complex problem-solving tasks require synthesis, evaluation, and 
integration of information instead of retrieval (Gonsalves, 2026). 
Groups facing ill-structured problems must evaluate evidence quality, 
compare alternative explanations, and synthesise disparate 
information—activities that correspond to C&M instead of E&A 
prompts. Iterative refinement and critical evaluation of outputs recur in 
accounts of effective GenAI use (Knoth et al., 2024; Zamfirescu-Pereira 
et al., 2023) which further suggests that goal-directed collaboration will 
favour higher-order prompting.

H2. Higher proportions of C&M prompts will be associated with group 
task effectiveness after accounting for total prompt volume.

Groups that engage in more evaluative, organisational, and curato
rial interactions with GenAI are expected to achieve better outcomes 
because C&M behaviours facilitate critical assessment of AI outputs, 
integration of information across multiple queries, and strategic appli
cation of AI-generated content to the task at hand (Järvelä et al., 2025; 
Wang et al., 2024).

H3. Prior GenAI experience will show a non-linear relationship with 

task effectiveness as a reflection of automation complacency.
We anticipate that moderate experience levels will be associated 

with optimal outcomes as, at low levels, insufficient prompting skills 
may limit effective use; at high levels, automation complacency may 
lead to over-reliance and reduced critical evaluation (Parasuraman & 
Manzey, 2010).

H4. PU will be associated with task effectiveness.
According to TAM, users who perceive greater usefulness engage 

more deeply and strategically with the technology. Recent extensions of 
TAM to GenAI contexts have confirmed that PU remains a significant 
predictor of both effective AI adoption and use (Budhathoki et al., 2024; 
Dahri et al., 2024).

H5. Verification behaviour—the tendency to check AI outputs—will 
be associated with task effectiveness.

Drawing on automation complacency research, which demonstrates 
that trust calibration requires active monitoring and cross-checking of 
automated outputs (Parasuraman & Manzey, 2010), we hypothesise that 
groups whose members verify the AI-generated information more 
frequently will achieve superior outcomes by avoiding errors stemming 
from uncritical acceptance of incorrect or incomplete AI-generated 
responses.

3. Materials and methods

3.1. Research design

A cross-sectional observational study was conducted, following the 
design typology of Creswell and Creswell (2018), to investigate how 
groups of students use GenAI for collaborative problem-solving during a 

Fig. 1. Overview of the research design.
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criminal-investigation mystery game in which the evidence was 
distributed through Augmented Reality (AR) markers in the physical 
environment (Fig. 1). The design and its measures are grounded in the 
two frameworks set out earlier—the TAM, which motivates the 
perceived-usefulness and ease-of-use measures, and the ACT, which 
motivates the prior-experience and verification measures. The study 
employed a single-session design, expected to last at most 90 min, with 
multiple sessions conducted to accommodate the full sample.

The observational design was used to document authentic group 
prompting as it unfolded instead of manipulating it. Prior experience 
and attitudes toward AI were collected before the task, along with two 
dispositional measures, the Cognitive Reflection Test and the Intoler
ance of Uncertainty Scale, which lie outside the present research ques
tions and are not analysed here; prompting behaviour and effectiveness 
were recorded during and at the conclusion of the task; and technology 
acceptance (PU and PEU) together with Prompting Self-Efficacy (PSES) 
were collected immediately afterwards, since such judgements presup
pose direct experience of the tool in the task at hand.

Each session began with a brief informational presentation about 
GenAI and Large Language Models, provided as an educational benefit 
to students. Participants then completed the pre-event psychometrics 
individually. Following pre-task measures, groups were formed and 
were introduced to the problem-solving task—a complex fictional 
mystery requiring resolution. An observer was assigned to each group in 
the role of Game Master (GM). Accordingly, groups worked collabora
tively to analyse evidence, formulate prompts, evaluate AI-generated 
responses, and synthesise their conclusions. Collaboration occurred 
within each group whereas the competitive element operated between 
groups—a shared leaderboard ranked teams by their effectiveness scores 
as a means of providing task motivation without bearing on within- 
group cooperation. Upon completing the mystery, groups submitted 
their solution through the game platform which automatically calcu
lated effectiveness scores. Participants then completed the post-event 
psychometrics individually. Prompt logs were copied over and coded 
at a later point using the proposed framework. Within these sessions, 
completion of the mystery task itself took between 15 and 61 min 
(M = 32.38, SD = 12.19). Participants received no monetary compen
sation for taking part though the top three performing teams received 
cinema tickets as a symbolic prize.

3.2. Participants

The sample comprised 171 participants organised into 45 groups. 
Participants were drawn from one Higher Education Institution and 
several private—supplementary education—centers that provide out-of- 
school academic support. The sample included 103 females (60.2%) and 
68 males (39.8%) with ages ranging from 15 to 32 years (M = 18.12, 
SD = 3.42). Regarding the educational level, 114 participants (66.6%) 
were enrolled in secondary education, 49 (28.7%) were undergraduates, 
and 8 (4.7%) were postgraduate students. Academic backgrounds were 
diverse with secondary education students being divided across the 
Science and Technological Sciences track (n = 41), the Economics and 
Information Technology track (n = 37), the Humanities track (n = 23), 
and the Health and Life Sciences track (n=13). The university sample 
comprised students in computing and engineering fields.

Participants self-selected into groups of three to five members 
(M = 3.80) with group composition being homogeneous by educational 
level to control for potential confounds arising from disparate educa
tional backgrounds within groups. Six groups combined undergraduate 
and postgraduate members. The distribution of group sizes was as fol
lows: 11 groups of three members, 32 groups of four members, and 2 
groups of five members. All participants provided informed consent and 
were free to withdraw at any point.

3.3. Materials and task

For the needs of the study, a collaborative digital mystery-solving 
game was developed; no participant had encountered the game before 
the sessions. The scenario presented a complex criminal investigation 
requiring analysis of forensic evidence, suspect testimonies, and time
line reconstruction. Groups investigated the death of a publishing ex
ecutive found in his office building. The initial indications suggested 
suicide by poisoning but several anomalies pointed toward potential 
homicide. The case file included forensic reports, a detailed event 
chronology, and the profiles of five suspects, each with plausible motives 
and opportunities (Figs. 2 and 3).

To reach a conclusion, groups were required to examine 11 AR- 
enabled evidence pieces (Fig. 4) distributed across the physical envi
ronment, evaluate the suspect alibis, identify inconsistencies, and syn
thesise their findings to determine whether the death was suicide or 
murder and, if the latter, identify the perpetrator(s). The GenAI tools 
had no direct access to the case materials; groups conveyed evidence 
content into their prompts by typing or summarising it. Task difficulty 
was calibrated through pilot sessions with members of the research 
team.

The task was designed to require higher-order cognitive engagement 
in order to benefit from GenAI assistance. During the activity, partici
pants were granted the freedom to use any GenAI tool of their choice. 
Restrictions were lifted to enhance ecological validity and capture 
authentic variation in tool choice and use. In practice the toolkit was 
largely homogeneous; every participant who reported prior GenAI 
experience (160 of the 171) named ChatGPT among the tools they used, 
Google Gemini was the second most common, and Perplexity was 
mentioned by a small minority, with no other tool reported at baseline.

During the sessions, the GenAI tool each team employed was recor
ded as a team-level variable: 18 teams worked with ChatGPT, 16 with 
Google Gemini, and 11 with Perplexity. All teams accessed their chosen 
tool through its web interface on their own devices. Following 
completion of the activity, the GMs recorded all the prompts submitted 
by the groups to the GenAI tools and rated their reasoning level. The 
complete environment is preserved as an interactive online demon
stration and is available from the corresponding author upon request.

Mystery-solving effectiveness was computed algorithmically by the 
game platform and was based on four weighted components: solution 
accuracy, completion time, evidence correctly interpreted, and 
reasoning quality (Appendix A). The respective formula is presented 
below: 

ME = 40S + 20(1 − T/90) + 20(E/11) + 20R                                      

where S denotes the solution accuracy (correct suspect identification, 
0–1), T denotes the completion time in minutes (capped at 90), E de
notes the number of evidence pieces correctly interpreted (0–11), and R 
denotes the reasoning quality as rated by the GMs on a continuous scale 
(0–1).

An evidence piece was counted as correctly interpreted when the 
group's final solution drew from it the inference intended by the case 
design. The reasoning score was assigned by the GM through a struc
tured observation rubric completed during the session; the rubric 
assessed systematic analysis of the evidence, cross-referencing of its 
individual pieces, and critical questioning of conclusions. The weighting 
reflects the design logic of the task: identifying the culprit is the criterial 
outcome and therefore carries the largest weight, while efficiency, 
evidentiary grounding, and reasoning quality contribute equally to the 
remainder. As any fixed weighting is to a degree conventional, the 
robustness of the focal association to alternative compositions is exam
ined in the Results section. Effectiveness scores could range from 0 to 
100; the observed values in the sample ranged from 55 to 96.
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3.4. Instruments

Participants first completed a demographics survey (Appendix B) 
which assessed gender, age, academic discipline, and educational level. 
A branched questionnaire then assessed GenAI experience (Appendix C) 
wherein users reported duration of use, frequency, tools employed, 
purposes, perceived capability at formulating prompts, trust in AI re
sponses, and verification behaviours and non-users reported reasons for 
non-use, awareness of capabilities, concerns, and likelihood of future 
use. All participants rated the perceived importance of GenAI for their 
future careers and the adequacy of their education regarding AI use.

Attitudes toward AI were measured using the 8-item General Atti
tudes towards Artificial Intelligence Scale (GAAIS; Appendix D) 
(Schepman & Rodway, 2023) consisting of five positively worded items 
(e.g., “I am impressed by what Artificial Intelligence can do”) and three 
negatively worded items (e.g., “I think Artificial Intelligence is 
dangerous”). Responses were recorded on a 5-point Likert scale from 1 
(strongly disagree) to 5 (strongly agree). Internal consistency in the present 
sample was acceptable (α = .74).

Technology acceptance was assessed with items adapted from the 
classic TAM scales (Davis, 1989), as applied to the GenAI context by 
Strzelecki (2024) (Appendix E). PU was measured with six items 

Fig. 2. Student-facing interface of the Mystery Crime Investigation environment (1/2).
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Fig. 3. Student-facing interface of the Mystery Crime Investigation environment (2/2).

A. Christopoulos et al.                                                                                                                                                                                                                         Computers in Human Behavior: Artiϧcial Humans 9 (2026) 100378 

7 



assessing beliefs about GenAI's utility for the mystery-solving task (e.g., 
“Using GenAI in this activity improved my problem-solving perfor
mance”) whereas, PEU, was measured with six parallel items assessing 
effort expectations (e.g., “My interaction with GenAI was clear and 
understandable”). All items employed a 7-point Likert scale from 1 
(strongly disagree) to 7 (strongly agree). Internal consistency was good for 
PU (α = .79), while PEU fell just below the conventional threshold 
(α = .69).

A custom five-item scale was developed for the present study based 
on Bandura's (1997) guidelines for constructing self-efficacy scales 
(Appendix F). Specifically, each item was phrased as a task-specific 
confidence judgement of the form ‘How confident are you that you 
can … ’. Items of the ‘Prompting Self-Efficacy Scale’ (PSES) assessed 
confidence in formulating clear prompts, refining unsatisfactory re
sponses, using AI for complex problems, critically evaluating AI outputs, 
and guiding AI through multi-step reasoning. Responses were recorded 
on a 7-point scale from 1 (not at all confident) to 7 (completely confident). 
Internal consistency was acceptable (α = .76). Because the scale was 
newly developed, its structure was examined with an Exploratory Factor 
Analysis. Sampling adequacy was good (KMO = .81) and Bartlett's test of 
sphericity was significant (χ2(10) = 177.47, p < .001). Both the 

eigenvalue criterion and parallel analysis supported a single factor (first 
eigenvalue = 2.55, all others below .75) accounting for 39% of the 
variance, with loadings between .51 and .66 and corrected item-total 
correlations between .44 and .56 (Appendix F). Even so, the scale has 
no validation history in independent samples. As such, PSES is treated as 
an exploratory, study-specific, measure instead of a validated instru
ment and its associations with effectiveness are interpreted accordingly.

Prompts were categorised using the LBET framework (Fig. 5, Ap
pendix G). Six categories were employed: Searching (locating facts and 
definitions), Reading (seeking explanations and summaries), Interpreting 
(drawing implications and connections), Evaluating (making judg
ments), Organising (structuring and synthesising information), and 
Curating (reflecting on AI use and validating reasoning). The categories 
were further aggregated into two stages: E&A—comprising Searching, 
Reading, and Interpreting—and C&M—comprising Evaluating, Organising, 
and Curating. Interpreting was treated as lower-order, in keeping with 
the placement of sense-making below evaluation and synthesis in the 
source taxonomies (Hmoud & Shaqour, 2024). In this task, interpreting 
evidence occasionally shaded into evaluating it; miscoding at that 
boundary would, if anything, render the E&A–C&M contrast 
conservative.

Fig. 4. Augmented Reality evidence viewer in page context.

Fig. 5. The learning behaviour with emerging technologies framework.

A. Christopoulos et al.                                                                                                                                                                                                                         Computers in Human Behavior: Artiϧcial Humans 9 (2026) 100378 

8 



3.5. Data analysis

Prompt coding was conducted by the lead researcher and verified 
through consensus coding with the co-authors (Saldaña, 2021). 
Inter-rater agreement, calculated on a stratified random subset of 94 
prompts (20%), drawn proportionally across the 45 groups and inde
pendently coded by two researchers, resulted in a Cohen's κ of .87 which 
indicates excellent agreement (McHugh, 2012).

Hypothesis testing employed a combination of inferential tech
niques. For analyses involving individual-level measures (PU, PEU, 
PSES, experience, attitudes, and verification), scores were aggregated to 
group means, consistent with the group as the unit of analysis. The 
appropriateness of this aggregation was assessed using Intraclass Cor
relation Coefficients: ICC(1), indexing the proportion of variance in each 
measure attributable to group membership, and ICC(2), indexing the 
reliability of the group means. The dependent variable exists only at the 
group level, as each group receives a single effectiveness score. All an
alyses were, therefore, conducted between groups. The nesting of par
ticipants within groups matters for the individual-level predictors with 
the ICC indices being used to evaluate their aggregation to group means.

To examine development within the session, each group's ordered 
prompt sequence was divided into a first and a second half, with the 
middle prompt of odd-length sequences assigned to the second half. In 
greater detail, H1, which compared the prevalence of C&M versus E&A 
prompts, was tested with a paired-samples t-test at the group level. H2, 
which examined the relationship between the C&M ratio and effec
tiveness, was tested using Pearson correlation and linear regression. The 
regression followed a hierarchical specification, with prior experience 
and verification behaviour entered as additional predictors. Because the 
reasoning-quality component of the effectiveness score is rated by the 
same observers who logged the prompts, the relationship was re- 
estimated with effectiveness recomputed from its objective compo
nents alone (i.e., solution accuracy, completion time, and evidence 
interpreted); excluding the observer-rated 20-point reasoning compo
nent without rescaling. H3, which investigated non-linear experience 
effects, was tested using polynomial regression with linear and quadratic 
experience terms. H4, which examined the relationship between PU and 
effectiveness, was tested using correlation and regression analyses. H5, 
which examined verification behaviours, was tested using Spearman 
correlation given the ordinal nature of the verification frequency. 
Because teams were free to choose their GenAI tool, effectiveness and 
the C&M prompting ratio were additionally compared across the tools 
employed using one-way ANOVAs.

All analyses were conducted using SPSS (v.31) with the alpha level 
set at .05. Given the number of hypotheses, confirmatory and explor
atory analyses were distinguished. H1 and H2 were treated as the 
confirmatory family and evaluated against a Bonferroni correction. H3, 
H4, and H5, together with all analyses involving PSES, were treated as 
exploratory and interpreted descriptively.

Qualitative data were collected through three open-ended questions 
administered post-activity (Appendix H). The questions asked partici
pants to describe their group's AI interaction strategies, the challenges 
they encountered, and their reflections on using AI for collaborative 
tasks. Responses were analysed following Braun and Clarke's (2006)
six-phase approach to thematic analysis which has been conducted 
inductively and at a semantic level. After familiarisation with the re
sponses, two researchers independently generated initial codes across 
the full set of answers and then collated these codes into candidate 
themes which were reviewed against the coded extracts and the dataset 
as a whole before being defined and named. Coding was discussed 
iteratively until consensus was reached and disagreements were 
resolved by returning to the source responses. In keeping with a reflexive 
orientation, the researchers treated their familiarity with the LBET 
framework as a lens that could foreground cognitive-process themes and 
deliberately attended to responses that did not fit the dominant pattern. 
Therefore, divergent and contradictory views—such as difficulty 

trusting AI outputs and uncertainty about how to phrase prompts—were 
retained and are reported alongside the convergent themes. Exemplar 
quotes were selected to illustrate each theme on the basis of clarity and 
representativeness.

4. Results

4.1. Preliminary analyses

Prior to hypothesis testing, the distributions of key variables were 
examined for normality and outliers. Mystery effectiveness, the C&M 
ratio, and PU were approximately normally distributed at the group 
level, as confirmed by both visual inspection of histograms and the 
skewness and kurtosis values which were within conventional thresh
olds (skewness from − .63 to − .02, excess kurtosis from − .33 to .53) 
(Kim, 2013). No univariate outliers were detected (all z-scores < |3.29|). 
Parametric tests were therefore used. Between-group clustering (ICC(1)) 
was substantial for PSES (.26) but low for PU (.08, non-significant), PEU 
(.20), attitudes (≈.00), and, below zero, experience (− .02) and verifi
cation (− .04); the latter two indicating essentially no reliable 
between-group variance. The aggregated group means were corre
spondingly modest in reliability (ICC(2): PU = .24, PEU = .49, 
PSES = .57), so the group-level associations involving these measures 
are interpreted with caution. Likewise, the null associations for experi
ence and verification should be read in light of this limited aggregate 
reliability. The tool comparisons showed no reliable differences in either 
effectiveness, F(2, 42) = 1.81, p = .176, or the C&M prompting ratio, F 
(2, 42) = .11, p = .898.

4.2. Descriptive statistics

Table 1 shows the descriptive statistics for the study variables at both 
individual and group levels. At the individual level (N = 171), partici
pants reported moderately positive attitudes toward AI (M = 3.28, 
SD = .35 on a 5-point scale), high PU of GenAI (M = 4.80, SD = .56 on a 
7-point scale), and high PEU (M = 5.04, SD = .40 on a 7-point scale). At 
the group level (N = 45), mean mystery effectiveness was 78.51 
(SD = 9.14), an indicator of generally successful problem-solving per
formance. About two-thirds of groups (30 of 45) scored above the lowest 
effectiveness band (Table 4) thus, indicating that the task difficulty was 
appropriately calibrated.

4.3. Prompting behaviour distribution

Table 2 shows the distribution of the coded prompts (N = 470) across 
the LBET categories. ‘Evaluating’ prompts were most prevalent 
(n = 114; 24.3%), followed by ‘Organising’ (n = 90; 19.1%), ‘Reading’ 
(n = 79; 16.8%), ‘Interpreting’ (n = 68; 14.5%), ‘Searching’ (n = 63; 
13.4%), and ‘Curating’ (n = 56; 11.9%). When aggregated by stage, 
C&M prompts constituted 55.3% of all prompts (n = 260), whereas E&A 

Table 1 
Descriptive statistics at individual and group levels.

Variable M SD Range α

Individual-level variables
Age (years) 18.12 3.42 15–32 —
GAAIS 3.28 .35 2.13–4.38 .74
PU 4.80 .56 3.17–5.83 .79
PEU 5.04 .40 4.17–6.17 .69
PSES 3.95 .67 2.40–5.60 .76
Experience Scorea 5.63 2.79 0–10 —
Group-level variables
Mystery Effectiveness 78.51 9.14 55–96 —
Total Prompts 10.44 1.63 8–13 —
C&M Ratio .55 .16 .13–.83 —

a A composite of duration (0–5) and frequency (0–5) of GenAI use.

A. Christopoulos et al.                                                                                                                                                                                                                         Computers in Human Behavior: Artiϧcial Humans 9 (2026) 100378 

9 



prompts constituted 44.7% (n = 210). The higher frequency of C&M 
prompts indicates that, on average, groups engaged more often in crit
ical assessment and the structuring of information than in simple 
retrieval, although both prompt types were well represented.

4.4. Correlations

Table 3 presents the correlation matrix for group-level variables. 
Mystery effectiveness was strongly correlated with PU (r = .83, 
p < .001), PSES (r = .87, p < .001), PEU (r = .44, p = .003), and the C&M 
ratio (r = .40, p = .007). Non-significant correlations were found be
tween effectiveness and experience score (r = .14, p = .346), verification 
behaviour (r = .13, p = .40), and attitudes toward AI (r = .03, p = .865). 
PU and PSES were strongly intercorrelated (r = .81, p < .001). Experi
ence correlated moderately with PEU (r = .58, p < .001) but only weakly 
with PU (r = .23, p = .121), thus indicating that experience relates to 
perceived ease but not to perceived value.

4.5. Hypothesis testing

H1 predicted that groups would generate more higher-order (C&M) 
prompts than lower-order (E&A) prompts. A paired-samples t-test 
compared C&M and E&A counts within groups. Groups produced a 
mean of 5.78 C&M prompts (SD = 1.98) against 4.67 E&A prompts 
(SD = 1.52), a difference of 1.11 prompts per group. The difference was 
significant (t(44) = 2.38, p = .022) and also carried a small-to-medium 
effect (d = .36). The same prompts, divided at the midpoint of each 
session, show where that surplus accumulated. C&M prompts made up 
40.2% of the prompts issued in the first half (SD = 27.8%) and 68.2% in 
the second (SD = 25.3%), a within-session increase that was itself sig
nificant (t(44) = − 4.39, p < .001, d = .66) and consistent with groups 
moving from information gathering towards critical synthesis as their 
understanding of the mystery developed. With a mean of 10.44 prompts 
per group (Table 1), each half rests on roughly five prompts, so the 
temporal contrast is read here as a coarse, exploratory indication of 
within-session change. The confirmatory comparison stands indepen
dently of it and as such the first hypothesis can be confirmed: groups 
produced more higher-order than lower-order prompts when collabo
rating with GenAI.

H2 predicted that a higher proportion of C&M prompts would be 
associated with greater problem-solving effectiveness. To test the 

hypothesis, a Pearson correlation analysis was conducted. The rela
tionship between the C&M ratio and mystery effectiveness was positive 
and significant, r = .40, p = .007 (Fig. 6).

In the equivalent regression, the C&M ratio accounted for 16% of the 
variance in effectiveness, B = 23.33, SE = 8.23, t(43) = 2.83, p = .007, 
R2 = .16. Across effectiveness bands (Table 4), the mean C&M ratio was 
.67 in the highest band and .48 in the lowest. The association was stable 
under alternative compositions of the effectiveness score. With the four 
components weighted equally, the correlation was r = .42, p = .004; 
with an evidence-emphasised weighting (solution accuracy 30%, 
completion time 10%, evidence interpretation 40%, reasoning quality 
20%), it was r = .37, p = .012. The alternative composites correlated at 
r ≥ .96 with the original score. When effectiveness was recomputed from 
its objective components alone (Section 3.5), the association remained 
positive and significant, r = .38, p = .011, so it is not an artefact of 
shared reasoning content. In addition, total prompt volume was entered 
as a covariate and the C&M coefficient remained significant, B = 17.60, 
p = .030; the relationship is therefore not attributable to more active 
groups producing more prompts of every kind. The primary H2 associ
ation remained significant after Bonferroni correction; the covariate- 
adjusted coefficient was significant at the conventional level, though it 
does not clear the corrected threshold (α = .025). On these grounds the 
second hypothesis can be confirmed: groups that directed a higher 
proportion of higher-order prompts to the system solved the mystery 
more effectively.

H3 predicted an inverted-U relationship between prior GenAI expe
rience and problem-solving effectiveness, with moderate experience 
returning the strongest outcomes. To test this hypothesis, a Polynomial 
Regression analysis was conducted. The linear model was not signifi
cant, B = .95, p = .346, R2 = .02 and the addition of the quadratic term 
did not significantly improve the model fit either, ΔR2 = .007, F-change 
(1, 42) = .31, p = .579. It is, therefore, concluded that the third hy
pothesis should be rejected: prior experience was unrelated to effec
tiveness in this collaborative context, in neither its linear nor its 
curvilinear form.

H4 predicted that higher PU would be associated with greater 
problem-solving effectiveness. A strong positive correlation (Fig. 7) was 
found between PU and mystery effectiveness, r = .83, p < .001, R2 = .69. 
The corresponding regression coefficient, B = 23.70 (SE = 2.45), t 
(43) = 9.67, p < .001, amounts to approximately 24 additional points of 
effectiveness for each one-point increase in PU on the 7-point scale. It 
should be noted that PU was administered immediately after the task, 
with items referencing the task itself, so part of the association may 

Table 2 
Distribution of prompts across the LBET categories.

Category Stage n % M per group

Searching E&A 63 13.4 1.40
Reading E&A 79 16.8 1.76
Interpreting E&A 68 14.5 1.51
Evaluating C&M 114 24.3 2.53
Organising C&M 90 19.1 2.00
Curating C&M 56 11.9 1.24
Total E&A — 210 44.7 4.67
Total C&M — 260 55.3 5.78

Table 3 
Correlation matrix for group-level variables.

Variable 1 2 3 4 5 6 7 8

1. Effectiveness — ​ ​ ​ ​ ​ ​ ​
2. C&M Ratio .40** — ​ ​ ​ ​ ​ ​
3. PU .83*** .26 — ​ ​ ​ ​ ​
4. PEU .44** .11 .34* — ​ ​ ​ ​
5. PSES .87*** .25 .81*** .46** — ​ ​ ​
6. Experience .14 .02 .23 .58*** .33* — ​ ​
7. Verification .13 .02 .09 .17 .05 − .00 — ​
8. GAAIS .03 .35* − .02 .11 .04 .02 .03 —

*p < .05, **p < .01, ***p < .001.

Table 4 
Prompting quality and technology acceptance across effectiveness bands.

Effectiveness Band n Effectivenessa C&M Ratio PU Mean

Q1 (Low: 55–74) 15 68.40 .48 4.47
Q2 (75–79) 8 77.13 .49 4.78
Q3 (80–85) 11 82.36 .56 4.91
Q4 (High: 86–96) 11 89.45 .67 5.15

a Scores are based on group performance.
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reflect shared task-outcome content. The fourth hypothesis can be 
confirmed in a concurrent sense only: group-level PU and effectiveness 
were strongly related, though the correlation does not by itself establish 

that usefulness beliefs produced the performance.
H5 predicted that more frequent verification of the AI-generated 

responses would be associated with greater effectiveness. The 

Fig. 6. Relationship between C&M ratio and mystery effectiveness scores across groups.

Fig. 7. Relationship between PU and mystery effectiveness at group level.
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correlation was positive but not significant, ρ = .16, p = .294 (Pearson 
r = .13; Table 3). It is concluded that the fifth hypothesis should be 
rejected: how often groups checked the system's output was unrelated to 
how effectively they solved the mystery.

4.6. Regression analysis

To examine the unique contribution of each predictor, a Hierarchical 
Regression Analysis was conducted with mystery effectiveness as the 
dependent variable (Table 5).

In Step 1, the C&M ratio alone predicted effectiveness, R2 = .16, F(1, 
43) = 8.03, p = .007. Adding prior experience in Step 2 did not improve 
the model, ΔR2 = .02, F-change(1, 42) = .92, p = .343, with the C&M 
coefficient remaining essentially unchanged (B = 23.14, SE = 8.24, 
t = 2.81, p = .008). Adding verification behaviour in Step 3 again 
contributed no incremental variance, ΔR2 = .01, F-change(1, 41) = .71, 
p = .406. In the final model the C&M ratio remained the only reliable 
predictor (B = 22.97, SE = 8.27, t = 2.78, p = .008), with neither prior 
experience (B = .89, p = .343) nor verification (B = 2.21, p = .406) 
approaching significance; the three predictors together accounted for 
19% of the variance in effectiveness, F(3, 41) = 3.19, p = .033.

4.7. Qualitative evaluations

Open-ended responses (n = 22 of the 171 participants, 12.9%) 
offered further insight into the collaborative experience with GenAI. The 
analysis revealed three strategy-related themes: (a) exploratory ques
tioning, (b) structured information gathering, and (c) higher-order 
synthesis; two challenge-related themes: (a) trust calibration and (b) 
prompt formulation difficulties; and three metacognitive insights: (a) 
specificity in questioning, (b) verification necessity, and (c) critical 
thinking alongside AI.

Regarding prompting strategies, many participants described a pro
gression from exploratory questioning toward more structured ap
proaches, moving from broad requests for explanation to targeted 
questions about individual suspects and, later, to requests for synthesis 
such as organising the evidence and identifying contradictions. 
Perceived challenges clustered around trust calibration and query con
struction; participants found it hard to judge which AI responses to trust 
and how to phrase questions productively. The lessons learned centred 
on metacognitive awareness, covering specificity in questioning, the 
need to verify AI answers, and the view that the tool does not replace the 
group's own thinking. Given the modest response rate, the themes are 
presented as an illustrative complement to the quantitative findings; 
Table 6 reports each theme with a representative excerpt.

5. Discussion

The aim of the current study was to examine what characterises 
effective collaborative problem-solving when groups of students work 
with GenAI. The findings showed that groups engaged more often in 
higher-order than lower-order prompting, that the proportion of higher- 

order prompts was associated with task effectiveness, and that PU and 
PSES were strongly correlated with it. In contrast, prior experience and 
verification behaviour showed no reliable association with 
effectiveness.

5.1. Higher-order prompting in collaborative GenAI use

The greater prevalence of C&M than E&A prompts aligns with recent 
evidence on GenAI's cognitive effects with Deng et al. (2025) reporting 
positive effects of ChatGPT on academic performance, motivation, and 
higher-order thinking. As such, the view that GenAI interaction can 
foster cognitive engagement, when appropriately structured, is sup
ported. Heung and Chiu's (2025) meta-analysis similarly found that 
ChatGPT interventions enhanced student engagement through active 
cognitive processing which further supports the argument that GenAI 
can scaffold higher-order thinking.

The finding that C&M prompt proportion was positively associated 
with task effectiveness resonates with Crawford et al.’s (2023) study 
which demonstrates that higher-level learning occurs when students use 
GenAI to construct and augment knowledge through a mastery approach 
instead of passive consumption. Groups in our study that invested more 
interaction effort in consolidating activities (i.e., requesting synthesis, 
evaluation, and strategic guidance) achieved outcomes consistent with 
what Crawford et al. (2023) term as “knowledge-building orientation”. 
Essel et al. (2024), who examined university students' ChatGPT in
teractions, reported also positive impact on critical, reflective, and 
creative thinking; findings which align with our observation that 
cognitively demanding prompts returned superior outcomes.

One explanation for the C&M-effectiveness relationship lies in the 
cognitive demands of higher-order prompting. Essel et al. (2024) found 
that ChatGPT use reduced cognitive load, thereby suggesting that AI can 
free cognitive resources for analysing and solving complex problems 
when users engage strategically. Our findings extend the aforemen
tioned observation; groups using C&M prompts may have offloaded 
routine information gathering to GenAI while directing their own 
cognitive resources toward integration and evaluation—the division of 
labour that Järvelä et al. (2025) characterise as “successful hybrid 
intelligence”.

The task structure in our study may have scaffolded the adaptive 
prompting pattern, which is also consistent with Wu et al.’s (2026)
finding that ChatGPT's effects on learning outcomes are moderated by 
subject (task domain). The temporal pattern observed in our study 
provides further support for this interpretation. Groups shifted from 
E&A prompts in the first half of sessions to C&M in the second half, thus 
suggesting that higher-order prompting emerged as groups developed 

Table 5 
Multiple regression analysis of group effectiveness.

Predictor B SE t p R2 ΔR2

Step 1 ​ ​ ​ ​ .157 .157**
C&M Ratio 23.33 8.23 2.83 .007 ​ ​
Step 2 ​ ​ ​ ​ .175 .018
C&M Ratio 23.14 8.24 2.81 .008 ​ ​
Experience .89 .93 .96 .343 ​ ​
Step 3 ​ ​ ​ ​ .189 .014
C&M Ratio 22.97 8.27 2.78 .008 ​ ​
Experience .89 .93 .96 .343 ​ ​
Verification 2.21 2.63 .84 .406 ​ ​

**p < .01.

Table 6 
Themes from the open-ended responses with representative excerpts.

Theme cluster Theme Representative excerpt

Strategies Exploratory 
questioning

“We first asked the AI to explain the 
case, then asked specific questions about 
each suspect”

Strategies Structured 
information 
gathering

“We used the AI like a search engine at 
first, then started asking it to make 
connections”

Strategies Higher-order 
synthesis

“We asked the AI to organise the 
evidence and identify contradictions”

Challenges Trust calibration “It was hard to know which AI responses 
to trust”

Challenges Prompt 
formulation 
difficulties

“We didn't know how to phrase 
questions to get good answers”

Metacognitive 
insights

Specificity in 
questioning

“Being specific in your questions gives 
better results”

Metacognitive 
insights

Verification 
necessity

“You need to verify AI answers, not just 
accept them”

Metacognitive 
insights

Critical thinking 
alongside AI

“AI is a tool, not a solution—we still 
need to think”
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task understanding instead of being an initial default. The progression 
mirrors Gonsalves's (2026) finding that effective AI-assisted learning 
requires recursive engagement across cognitive domains with learners 
who progress from exploratory to consolidating behaviours achieving 
stronger outcomes.

5.2. Technology acceptance beliefs and task performance

Evidence that PU carries beyond intentions to outcomes is accruing. 
Boubker (2024) found that the PU of ChatGPT raised use and satisfac
tion, which in turn enhanced students' learning outcomes. The practical 
reading is that demonstrating a tool's concrete utility within meaningful 
tasks may matter more for productive engagement than promoting 
adoption as such. The finding that PU was associated with task effec
tiveness points beyond the adoption intentions that dominate TAM 
research toward performance-relevant engagement in collaborative 
GenAI use. Our result is in line with the conclusions that both Dahri et al. 
(2024) and Budhathoki et al. (2024) reached wherein PU is identified as 
the strongest attitudinal predictor. The direction of this association re
mains open, since users who believe GenAI enhances performance may 
engage more strategically, whereas more effective groups may equally 
come to regard the tool as more useful. Given that the PU items refer
enced the task itself and were completed immediately after it, the 
strength of the correlation should also be read with this measurement 
proximity in mind.

5.3. Prompting self-efficacy and collaborative effectiveness

The finding that PSES— an exploratory measure—showed the 
strongest correlation with task effectiveness should be interpreted with 
caution in view of the following considerations that frame the result. 
First, PSES is a study-specific instrument; although its unidimensionality 
and internal consistency proved satisfactory, it has no validation history, 
so its convergent and discriminant properties are unknown. Second, the 
measure was completed after the task. As such, any confidence judge
ments made in the immediate aftermath of success or failure tend to 
absorb outcome information. Third, the association is consistent with 
emerging evidence that self-efficacy beliefs relate to GenAI engagement 
(Shahzad et al., 2025). An association which is potentially bidirectional 
since confidence may support more effective prompting and succeeding 
at the task may equally raise confidence. Liang et al. (2023) reported, in 
the same direction, that the relationship between students’ GenAI 
interaction and achievement was mediated serially by self-efficacy and 
cognitive engagement. Therefore, establishing whether prompting 
self-efficacy is an antecedent, a consequence, or both will require de
signs in which confidence is measured before the collaborative task.

5.4. Experience-performance effects

The null association between prior experience and effectiveness is 
puzzling, given the theoretical grounding in automation complacency 
and the mixed empirical evidence on AI experience effects. As we did not 
anticipate this pattern, the accounts that follow are post-hoc, and each 
warrants direct testing. Recent HCI evidence suggests that prompting 
behaviour is shaped by user dispositions and by the task at hand 
(Wyszynski et al., 2026). It also indicates that users do not readily 
develop systematic prompting strategies through use alone 
(Zamfirescu-Pereira et al., 2023). Time with the technology may 
therefore accumulate exposure without accumulating strategy. Experi
ence may also carry a cost that offsets its benefit, since reliance on 
automated aids draws attention away from monitoring and verification 
(Parasuraman & Manzey, 2010). The likeliest account, though, concerns 
the measure itself. AI literacy comprises distinguishable dimensions (Ng 
et al., 2021) and general exposure to GenAI may not translate into the 
domain-specific collaborative problem-solving competence our task 
required.

5.5. Verification behaviour and task performance

The finding that verification behaviour did not predict task effec
tiveness was also unexpected, given recent emphasis on critical evalu
ation of AI outputs. Dwivedi (2025) developed the ‘ChatGPT 
Fact-Check’ assignment, to teach students evidence-based reasoning by 
evaluating AI-generated claims, and found that structured verification 
activities enhanced critical thinking. The accounts that follow are again 
post-hoc. One is measurement: our single-item measure may have 
captured intentions more than actions, weakening any true relationship 
with outcomes. Another is that verification matters most when the AI 
outputs contain errors. In their review of ChatGPT, Bettayeb et al. 
(2024) noted that the technology provides generally accurate informa
tion for common queries, with verification becoming critical for novel or 
complex claims. If the system's mystery-solving suggestions were largely 
accurate, verification effort may have represented unnecessary cogni
tive expenditure. A third account comes from the collaborative context 
itself, which may have supplied implicit verification through group 
discussion: members debating the system's suggestions may have eval
uated the outputs collectively, with no individual reporting a high 
verification tendency. The reading aligns with Atchley et al.’s (2024)
model of Human-AI collaboration in Higher Education which positions 
metacognitive monitoring as a distributed function in collaborative 
settings.

More broadly, the null findings for H3 (non-linear experience) and 
H5 (verification) raise questions about the applicability of ACT to 
conversational GenAI. The framework of Parasuraman and Manzey 
(2010) was developed primarily in contexts involving automated deci
sion aids, that is, systems that provide discrete recommendations which 
users can accept or reject. Conversational GenAI differs in that it engages 
users in open-ended dialogue, produces varied outputs depending on 
prompt formulation, and requires active participation to generate useful 
responses. Such characteristics may attenuate complacency effects, with 
the dialogic nature of the interaction providing inherent safeguards 
against the passive acceptance that characterises automation compla
cency in other domains.

5.6. Experience, Perceived Usefulness, and task effectiveness

A descriptive pattern among experience, technology-acceptance be
liefs, and effectiveness merits comment. Prior experience was related to 
PEU but showed only a weak, non-significant association with PU. In 
addition, neither belief lay on a demonstrable path from experience to 
effectiveness. The asymmetry suggests that GenAI experience brings 
fluency (i.e., the sense that the tool is easy to use) without a corre
sponding appreciation of its genuine utility.

The finding that GAAIS showed no relationship with effectiveness 
further supports the specificity of beliefs that matter. General attitudes 
were nonetheless modestly associated with the proportion of higher- 
order prompting even though they were unrelated to effectiveness it
self, thus suggesting that positive dispositions toward AI may shape how 
groups engage the tool without translating into better outcomes. Chiu 
et al.’s (2023) review of AI in education emphasised that AI literacy 
involves specific competencies instead of general dispositions. Broad 
positive attitudes toward AI appear insufficient—what matters is 
situation-specific beliefs about AI's utility for particular tasks; beliefs 
that may develop through the quality of experience as opposed to its 
frequency. Cotton et al. (2024) similarly argued that academic integrity 
considerations require layered understanding of AI capabilities that 
general attitudes fail to capture.

6. Implications

The study has implications for both theoretical development and 
practice.

First, the association between C&M prompting and effectiveness is 
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correlational and does not, by itself, establish that training learners to 
produce higher-order prompts will improve performance. What it does 
license is a targeting claim: higher-order cognitive behaviours are the 
observable markers that accompany effective collaboration and 
they—more than prompt formatting or keyword optimisation—are, 
therefore, reasonable candidates for AI literacy curricula to address, 
pending experimental confirmation that cultivating them returns gains. 
The implication aligns with the AI literacy framework of Ng et al. (2021)
which positions evaluation and creation among its core competencies. 
Similarly, Ansari et al.’s (2024) review concluded that educators should 
design assessment tasks requiring critical thinking and human intelli
gence when working with AI. In this regard, our findings are consistent 
with curricula that scaffold the progression from exploratory to 
consolidating AI interactions.

A second implication concerns PU in AI engagement. Instead of 
assuming that exposure develops competence, educators might focus on 
demonstrating concrete utility through meaningful tasks. The recom
mendation resonates with Chiu's (2024b) framework for GenAI inte
gration which emphasises authentic applications where AI adds genuine 
value. Chiu et al. (2023) also found that AI assistance can either support 
or undermine student agency—depending on how tasks position AI's 
role. The concurrent PU–effectiveness association observed here is 
consistent with tasks that reveal AI's genuine utility building the moti
vational orientations that sustain effective collaboration. Chiu's (2024a)
self-regulated learning framework for AI-assisted writing similarly em
phasises reflection on AI's contribution as essential for developing pro
ductive use patterns.

From a theoretical perspective, the findings connect technology- 
acceptance beliefs to performance-relevant behaviour in collaborative 
AI contexts. The LBET framework proved workable for capturing vari
ation in prompting quality, thus supporting its application to GenAI 
interaction research by illustrating the value of Bloom-based taxonomies 
(Hmoud & Shaqour, 2024; Hui, 2025) for categorising human-AI 
interaction in collaborative settings. The inconclusive findings for 
experience and verification suggest that existing theoretical models 
require adaptation for Human-GenAI collaboration where open-ended 
conversational interaction differs from the automated decision aids 
that inform traditional automation research (Lebiere et al., 2021).

7. Limitations and future directions

The study's limitations provide directions for future research.
First, because outcomes were measured at a single point, the study 

cannot reveal whether the observed associations persist. Bastani et al. 
(2025) demonstrated that GenAI learning effects can be ephemeral, 
appearing in immediate assessment but disappearing when support is 
withdrawn. Longitudinal designs tracking whether prompting quality 
and PU predict sustained learning, beyond specific AI-assisted sessions, 
would address this limitation.

Second, the single task type may not generalise to other collaborative 
AI applications. Wu et al. (2026) found that ChatGPT's effectiveness 
varies by discipline, intervention duration, and instructional mode, 
while educational level and knowledge type did not significantly mod
erate outcomes. Replication across creative production, technical 
problem-solving, and decision-making tasks would clarify boundary 
conditions for our findings. Testing whether automation-complacency 
predictions hold in more constrained GenAI applications—such as 
code completion or AI-generated summaries, where the interaction 
more closely resembles traditional automation—would further delimit 
the theory's scope. In view of that, future research should also examine 
whether collaborative AI effects differ from individual AI-assisted 
learning, as most existing meta-analyses aggregate across collaborative 
and individual AI use (Heung & Chiu, 2025).

Third, reliance on self-reported measures for experience and verifi
cation introduces potential response biases. The verification measure, in 
particular, consisted of a single ordinal item, whose unknown reliability 

attenuates any true association with effectiveness. Recent studies 
(Crawford et al., 2023; Steiss et al., 2024) have moved toward behav
ioural trace data to analyse reflections with emerging tools by tracking 
actual conversation logs. Future research might incorporate logged 
prompts, response times, and external verification actions to comple
ment self-report assessment. Future work could also separate passive AI 
consumption from active skill-building engagement and task-aligned 
from task-misaligned experience to capture effects that a single com
posite experience measure may obscure.

Fourth, the reasoning-quality component of the effectiveness score 
was rated by a single GM per group, so inter-rater reliability could not be 
established for that component. The effectiveness composite also 
weighted solution accuracy most heavily, with completion time, evi
dence interpreted, and reasoning quality each contributing 20 points. 
Because the time component rewards faster completion, it may partly 
conflate efficient problem-solving with reduced deliberation, although 
the higher-order-prompting association persisted when effectiveness 
was recomputed from its objective components alone.

Fifth, the open-ended qualitative responses were provided by a small 
fraction of the participants’ pool (n = 22), thus limiting the represen
tativeness of the themes identified. As such, the qualitative findings 
should be read as illustrative of the quantitative patterns.

Sixth, the competitive framing—although confined to the between- 
group level and expected on theoretical grounds to support engage
ment (Landers et al., 2017; Sailer & Homner, 2020)—may have shifted 
how groups balanced speed against deliberation; its influence cannot be 
separated from that of the task itself.

Finally, the student sample may not represent AI collaboration pat
terns in professional contexts where stakes and expertise levels differ.

8. Conclusion

In the present study, we examined how the prompting behaviour of 
groups developed over a collaborative mystery-solving task with GenAI 
and how it related to the effectiveness of the collaboration. Groups 
produced a modest majority of higher-order prompts, shifted from 
exploratory toward evaluative and synthetic prompting as the sessions 
advanced, and performed better the larger the share of higher-order 
prompts they produced; the association withstood controls for prompt 
volume and alternative compositions of the effectiveness score. Prior 
experience, general attitudes, and self-reported verification showed no 
reliable association with effectiveness. PU and PSES, in contrast, co- 
varied strongly with it, as concurrent correlates measured after the 
task. It is concluded that what groups do with GenAI is more informative 
about the effectiveness of the collaboration than who their members are 
in terms of prior exposure or general disposition. For practice, the results 
direct attention toward cultivating evaluative, organisational, and syn
thetic engagement with AI. For research, they argue for group-level, 
time-resolved designs and for experimental tests of whether higher- 
order prompting can be taught to advantage.
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APPENDIX A. Game Master Observation Rubric

During each session, the group's assigned Game Master completed a structured observation rubric. Each criterion was recorded live, together with 
free-text general notes.

Observation domain Criteria recorded

AI use patterns Frequency of queries to the AI; prompt quality; verification of AI answers
Team collaboration Active discussion among members; exchange of information and evidence; division of tasks
Problem-solving approach Systematic analysis of the evidence; cross-referencing of evidence pieces; critical questioning of conclusions
Engagement and motivation Enthusiasm and energy; persistence despite difficulties; focus and attention
General notes Free-text observations recorded during the session

Reasoning Quality Scoring Rubric

The reasoning-quality component (R) was rated by the Game Master who was overseeing the group's problem-solving approach and supporting 
argument, using the predefined observation rubric—which included: systematic analysis of the evidence, cross-referencing of evidence pieces, and 
critical questioning of conclusions—on a continuous 0–1 scale capturing logical coherence and evidence-based reasoning. Intermediate values (for 
example, .60) were permitted where a group's reasoning fell between two anchors.

Score Anchor description

.00 No coherent reasoning. The conclusion is asserted without logical justification; available evidence is ignored, misread, or contradicted.

.25 Minimal reasoning. A conclusion is offered, but the logical chain is fragmentary or internally inconsistent; only isolated pieces of evidence are cited, and key inconsistencies 
are left unaddressed.

.50 Partial reasoning. A broadly logical argument is present but incomplete; some relevant evidence is integrated, but noticeable gaps, unsupported leaps, or unexamined 
alternative explanations remain.

.75 Sound reasoning. A coherent, well-sequenced argument that integrates most of the relevant evidence and addresses the main competing explanation, with only minor gaps or 
under-justified steps.

1.00 Fully coherent reasoning. A complete, internally consistent chain of inference that integrates the available evidence, explicitly rules out the principal alternative explanations 
(e.g., other suspects), and justifies the final conclusion.

Outcome Measure – Mystery Effectiveness

The observer-rated group performance measure (i.e., the Mystery Effectiveness variable) is calculated on a continuous scale (0-100) with all 
participants in a group sharing the same score.
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Criterion Description Weight

Solution Accuracy Correctness of the final mystery solution; identification of key elements 40%
Completion Time Time taken to reach a solution, relative to the 90-min cap 20%
Reasoning Quality Logical coherence and evidence-based argumentation in solution 20%
Evidence Interpretation Number of evidence pieces correctly interpreted (0–11) 20%

APPENDIX B 

Demographics Questionnaire

Administration: Pre-activity.

Item Variable Question Response Options

1.1 Gender Please state your gender. Male; Female; Prefer not to say; Other
1.2 Age Please state your age. Open numeric response
1.3 Education Level Please state your 

educational level.
Secondary Education; Undergraduate; Postgraduate

1.4 Educational 
Field

Please state your field of 
study.

Science and Technological Sciences; Economics and Information Technology; Humanities; Health and Life Sciences; 
Computer Science; Engineering; Other [Please specify]

APPENDIX C 

GenAI Experience Questionnaire

Branched design based on prior GenAI use. Administration: Pre-activity.

Branching Question

Item Question Response Options

2.0 Have you ever used Generative AI tools (e.g., ChatGPT, Claude, Gemini, Copilot)? Yes → Branch A; No → Branch B

Branch A: For GenAI Users

Item Question Response Options

2.A1 How long have you been using GenAI tools? <1 month; 1–3 months; 4–6 months; 7–12 months; >1 year
2.A2 How often do you use GenAI tools? Daily; 4–6×/week; 2–3×/week; Once/week; 2–3×/month
2.A3 Which GenAI tools do you use? ChatGPT; Claude; Google Gemini; Microsoft Copilot; Other (specify)
2.A4 For what purposes do you typically use GenAI? Homework; Study assistance; Research; Writing; Creative projects; Other (specify)
2.A5 How would you rate your prompting capability? 1 = Not at all capable – 5 = Extremely capable
2.A6 How much do you trust GenAI responses? 1 = Not at all – 5 = Completely
2.A7 How often do you verify GenAI responses? Always; Often; Sometimes; Rarely; Never
2.A8 What is your biggest challenge when using GenAI? Formulating effective questions; Doubt about accuracy; Technical issues; No challenges; Other

Branch B: For Non-Users

Item Question Response Options

2.B1 Why haven't you used GenAI tools? Prefer traditional methods; Do not need them; Do not trust AI; Lack access; Other
2.B2 How aware are you of what GenAI can do? 1 = Not at all aware – 5 = Fully informed
2.B3 What concerns do you have about GenAI? Academic integrity; Accuracy; Privacy; No concerns; Other
2.B4 How likely are you to use GenAI in the future? Very unlikely; Unlikely; Neutral; Likely; Very likely
2.B5 What would motivate you to try GenAI? Training; Free access; Teacher recommendation; Peer influence; Other
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Common Questions (All Participants)

Item Question Response Options

2.O1 How important do you think GenAI will be for your future career? 1 = Not at all important – 5 = Extremely important
2.O2 How adequate is the GenAI education you have received? 1 = Extremely inadequate – 5 = Extremely adequate

APPENDIX D 

General Attitudes towards Artificial Intelligence Scale (GAAIS)

Administration: Pre-activity. Scale: 1 = Strongly Disagree to 5 = Strongly Agree.

Positive Attitudes Subscale

Item Statement

GAAIS_P1 I am impressed by what Artificial Intelligence can do.
GAAIS_P2 I am interested in using Artificial Intelligence in my daily life.
GAAIS_P3 I think Artificial Intelligence is exciting.
GAAIS_P4 I think Artificial Intelligence is beneficial for society.
GAAIS_P5 Artificial Intelligence can perform better than humans in some tasks.

Negative Attitudes Subscale (Reverse Scored)

Item Statement

GAAIS_N6 I think Artificial Intelligence is likely to make mistakes.
GAAIS_N7 I think Artificial Intelligence is dangerous.
GAAIS_N8 I feel uncomfortable around Artificial Intelligence systems.

APPENDIX E 

Technology Acceptance Model Scales

Administration: Post-activity. Scale: 1 = Strongly Disagree to 7 = Strongly Agree.

Perceived Usefulness

Item Statement

PU1 Using GenAI in this activity improved my problem-solving performance.
PU2 Using GenAI increased my productivity in the task.
PU3 Using GenAI enhanced my effectiveness in the activity.
PU4 I found GenAI useful for completing this activity.
PU5 GenAI made it easier to accomplish the task requirements.
PU6 Overall, I found GenAI to be advantageous in this activity.

Perceived Ease of Use

Item Statement

PEU1 Learning to use GenAI for this activity was easy.
PEU2 I found it easy to get GenAI to do what I wanted.
PEU3 My interaction with GenAI was clear and understandable.
PEU4 I found GenAI flexible to interact with.
PEU5 It was easy to become skillful at using GenAI.
PEU6 Overall, I found GenAI easy to use.

APPENDIX F 

Prompting Self-Efficacy Scale (PSES)

Administration: Post-activity.
Custom instrument. Scale: 1 = Not at all confident to 7 = Completely confident. Score Range: 1.0–7.0 (mean).
Instructions: Please rate how confident you feel about each of the following abilities based on your experience in today's activity.
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Item How confident are you that you can …

PSES_1 … formulate clear and effective prompts to get useful responses from AI?
PSES_2 … refine and improve your prompts when AI responses are not satisfactory?
PSES_3 … use AI effectively to solve complex problems you couldn't solve alone?
PSES_4 … critically evaluate AI responses for accuracy and usefulness?
PSES_5 … guide AI through multi-step reasoning to reach a solution?

Psychometric Properties

The scale was constructed for the present study following Bandura's (1997) guidelines. The Factor Analysis supporting its unidimensional structure 
is reported in the Instruments section of the main text; item-level statistics are reported below.

Item M SD Factor loading Corrected item-total r α if item deleted

PSES_1 3.99 .93 .65 .54 .71
PSES_2 3.85 .98 .66 .56 .70
PSES_3 3.92 .95 .66 .56 .70
PSES_4 3.92 .90 .63 .53 .71
PSES_5 4.07 .93 .51 .44 .75

APPENDIX G 

Learning Behaviour with Emerging Technologies Framework

Adapted from Bloom's Digital Taxonomy. Application: Researcher coding of prompt logs.

Category Code Stage Description

Searching SEA E&A Basic information retrieval; asking for definitions, facts, or descriptions
Reading REA E&A Comprehension-focused; asking for explanations, summaries, or clarifications
Interpreting INT E&A Application of information; asking for examples, implications, or connections
Evaluating EVL C&M Critical assessment; asking AI to compare, judge, critique, or assess information
Organising ORG C&M Synthesis and structuring; asking AI to organise, prioritise, or create plans
Curating CUR C&M Metacognitive oversight; reflecting on AI use, validating reasoning, refining approach

APPENDIX H 

Open-Ended Questions

Administration: Post-activity.

Item Question

OE_1 What strategies did your group use when interacting with AI to solve the mystery? Please describe your approach.
OE_2 What difficulties or challenges did you face when using AI for this task? How did you overcome them?
OE_3 What did you learn about using AI effectively through this activity? What would you do differently next time?
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