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Abstract
A growing number of educators expect that artificial intelligence (AI) will augment students' capacities and rapidly 
transform the teaching and learning practice. However, there is a lack of convincing evidence on the effects of Student-
AI Collaboration (SAC) on a learning task's performance. A critical examination of the effects on students' learning 
performance is a crucial step in understanding the potential benefits of SAC on learning. Through a repeated measure 
experiment participated by 20 undergraduate students in South Korea, this study examined the effects of SAC on a 
public advertisement drawing task. The findings revealed that SAC significantly affects creativity in content, expres-
sivity in expression, and public utility in effectiveness varied depending on students' attitude toward AI or on the level 
of drawing skill. Implications for the design of educational AI and AI literacy education are discussed.

Keywords Student-AI collaboration · Effect of human-AI collaboration in education · Artificial intelligence in Education · 
AI literacy · Educational AI design

Introduction

With the rapid progress and acceleration of Artificial 
Intelligence (AI) technology in decision-making, predic-
tion, knowledge extraction, and logical reasoning that 
seemed like the exclusive domain of humans, AI has a 
profound impact on our society. Such progress in AI, in 
particular, has led to increased interest in Human-AI col-
laboration (HAC), where the unique strengths of humans 
and AI act synergistically. For instance, humans work col-
laboratively with AI for the sake of improving, optimiz-
ing, or automating tasks in their personal lives (Cheng, 
2019; Parekh, 2017), work lives (Marijan et al., 2019; 
Yang et al., 2019), governance (Susar & Aquaro, 2019; 
Valle-Cruz & Sandoval-Almazan, 2018) and creative 

performance such as collaborative writing or art (Liu, 
2019; Oh et al., 2018).

Along this line, there is a growing interest and demand 
to understand how AI supports students to better perform 
their learning tasks and strengthen students' learning expe-
rience. Accordingly, previous studies demonstrated that AI 
can potentially assist students' learning by serving various 
roles in its interactions with students, such as a personal 
tutor (Luckin et al., 2016; Peng et al., 2019) analyzing 
learning process and outcomes, or collaborative peer (Chen 
et al., 2020; Kanda et al., 2004) interacting with them to 
augment capacities to execute their learning task, build-
ing and maintaining social relationships and facilitate their 
learning process. Although the presented results of this 
body of work elicit that AI uses as a direct teaching and 
learning tool can have positive effects on students' learn-
ing, the transferability of guaranteed positive impacts to an 
actual student-AI collaboration (SAC) context is question-
able. A careful exploration of the resulting effects on stu-
dents' learning performance is an important step in under-
standing the potential benefits of SAC on learning. The 
present study, therefore, aimed to verify the effectiveness 
of SAC on students' learning task performance. In doing 
so, the study can provide implications for the instruction 
on learning with AI and the design of educational AI to 
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facilitate better SAC on learning. The study findings can 
also serve as convincing evidence of SAC effects.

Literature Review

Existing literature presents us with diverse roles that AI 
can serve in students' learning.

First, AI's biggest promise in education lies in the person-
alization of learning and learning materials. In this regard, 
AI is employed as a personal tutor or a teacher, like the Intel-
ligent Tutoring System (ITS), offering diverse examples, help 
messages and hits, and step-by-step demonstrations available 
on-demand to execute the learning task (Desmarais & Baker, 
2012). Also, ITS corrects students' misconceptions in the task 
contents, concepts, and knowledge by tracking the problem-
atic steps in the learning process and providing personalized 
feedback (VanLehn, 2011). However, it is argued that stu-
dents' interaction with ITS and their learning are depicted as 
passive along with a programmed learning path that AI has 
established. Toward this issue, another stream of research 
offers AI a role of peer. For example, AI serves a role of less 
competent learner or a help-seeker, making errors and mis-
takes on purpose for students to play a role of a competent 
learner and help-givers to correct AI's mistakes and guide AI. 
Such learning-by-teaching with AI, students' domain knowl-
edge, and self-efficacy can be improved (Chase et al., 2009). 
On the other hand, some literature demonstrates the role of 
AI as a group member or a facilitator in the collaborative 
discussion by (1) facilitating the formation of teams; (2) man-
aging time, (3) encouraging members to participate evenly, 
and (4) organizing the members' diverse opinions (Kim et al., 
2020). In addition, previous studies find an opportunity to use 
AI as an improviser to stimulate students' ideation during the 
creative task process (Lin et al., 2020).

Despite the roles of AI and its positive effects on students' 
learning, it should also be noted that students' differences have 
been found to affect the way students interact with AI and 
the effects of their collaboration. For instance, many studies 
have indicated individual levels of domain-specific knowledge 
may lead to varied interaction and experience with technology 
(Choi, 2015; Popovic, 2003). As Kaptelinin (1996) discussed, 
the ultimate goal of users in utilizing the technology is to 
address their unmet demands (problems) of specific problem 
space (domains) and obtain the finest outcomes and experi-
ence, not the skillful use of technology itself. Popovic (2003)'s 
model further describes how novice and expert users inter-
act with technology differently. The model demonstrates that 
users with a high level of domain-specific knowledge decide 
what is the most relevant representation needed by reflect-
ing a profound domain-specific knowledge and applying it 
into the task domain (TD). In contrast, users with a lower 
level of domain-specific knowledge have an unstable internal 

representation of TD, as they are likely to apply general 
knowledge to TD instead of in-depth domain-specific knowl-
edge, which makes them challenged when deciding which rep-
resentation is the best to solve the problem. As a consequence, 
they are prone to go through a series of trials and errors and 
repeat the same procedures until making the appropriate deci-
sion. Reflecting on the presented results, the problem-solving 
process between humans and technology and that experience 
cannot be dissociated from the domain that grounds the con-
tent of the technology as well as the knowledge of the users.

In addition, the extensive body of research discusses that the 
individual's attitude toward technology is closely related to an 
individual's interaction and engagement with AI (Cruz-Benito 
et al., 2019; Davis, 1989; Sánchez-Prieto et al., 2019). Technol-
ogy Acceptance Model (TAM), in particular, has found that 
the users' attitude toward technology significantly influences an 
individual's behavioral intention to use the technology, which 
would affect an individual’s actual behavior of adopting the new 
technology (Abdullah & Ward, 2016; Davis, 1989).

The review of existing literature paves the ways for SAC to 
make plausible results in the process of performing learning 
tasks, yet the students' perceived effectiveness of working with 
AI on their learning tasks and how the SAC impacts the task 
performance are underexplored. In addition, the effects of SAC 
may vary depending on students' attitudes toward AI and levels 
of domain knowledge. The current study, therefore, aimed to 
examine the SAC effects on students' learning task performance 
through exploring Korean undergraduate students' perceptions 
and experiences about the collaboration with AI on executing a 
learning task. The study, particularly, investigated the differences 
in the SAC effects on a learning task performance amongst 
groups of students with differing attitudes toward AI and levels 
of domain skill with one major research question as follows:

Q. What are the group differences in the SAC effects on 
a learning task performance?

To address the research questions framed, this study con-
ducted a within-subject experiment in which students worked 
on the public advertisement drawing task in two experimental 
conditions: In one, the participants completed the task with 
suggestions from an AI system, and in the other, without it. 
The AI that collaborated with students in this study is an 
algorithm-based system rather than off-the-shelf products or 
services such as an AI speaker and an intelligent robot.

Methodology

Participant

A total of 20 Korean undergraduate students aged between 
22 to 25  years took part in this experiment and were 
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recruited from different universities in urban areas within or 
near Seoul, the capital city of South Korea. To achieve pur-
poseful sampling, students' drawing skills and their attitudes 
toward AI were examined. To be specific, we first collected 
individual students' drawing work before the experiment to 
be assessed based on a five-point Likert scale ranging from 
1 (highly unsatisfied) to 5 (highly satisfied) by 8 experts (2 
professors and 2 experts in art education, 2 professors in 
public advertisement and 2 experts from an advertisement 
agency). 

As descriptive statistics of drawing assessments from the 
experts distinctly ascertain the score either above four or 
below two, the participants in the former were categorized in 
the high level of drawing skill and the latter in the low level 
of drawing skills. We then conducted a pre-interview with 
each participant to discern their entrenched attitude toward 
AI. Based on Wu et al., (2020), students were grouped into 
two maximum variations: positive (AI is good, beneficial, 
helpful, intelligent, with goodwill) versus negative (bad, not 
beneficial, not helpful, silly, with ill will). Taken both assess-
ments of students' level of drawing skill and attitude toward 
AI, participants were classified into 4 groups consisting of 5 
students: A group with (1) the positive attitude toward AI and 
the high level of drawing skills (PAHD); (2) the positive atti-
tude toward AI but the low level of drawing skills (PALD); (3) 
the negative attitude toward AI but the high level of drawing 
skills (NAHD); (4) the negative attitude toward AI and the low 
level of drawing skills (NALD) (see Table 1).

AI Technology

Among many AI-assisted drawing tools available, this 
study took advantage of AutoDraw (www. autod raw. com), 
a compatible web-based tool from any device whereby 
interactive principles of AI were applied to convert users' 
inaccurate and rough input sketches into stylized objects, as 
illustrated in Fig. 1. Furthermore, AutoDraw was suitable 
to examine their different perspectives when collaborating 
with AI, for none of the participants had prior experience 
of using it.

Procedure

The experiment was conducted in four steps. First, the 
researchers provided a brief explanation about the experi-
ment and the procedure to each participant. Next, partici-
pants were asked to watch a short video clip on how to 
use AutoDraw to learn about major functions. Participants 
were then given a tablet PC (Galaxy Tab 6 and its smart-
pen) and opened the AutoDraw Website. Each participant 
performed two public advertisement drawing tasks: one 
is to overcome COVID-19, and the other is to cope with 
climate change. Both were conducted consecutively on 
the AutoDraw website, while one was conducted in draw 
mode where students worked on the task without AI sug-
gestions, and the other was in Autodraw mode where stu-
dents were given AI suggestions. When they completed it 

Table 1  Participants' 
characteristics and perception 
of AI

Participant Gender Age Major Attitude toward AI Drawing score

PAHD 1 M 24 Technology and Innovation Management Positive 4.5
2 F 24 Art education Positive 4.25
3 F 22 Nursing Positive 4.75
4 F 23 Ceramic arts and design Positive 4.75
5 M 24 Industrial design Positive 4.37

PALD 1 F 22 Computer engineering Positive 1.75
2 M 24 Material engineering Positive 1.62
3 M 25 Mass Media and Journalism Positive 1.37
4 F 23 Business management Positive 1.62
5 F 22 Clinical pathology Positive 1.87

NAHD 1 F 22 Western painting Negative 4.25
2 M 24 Visual design Negative 4.12
3 F 25 Oriental painting Negative 4.25
4 M 24 Film animation Negative 4.5
5 F 23 Graphic design Negative 4.37

NALD 1 F 22 Environmental engineering Negative 1.87
2 F 23 International studies Negative 1.75
3 F 24 Mass Media and Journalism Negative 1.37
4 M 22 Russian language and Literature Negative 1.5
5 M 23 Textile engineering Negative 1.37
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all, a follow-up interview with each participant was car-
ried out for about an hour.

Data Collection and Analysis

We conducted expert evaluations to quantitatively assess 
the participants' drawing task performance. The evaluation 
rubric to assess the quality of students' drawing task was 
first developed based on the literature review (Rourke & 
Anderson, 2004) that includes three dimensions: Creativ-
ity in content, expressivity in expression, and public utility 
in effectiveness (Eisner, 2002; Pavlou et al., 2000; Stokes, 
2005; Stuhlfaut & Yoo, 2013; West et al., 2008) followed 
by two rounds of expert review administered electroni-
cally via email to guarantee the validity of this rubric. Six 
experts who were proficient in art education, educational 

technology, and public advertisement participated in each 
round of the survey consisting of open-ended questions to 
verify whether the evaluation areas and criteria were appro-
priately categorized and make further feedback on how 
they could be improved. Experts' comments and feedback 
in round one were analyzed and reviewed (i.e., removing 
duplications and criteria deemed irrelevant to the study) 
over multiple sessions by members of the research team. 
The second round was then once again administered elec-
tronically via email to review the revised rubric and to make 
any suggestions or additional comments on the consolidated 
list of rubric items. As a result, the final rubric consist-
ing of 9 items with a 5-point Likert scale, ranging from 
highly unsatisfied (1) to highly satisfied (5) was developed 
(see Table 2). Then, 8 experts (2 professors in art educa-
tion, 2 researchers in digital art gallery, 2 teachers in art 

Fig. 1  Example of AutoDraw 
operation

Table 2  Evaluation rubric

Category Evaluation criteria Score

1 2 3 4 5

Creativity (Content) Is the topic/theme of interest and originality?
Is the topic/theme telling the story from a new perspective?
Can the final work be interpreted in various ways?

Expressivity (Expression) Is the topic/theme effectively expressed and delivered?
Is the composition of the final work visually harmonized?
Is the digital tool used effectively?

Public utility (Effectiveness) Does the final work lead to public empathy?
Does the final work induce the actual practice of the public?
Is the final work suitable for the public education or promotion 

materials?
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education, 2 experts in public advertisement) evaluated 
each students' drawing outcomes on the final rubric and 
the descriptive statistics of the scores on the drawing task 
outcomes are summarized in Table 3.

Given the sample size (n = 160) of this study, as pre and 
post of SAC drawing tasks of 20 students were evaluated by 
8 different experts, a paired sample T-test would be suitable, 
and yet the significance in Kolmogorov–Smirnov (p < 0.001) 
and Shapiro–Wilk (p < 0.001) did not demonstrate the nor-
mality as shown in Table 4. Thus, in this study, we con-
ducted nonparametric statistics of Wilcoxon signed-rank test 
for the repeated measures on a single sample, using SPSS 
23.0 to determine if the drawing task performance in SAC 
is statistically significant compared to that of on their own 
(Self).

To improve the accuracy of interpretations drawn from 
the statistical analysis, semi-structured follow-up inter-
views were conducted to code for the three dimensions 
central to the evaluation rubric. The interviews were per-
formed on a one-to-one basis with guiding questions (see 
Appendix Table 6) such as "what do you think about the 
drawing outcome?", "do you think that SAC improved 
creativity in the content on your work?" and "what do you 
think has positively influenced on creativity in the content 
on your work?".

All interviews were conducted in Korean and audio-
recorded, transcribed, and later translated into English. To 
compare with the statistical data, categorical analysis was 
used (Coffey & Atkinson, 1996) to identify passages relat-
ing to each of the three dimensions of the evaluation rubric. 
The interview data were coded using a deductive approach 
in the first cycle, starting based on the three dimensions of 

the evaluation rubric (Miles et al., 2020). Subsequently, a 
total of 5 themes were grouped under the three dimensions 
to understand and explain the effects of SAC on drawing 
outcomes. The qualitative data or the embedded compo-
nents may not be independent of the larger study context 
but provides additional knowledge linked to the primary 
aims of the study; therefore, it is critical to the present study 
(Plano Clark et al., 2013). As a validity check, two external 
independent researchers reviewed and cross-checked data 
with the study findings. Also, any disagreement between 
researchers was discussed and clarified until a consensus 
was achieved.

Findings

According to the Wilcoxon Signed-Rank Test (see 
Table 5), by and large, the total scores of all groups are 
found to demonstrate significant differences. To be spe-
cific, when SAC occurs, PALD (z = -5.06, p < 0.001) 
improved their performance by 2.35 points, PAHD 
(z = -5.08, p < 0.001) by 1.60 and NALD (z = -4.47, 
p < 0.001) by 1.28 whereas the score of NAHD (z = -4.79, 
p < 0.001) was rather lowered by 2.17. The differences in 
total scores of all groups, thus, indicate the collaboration 
with and without AI do differentiate the final outcomes.

The Effects of SAC on Creativity in Content

In order to examine the detailed differences in categories of 
the drawing performance, the scores in creativity, expres-
sivity, and public utility were tallied. In light of creativity, 
the drawing task scores of PAHD (z = -5.19, p ≤ 0.001) and 

Table 3  Descriptive statistics of 
the scores on the drawing task 
outcomes

Category Self SAC

N Mean SD N Mean SD

Creativity 160 2.86 1.06 160 3.19 1.25
Expressivity 160 3.04 1.45 160 3.54 1.04
Public utility 160 2.80 1.18 160 2.73 1.33
Total score (15) 160 8.70 3.21 160 9.46 2.82

Table 4  The normality tests on 
the drawing scores

Category Self SAC

Kolmogorov–
Smirnov

Shapiro–Wilk Kolmogorov–
Smirnov

Shapiro–Wilk

Statistic df Sig Statistic df Sig Statistic df Sig Statistic df Sig

Creativity .227 160 .000 .884 160 .000 .186 160 .000 .907 160 .000
Expressivity .189 160 .000 .877 160 .000 .197 160 .000 .893 160 .000
Public utility .196 160 .000 .904 160 .000 .176 160 .000 .892 160 .000
Total score .106 160 .000 .960 160 .000 .124 160 .000 .938 160 .000
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PALD (z = -5.50, p ≤ 0.001) groups ascended respectively 
by 1.15 and 1.35 points while NAHD (z = -2.17, p < 0.05) 
and NALD (z = -5.35, p ≤ 0.001) were lessened by 0.33 
and 0.85 accordingly. It is noted that PA groups demon-
strate creativity enhancement on their tasks when SAC 
happens.

During the interviews, there were two major differ-
ences found between PA groups (students with the posi-
tive attitude toward AI) and NA groups (students with 
the negative attitude toward AI). First, it was found that 
PA groups actively engaged in separate phases for prob-
lem definition (i.e., activating previous knowledge and 
experience to address the problem, framing the bounda-
ries of the problem, clarifying the problem through the 
specification of criteria and constraints of the problem) 
and problem-solving (i.e., generating potential solutions, 
clarifying potential solutions through evaluation of the 
analysis and synthesis to the problem) prior to the col-
laborative drawing with AI whereas NA groups tended 
to jump ahead to draw pictures without adequately per-
forming a prior reflection on the problem and outlining 
solutions.

I didn't really care about how to draw well since I was 
quite confident in my drawing skills. Moreover, I could 
even use AI images. So I tried to focus on problem iden-
tification and what to draw to address the problem to 
make an advertisement original and appealing. (PAHD 
4)
As there is saying, 'a problem well stated is a prob-
lem half solved,' I spent quite a lot of time thinking 
about what problems to address within the task themes 
given. I think that is even more important in SAC. 
You know, AI can help me with the drawing part. So 
I put more effort into activating my prior experiences 
and knowledge to frame the problem within the task 
themes and generate creative solutions to address the 
problem. (PALD 3)

Second, although both PA and NA groups highlighted 
the AI's low accuracy that it did not suggest exactly 
what they expected, PA groups actively create a story 
by providing meaning to the arrangement of AI sug-
gested figures, reestablishing the conceptual structure, 
and developing alternative ideas while NA groups were 
eager to find the images that exactly match with their 
intention. For instance, PAHD 3 described her experi-
ence saying,

There were moments that I wondered about AI's sug-
gestions and felt disappointed about its inability to 
recognize my drawing, but I tried with my best to add 
meaning to AI's suggestion, connecting my sketch and 
AI's figure by developing a story. By doing such data 

storytelling, I became more flexible to utilize AI's awk-
ward recommendations.

Her quotes suggest haphazard element placements in the 
middle of the SAC could be a source of activating students' 
storytelling skills. This, then, poses us to think about how to 
extend AI in visualization software development to enable 
storytelling. More research is needed to develop interfaces 
that combine visualization construction during the SAC 
with the specification of narrative structure, textual/graphi-
cal annotation, visual highlighting techniques, transitions, 
and necessary instruction to augment students' creativity 
during SAC.

The Effects of SAC on Expressivity in Expression

In the aspect of expressivity, All but PAHD revealed sta-
tistically significant differences in expression scores on 
drawing tasks before and after the SAC. The task perfor-
mances through the SAC of PALD (z = -5.55, p ≤ 0.001) 
and NALD (z = -5.66, p ≤ 0.001) were assessed to be higher 
by 1.72 and 1.60 points respectively when that of NAHD 
(z = -5.14, p ≤ 0.001) fell by 1.3 points. It is noteworthy that 
the task performances of LD groups (students with the low 
level of drawing skills) turned out much better when the 
SAC took place.

During the interview, entire LD groups expressed that 
their power of expression has been promoted through inter-
action with AI. Students were most satisfied with and appre-
ciated the AI's ability to perceive their rough scribbles, gen-
erate the list of symmetrical icons or clip-art-style pieces 
to choose from, and convert their original sketch, which 
enabled them to visualize what they implicitly think. The 
following quotes well represent these views:

AutoDraw comprehends my drawing of human hands 
that looked like chicken feet and suggests a list of dif-
ferent hand shapes! (PALD 4)
I know how a turtle looks but it was hard to visualize 
a turtle that I thought of in my mind. But thanks to 
AutoDraw, I could draw a turtle which is the main 
character in this poster. (NALD 2)

However, it should also be noted that students highlighted 
the importance of an appropriate level of automation (LOA) 
to provide personalized scaffolding in the drawing task pro-
cess. Students in this group wanted detailed instruction 
rather than automatically showing a list of pre-set figures 
and converting their hand-drawn images. For instance, 
PALD 2 expressed:

It's good that I have completed the task in good quality 
in a shorter time. However, I wonder if that's meaning-
ful interaction in terms of learning. I'd rather want AI 
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to guide me how to draw things step by step so that I 
can become an independent artist.

Similarly, NALD 1 mentioned,

Compared to the outcome drawn all by myself, the 
outcome in collaboration with AI is more refined. But 
it would have been a much more meaningful expe-
rience if AutoDraw offered me just-in-time feedback 
when I struggled to draw the COVID-19 virus shape 
or provided me necessary instructional support to try 
different drawing techniques.

Besides, students compared their drawings with those of 
the AI and felt disappointed with their drawing skills, which 
demeaned their confidence. For instance, NALD 4, compar-
ing the part the AI had drawn to that of her own, said, "The 
part I drew remained as the fly in the ointment. Perhaps, I 
should have deleted the part I drew."

On the other hand, HD groups (students with the high 
level of drawing skills) were unsatisfied and disappointed 
with AI's drawing style, assessing its drawing style as 
childish and simplistic. They sought more advanced 
drawing techniques with various materials and develop 
their current drawing skills to another level. Besides, 
LAHD opposed automatic transformations of their draw-
ings, describing those as a Territorial issue. For example, 
NAHD 3 said,

AutoDraw should show respect to my effort, knowl-
edge, and experience in drawing. How could it covert 
my entire sketches into its own? It had been attempting 
to overcome my drawing territory!

Similarly, NAHD 4 said, "I just wanted to partially take 
AutoDraw's suggestion. But it was greedy that it wanted 
to control over all my drawing." Their view indicates that 
although AI's automation contributes to the task perfor-
mance enhancement, it should reflect levels of students' 
domain-specific skills and students' agency (Wang et al., 
2019).

The Effects of SAC on Public Utility in Effectiveness

Moreover, there were significant differences in public util-
ity in all groups as well. The positive changes were found 
in PAHD (z = -3.04, p < 0.01) by 0.42 and NALD (z = -3.57, 
p < 001) by 0.34 while the opposite was true in groups of 
PALD (z = -3.49, p < 0.001) by 0.73 and NAHD (z = -3.09, 
p < 0.01) by 0.53.

During the interviews, both PAHD and NALD reported 
that their frequent evaluation and task appraisal during the 

SAC would positively influence the public utility in effec-
tiveness. For example, PAHD 2 said:

I constantly reminded myself that I was drawing a 
public advertisement, not a freestyle of drawing. So 
I regularly checked whether my own images and AI-
suggested images were in line to deliver effective mes-
sages to the public.

On the other hand, PALD and NAHD tended to spend 
time mostly on monitoring interaction with AI, assess-
ing AI's suggestions, and adjusting the drawing strategy 
to complete the task. They mainly evaluate the learning 
task process and content of the task at the end of the 
SAC.

I think I simply enjoyed interacting with AI. It was 
just so much fun that it reacted to my sketches and 
showed me tens of exemplary figures that I can go 
through and pick one. I should admit that I have for-
gotten the purpose of drawing. (PALD 5)

This finding is in line with the earlier research in a stu-
dent–student collaborative learning context, which found 
adaptive assessment in collaborative learning leads to an 
improved understanding of task objective and achievement 
in task process during the collaborative learning process, 
which in turn positively influence the task performance 
(Pifarré & Argelagós, 2020).

Discussion and Conclusion

Based on the Wilcoxon signed-rank test results, unlike 
NAHD, the overall drawing task performances of PAHD, 
PALD, and NALD enhanced when students collaborated 
with AI as a team. Considering three categories in tan-
dem with the interviews, the positive improvements on 
creativity were found solely in PA groups that enthusias-
tically indulged in discrete phases of problem definition 
and problem-solving prior to the SAC; the embellishment 
on expressivity was shown in LD groups with the help of 
AI's automation; and much more refined public utility 
was found in PAHD and NALD.

In light of the findings, a series of implications for edu-
cational AI design and instructional strategies for the SAC 
to be better structured to positively impact students' learn-
ing task performance. For the design of educational AI that 
collaborates with students on a learning task, this study 
first suggests that automation in students' learning con-
text should be regarded as adaptive scaffolding, not an all-
or-nothing phenomenon. Although the LD groups' power 
of expression has significantly improved with the help of 
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AI's automated figure, they would rather seek scaffolding-
driven automation that can offer them detailed instructional 
support in need. On the other hand, HD groups were dis-
appointed by AI's limited drawing style and sought an 
advanced level of drawing techniques to improve their 
drawing skills to a higher level. In educational research, 
scaffolding implicates providing needs-driven assistance to 
students, dwindling it away as their competence increases 
(Hogan & Pressley, 1997). In this regard, flexible and adap-
tive AI that can vary its LOA in consideration of students' 
differences such as levels of domain skills, learning strate-
gies employed and learning goals (Ley et al., 2010) during 
learning tasks to better provide conceptual, metacognitive, 
procedural and strategic scaffolding to positively enhance 
learning (Hannafin et al., 1999). Second, it was evident that 
the effects of the SAC are cross-linked on various learning 
activities in the learning process. The effects of SAC on 
creativity in content were particularly found to be different 
depending on students' engagement in problem definition 
and solution generation activity prior to the collaborative 
drawing with AI. In this respect, AI performance should 
not be limited to data manipulation or automation. Instead, 
AI should be developed in a way that can systematically 
measure students' learning progress and augment or sup-
plement students' task performance capacity throughout the 
learning process. As the previous literature demonstrated, 
AI could motivate concept exploration, provoke unex-
pected ideas and engage students in the ideation process 
(Lin et al., 2020). AI could also assist students to explore 
diverse instruments and ways to execute the task during the 
actual times of collaboration.

In parallel to the development of educational AI, it is 
essential to provide adequate instructional support, par-
ticularly by art-related teachers, to enhance SAC for its 
positive effects on students' learning task performance 
throughout the SAC process. The finding revealed that the 
students who achieved better performance in creativity 
conducted the problem identification and solution gen-
eration activities. This finding coincides with the crea-
tive problem-solving process (CPS) model that consists 
of six steps: (1) problem finding, (2) problem definition, 
(3) solution finding, (4) idea evaluation, (5) implementa-
tion, and (6) acceptance finding (i.e., Hogan & Press-
ley, 1997; Torrance et al., 1978). Previous research has 
demonstrated the effectiveness of the CPS on enhancing 
one's creative thinking ability (Lim & Han, 2020; Wang & 
Horng, 2002), interplaying between one's divergent think-
ing to produce a large number of ideas and one's conver-
gent thinking to evaluate or judge the value of each idea 
for further development. In this regard, teachers should 
allow students to be engaged in the key components of 

the CPS, such as problem identification/definition from 
behind a mess, alternative solution development that 
might solve the problem, evaluation of these alternatives 
that are closely related to the cognitive stages in prob-
lem-solving, and implementation (i.e., Klahr & Simon, 
1999; Newell & Simon, 1972) in the SAC process. Along 
the way, it was clear that students found storytelling 
extremely useful to establish conceptual structure, pro-
vide meaning on AI's suggested figures, and even develop 
new images by combining AI suggestions with their own 
ideas. Previous research had already demonstrated that 
the process of explanation and storytelling increased criti-
cal and creative thinking and understanding by pushing 
students to explain the consequences of their views and 
to search for new information needed for answering ques-
tions and achieving cognitive goals (Scardamalia & Bere-
iter, 2014). This implies that teachers should encourage 
students to talk through the data suggested by AI (data-
telling) and create meaning behind data to enrich their 
creativity during the SAC. Furthermore, it was shown 
that the students who conducted frequent evaluations and 
task appraisals during SAC demonstrated better perfor-
mance on the public utility in effectiveness. This finding 
is corroborated with the earlier literature highlighting that 
the constant evaluation during collaboration forced the 
task performance as individuals re-evaluate the details 
of the work (Valkenburg & Dorst, 1998). In this respect, 
it is essential to activate 'reflection-in-action' during the 
SAC that students actively reappraise the task process, the 
content of the task, as well as their actions as individuals 
and as collective teams to reframe their process (McNiff 
& Whitehead, 2011).

This study contributes to the research on AI in Educa-
tion (AIED) and HAC in the education context by exam-
ining the effects of the SAC on a drawing task. The study, 
however, has a few limitations that need to be considered 
in future studies. First, the number of research partici-
pants needs to be increased to enhance the statistical 
power of a test. Second, this study limited the experi-
mental context to a public advertisement drawing task 
with algorithmic AI, AutoDraw. Thus, future research is 
necessary to determine whether the SAC improves stu-
dents' learning task performance with other types of AI 
(i.e., chatbot, social robot, AI speaker) in other learn-
ing tasks. Third, this study focused on the collabora-
tion between an individual student and an AI algorithm. 
Future studies can consider the SAC in a large group of 
students (a group) and AI from a macroscopic point of 
view. For instance, investigating differences between the 
effects of the SAC at an individual level and group level 
could be considered.
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gies for integrating an online support system for creative problem 
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laborative ideation with a co-creative robot through sketch. In Pro-
ceedings of the 2020 CHI Conference on Human Factors in Comput-
ing Systems (CHI '20). NY: Association for Computing Machinery.

Table 6  Interview guide

Category Questions

General What do you think about the drawing outcome?
What is the major difference between times when performing a drawing task with AI and times 

when performing the task on your own? Why do you think such a difference occur?
Creativity (Content) Do you think that SAC improved creativity in the content on your work

What do you think has positively influenced on creativity in the content on your work?
Expressivity (Expression) Do you think that SAC improved expressivity in the expression on your work

What do you think has positively influenced on expressivity in the expression on your work?
Public utility (Effectiveness) Do you think that SAC improved public utility in the effectiveness on your work

What do you think has positively influenced on public utility in the effectiveness on your work?
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