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Recent advances and applications of artificial intelligence (AI) have increased the 
opportunities for students to interact with AI in their learning tasks. Although various fields 
of scholarly research have investigated human-AI collaboration, the underlying processes 
of how students collaborate with AI in a student-AI teaming scenario have been scarcely 
investigated. To develop effective AI applications in education, it is necessary to understand 
differences in the student-AI interaction (SAI) process depending on students' 
characteristics. The present study attempts to fill this gap by exploring the differences in 
the SAI process amongst students with varying drawing proficiencies and attitudes towards 
AI in performing a public advertisement drawing task. Based on the empirical evidence 
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established a deeper understanding of AI uses for education and its advantages and limitations but with 
a focus on the technicalities of the technology. However, it would be naive to presume that simply 
optimising AI algorithms and providing new types and functionalities of AI would lead to the 
implementation of a successful student-AI interaction (SAI) for learning (Kim et al., 2022). Rather, the 
process of interacting with AI in learning task operation is a decidedly non-trivial one in which students 
need to make the most of AI characteristics as well as translate AI-provided information into meaningful 
knowledge and subsequently use them to guide their learning activity (N. Zhang et al., 2021). To enhance 
the design of AIED, it is crucial to study how students work with and act on AI during learning task 
operation and develop a robust understanding of these processes. This study, therefore, aims to explore 
and analyse the SAI processes on learning tasks, specifically on drawing tasks, making explicit the 
mechanisms through which the tasks are performed. In doing so, this study can provide insights into the 
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Student characteristics that influence effective SAI 
 

There is limited knowledge concerning how students come together with AI to produce creative outcomes 
such as drawings, but earlier literature on human-computer interaction suggests that interactions 
between humans and technology go beyond being strictly limited to engineers in scenarios like 
determining machine layout or developing mathematical simulation methodologies (Hoffman, 2019). 
Rather, it necessitates the effective coordination of complex activities which includes communication, 
joint action and the ability to adapt to human-aware execution to accomplish a task under a variety of 
environmental conditions (Lemaignan et al., 2017). Therefore, it is crucial to understand the user's 
individual factors as a key driving force for effective interaction between humans and technology. 
Similarly, much literature in education has found that although students utilise technology for learning, 
the way they use and interact with it often falls short of being sufficiently effective (Kim & Cho, 2023). In 
turn, a rich line of studies has investigated how students’ characteristics affect the interaction between 
students and technology, including competency in technology use (Teo et al., 2015), perception of the 
utility of technological resources (Clark et al., 2009) and the availability of scaffolding to support the 
technology-enhanced learning experience (McLoughlin & Lee, 2010). 
 
Among the many characteristics an individual may possess, studies have revealed that attitudes towards 
a particular technology are directly related to an individual's perceived usefulness and perceived ease of 
use of technology (Teo et al., 2015, Venkatesh et al., 2003). Positive attitudes towards using technology 
are closely linked to an individual's behavioural intention to use that technology; this, in turn, influences 
the users' actual adoption and util
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The review of literature opens the possibility of SAI to produce reasonable results in various learning tasks, 
including drawing tasks, yet the explicit SAI is underexplored. In addition, the SAI process on drawing tasks 
may have differences depending on students' attitudes towards AI and their level of drawing skills. Taken 
together, the present study aimed to investigate differences in the SAI process on drawing tasks amongst 
students with differing attitudes towards AI and drawing skills. To address the study’s aim, the following 
research questions were framed: 
 

(1) How are student attitude and drawing skill related to how they participate in the SAI process? 
(2) What are the featured activity distributions that emerged during SAI amongst a group of students 

with different attitudes towards AI and levels of drawing skills? 
(3) 

https://www.autodraw.com/
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Drawing task 
 
To address the research questions, the participants were assigned a drawing task to team with AutoDraw 
and create a public advertisement that communicated a clear call to action. During the collaborative 
drawing process, teammates shared their understanding through drawing, which could enable them and 
others to discover hidden relations and generate novel insights (Tversky et al., 2003). Hence, a vital 
objective of this study was to uncover the activity pattern underpinnings of collaborative drawing 
between students and AI. The themes were overcoming COVID-19 and coping with climate change. They 
were chosen for the drawing task to provide the task with a clear objective and offer students a research 
activity related to pressing contemporary issues during the time frame of the research to provide 
additional meaning to the drawing task. Each student was given the task instructions along with the theme 
and guidelines for drawing a public advertisement.
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transitional probabilities and z scores can both be the main dependent variables, given the student-AI 
relationship has barely been studied, this exploratory study mainly considered transitional probabilities 
(Jeong, 2005). We employed Gephi version 0.9.2 to visualise the SAI process patterns from LSA of each 
group with weighted arrows connecting nodes, the significant activities in accordance with transitional 
probabilities. 
 
The mere transitions found in LSA, nonetheless, do not adopt the sense of the chronology; the 
terminology process requires examining the pattern findings in tandem with the chronological order of 
the coded activities to discern distinctive features of each group. The student-AI think-aloud protocols, 
however, hardly gave pause since AI instantly responded to the students so that some activities (e.g., IA1, 
IA2) could only be counted in seconds, disallowing us to ascertain the distinctive patterns. To overcome 
such a limitation, we first listed the validated activity patterns from LSA on a spreadsheet and compared 
them with the written records of the think-aloud protocols. Next, we aligned each participant's activity 
list and scrutinised the common activity series within each group to visualise the chronological order 
named activity series alignment (Hoppe et al., 2020). The common activity series was found to be in two 
dimensions: the prior activity and in times of drawing activity. We then selected only the common activity 
series within the group that appeared in the same order in the same dimension. In doing so, we could 
corroborate the detected common activity series of each group within the confidence levels along with 
the task duration timeline. Then, we computed each common series in mean values of each group in 
terms of onset (the first code initiation in the path series) and offset (the path series termination). Only 
then the general SAI process could be expounded by each common activity series (in percentage) within 
each group during the drawing task. It should be noted that the coloured bars in the activity series 
alignments represent common pattern series, whereas the gaps between them show the randomly 
performed activities (Figure 3). 
 

Results 
 
To examine each group's statistically significant patterns in the SAI process, we tallied transitional 
probability and z scores. For a better understanding of groups, we excluded self-loop patterns (e.g., 
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Table 1 
Summary of the featured activity patterns 

Types PAHD NAHD PALD NALD 

Distinctive 
patterns 

7 9 8 5 

Common 
pattern details 

2 3 1 2 
(a) IA2→PE (b) IA4→ NE (a) IA2→PE (b) IA4→ NE 
(d) IA1→IA4 (c) E→SI1  (c) E→SI1 
 (d) IA1→IA4   

Featured 
pattern details 
(common 
patterns 
deducted) 

5 6 7 3 
(1) IA5→BR1 (1) IA2→SI2 (1) SG2→PH2 (1) PH4→E 
(2) IA4→IA3 (2) SG1→SG2 (2) IA4→PE (2) BR2→PH4 
(3) IA3→IA4 (3) BR2→SI1 (3) MP2→SI1 (3) IA2→SI1 
(4) SI2→E (4) IA3→NE (4) BR1→SI1  
(5) MP2→PH4 (5) PH3→SI1 (5) SG1→SG2  
 (6) SG2→SG1 (6) PR2→SG1  
  (7) IA1→IA2  

Note. IA: interaction with AI, PE: positive emotional response, NE: negative emotional response, E: 
evaluation, SI: solution implementation, BR: building relationship with AI, PR: problem representation, 
SG: solution generation, PH: planning, MP: monitoring & regulations during problem-solving process. 
 
PAHD 
 
Looking into the distinctive activity patterns of each group, PAHD demonstrated five strong transitions: 
(1) IA5→BR1 (prob = .77, z = 17.94), (2) IA4→IA3 (prob = .74, z = 34.55), (3) IA3→IA4 (prob = .54, z = 18.44), 
(4) SI2→E (prob = .40, z = 22.20), and (5) MP2→PH4 (prob = .40, z = 15.79). The strongest transition, (1) 
IA5→BR1, demonstrates PAHD forms a collegial relationship with AI upon generating alternative solutions 
in combination of students and AI figures. Their patterns were concentrated on IA-related activities. For 
example, what seemed like a linear relationship of (2) IA4→IA3 turned out to be a bilateral transition as 
(3) IA3→IA4 presented. When students witnessed the AI’s misunderstanding of their intention, confirmed 
by reviewing the suggestions, they repetitively modified their figure drawings to enhance AI's 
understanding to suggest satisfactory figures. As to (4) SI2→E path, students evaluate their task outcomes 
after revising AI-suggested figures. In addition, (5) MP2→PH4 explains that the students changed the 
existing idea after adjusting the meaning of the composition arrangements in the conceptual structure. 
Given the activity patterns, in turn, PAHD students performed the act of coordination such as continuously 
refining the drawing for the AI to comprehend students' intention and adjustment in the conceptual 
structure on the drawing, the existing plan and the ideas on the task activity during SAI. With the most 
strengthened activity patterns delineated above, a total of 54 statistically distinctive activity transitions 
are arranged in Figure 2. 
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with AI while sequence (4) IA3→NE represents that repeated sketch modifications for AI to comprehend 
students' intended figures led students to feel negative about AI. The overall NAHD’s activity transitions 
are 35, including the distinctive patterns described above (see Figure 4). 
 

 
Figure 4. NAHD’s SAI process patterns 
Note. The thicker arrows indicate higher transitional probabilities, blue for linear relationships and red for 
bilateral relationships. 
 
The SAI of NAHD is oriented towards being a student-driven drawing activity. NAHD typically spent most 
of their time on the (1) and (5) transitional activities, 25% and 25.60%, respectively (see Table 2 and Figure 
5). This group demonstrated (1) activity series similar to PAHD during the prior activity. Nonetheless, 
NAHD tended to be neglectful of thorough examinations on AI’s functionality and resource availability 
(PH2, 2.85%; see Appendix 3). This suggests that the students mostly devoted their time to PR and SG 
activities while giving scant consideration to the AI functionality before the overall plan of task 
performance (PH3, 1.61%; see Appendix 3). In times of drawing activity, what intrigues the most is that 
students demonstrated interaction with AI in two simple ways – see activity series (2) to (3). Either one is 
involved with their endeavour to work with AI by repetitively revising their figures for AI to understand 
their intended ideas (IA3) and their criticism made to AI suggestions (IA4). In addition, although students 
adopted AI-suggested figures (IA2), they revised them (SI2) to accomplish their intended concept of the 
drawing for the overall task evaluation (E) before resuming to sketch (SI1) as in activity series (4). This 
shows that NAHD tended to have a high level of agency and control in performing a task, expecting AI 
recommendations to be identically matched with their intended ideas and their unique drawing style. 
When AI failed to do so, they negatively assessed AI's performance and developed annoyed and hostile 
feelings and relationships. As a result, they completed the rest of the drawing unaccompani1 427.85 ,a

/F2 0.00y AI, as 
shown in the activity series (5). They drew figures (SI1) disregarding AI suggestions to improve their initial 
sketches (SI2) then conducted self-assessments (E). 
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Figure 7. PALD’s activity series alignments along the task duration in percentage 
Note. The colour presentations do not share any activity series in common among groups but distinguish 
the numbers of the activity series in each group. 
 
NALD 
 
Lastly, the overall activity patterns of NALD showed the three strongest transitions: (1) PH4→E (prob = 
.51, z = 10.61), (2) BR2→PH4 (prob = .38, z = 5.30), and (3) IA2→SI1 (prob = .37, z = 2.77). NALD did not 
demonstrate many SAI 
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demonstrated PE and BR1, PAHD performed various activities such as SI1, SI2, IA1 and IA5, whereas PALD 
participants mostly ended with PE itself that seldom performed in tandem with PH3. This finding is 
corroborated by research on student-student collaboration, highlighting that feelings of friendship in the 
group may inhibit students from working seriously, cause off-task behaviours and become less self-
disciplined and critical (Le et al., 2018). Hence, this study calls for teachers to foster SAI quality by 
enhancing both students' cognitive (e.g., domain-specific skills) and collaborative competencies (e.g., 
defining learning goals, instructing beneficial students’ behaviours during SAI, monitoring, supporting, 
consolidating and evaluating SAI) during the SAI process. 
 

Conclusion 
 
This study extends our understanding of differences in the SAI process when completing a learning task 
among students with varying attitudes towards AI and different levels of domain knowledge. It also offers 
a range of implications on the instructional and educational AI design to better structure SAI. 
Furthermore, this paper proposed a coding scheme for analysing SAI, which can serve as an alternative 
tool for focusing on the communication and interaction patterns of students with other AI systems. 
However, studies are necessary to address the following limitations of this study. One limitation of this 
study is that all the participants in the study were Korean undergraduate students and their interactions 
with AI were conducted in the specific context of a drawing task. Thus, the study findings may not fully 
reflect the total population of SAI on a learning task. Research is necessary to validate the findings in 
different educational levels of students along with various learning tasks. Additionally, research can 
further develop an understanding of the influence of divergent students' characteristics as well as AI 
characteristics on students-AI teaming in learning tasks. Furthermore, we encourage studies to undertake 
research in a real classroom setting to examine possible environmental factors that may influence the SAI 
process. 
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Appendix 2 
 
Coding scheme 
 

Category Subcategory CodeCode
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