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Abstract—Students are often tasked in engaging with activities
where they have to learn skills that are tangential to the learning
outcomes of a course, such as learning a new software. The issue
is that instructors may not have the time or the expertise to help
students with such tangential learning. In this paper, we explore
how AI-generated feedback can provide assistance. Specifically,
we study this technology in the context of a constructionist
curriculum where students learn about experimental research
through the creation of a gamified experiment. The AI-generated
feedback gives a formative assessment on the narrative design
of student-designed gamified experiments, which is important to
create an engaging experience. We find that students critically
engaged with the feedback, but that responses varied among
students. We discuss the implications for AI-generated feedback
systems for tangential learning.

Index Terms—creativity support, automated feedback, con-
structionist learning, game design

I. INTRODUCTION

Game-based constructionist approaches to education have
students make games (both analog and digital) in order to
learn about the underlying topics that their game is about [1].
Students learn not only through playing an educational game,
but through creating a game that deeply engages with the
course material. The benefits and effectiveness of game-based
learning or “constructionist gaming” are well explored in
several fields [2]–[5]. This approach is especially relevant
when designing curricula that integrate computer science
learning into existing mathematics and science classes, as
game programming is frequently used to introduce students
to computer science [6]–[8].

For students to achieve the full potential of a constructionist
game-based curriculum, they should be making games that are
interesting enough for others to play and that meet student
goals [9]. Students therefore need guidance in designing and
developing games, especially where game design is not an
educational goal for the course. Teachers may not necessarily
have the expertise, time, or resources to provide such guidance.

This material is based upon work supported by the National Science
Foundation under Grant No. 1736185 and No. 2142396.

To reduce the game design burden and address the expertise
requirements, educators commonly turn to game design tools
intended for novice designers so that students can create games
while focusing sufficiently on other aspects of the course
objectives. Popular tools include visual programming environ-
ments like Scratch [10] and interactive narrative tools, such as
Twine [11] and Ren’Py [12]. These tools, though approachable
and usable, still do not explicitly support students in following
a reflective and iterative game design process, as is considered
best-practice in game design education [13].

One potential solution to this problem is the incorporation
of AI-generated feedback that can foster students to tan-
gentially learn design concepts that can make their projects
more enjoyable. Providing AI-based game design support, and
how designers interact with AI systems during design, is an
active area of research, including automated playtesting [14],
[15] and co-creative systems [16]–[18]. Application of these
techniques in educational contexts is underexplored, despite
the potential to improve the experience that students have
when designing games while also improving the outcomes of
this learning process.

In this paper, we report on an exploratory effort of the
effect of AI-generated tangential feedback on student behavior,
where feedback targets learning outcomes (game design) not
directly tied to the course’s learning objectives (research
design). The core question we aimed to address is: Do students
develop tangential learning behavior when exposed to an AI-
generated feedback system?

II. RELATED WORK

A. Game-Based Constructionist Education

Constructionist learning theory provides the fundamentals
for pedagogical approaches of learning through design [19].
According to constructionist principles, learning happens more
effectively when creating public artifacts (e.g., computer pro-
grams, robotics constructions, or writing) [20]. Constructionist
approaches put learners in the role of communicators, and not
just recipients of knowledge; and of producers, and not just
consumers of media [21]. They also draw on constructivism
in the sense that they involve activities that engage students979-8-3503-2277-4/23/31.00 ©2023IEEE
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in a process of building knowledge [22]. Researchers indicate
that under these circumstances, individuals learn how to ask
meaningful questions, conduct investigations, reason about
data, and apply what they learn in future situations [23].
Games gained attention from researchers because of how they
attract and retain learners’ engagement [24], and for their
potential to embody constructionist ideas [1], [25].

The key issue for constructionist learning is broadly that
creating artifacts is time-consuming and difficult [26], with
a lot of time spent on topics that may be incidental to the
curriculum material (e.g., programming and game design). In
particular, creating effective games requires expert knowledge
of game elements and mechanics, and of how to make use
of these to produce desired player outcomes. To help our
students create their gamified research, we considered the
use of a creativity support tool (our feedback system) that
embeds a theory of interactive narrative [27] to assist students
in acquiring skills on how to design a gamified narrative
experiment. This enables what we describe as tangential
learning: the learning of content that is incidental or indirectly
related to the curriculum.

B. AI Feedback in Education

The use of AI for the design of feedback systems came
from the necessity researchers and educators have in provid-
ing smart interventions. More than quizzes and assessments,
feedback systems powered by AI can attend to more students,
work in real-time, and go over details that would be practically
impossible for an instructor [28].

These necessities are clarified in other research. Tra-
jkova [29] explains the design of an AI-based feedback system
that deals with the issues ballet students have in acquiring
proper feedback. Feedback from teachers and peers are a re-
quirement to facilitate the acquisition of such skills. However,
ballet classes have dozens of students per instructor. Because
the instructor cannot attend to every student at the same time,
the amount of information each student has may vary greatly.

The amount of information and the personalization level
that feedback can have is explored by Prajapati et al. [30].
In this work, the authors explore the communication students
try to convey through sketches. Although considered as a
critical skill, novice designers usually struggle to get fast and
appropriate feedback from traditional learning methods, which
brings limitations such as: few instructors for many students,
limited time to attend to the students, and general information
that does not address all the students’ needs. The authors
then developed a machine learning tool that compares students
sketches to others in a data-set offering a visual correction
assistant that teaches students how to avoid ambiguity.

Mirchi et al. [31] stated that the lack of transparency in AI-
generated feedback systems can lead students to frustration
and discomfort. To address this issue, the authors developed
performance metrics of psycho-motor skills of students per-
forming virtual surgeries. Then, they designed a new VR
simulation tool that applied AI to calculate the students per-

formance in real-time and provided feedback based on metrics
coming from other students.

Vittorini et al. [32] designed an automatic grading system
for an online data science course. Beyond offering accurate
grades and reduce correction time, the system provided qual-
itative feedback to the students in natural language. Feed-
back was implemented based on Natural Language Processing
(NLP) and summarized codes written in the R language to give
short descriptions of the student progress in a given exercise.
Students who took the course and used the feedback system
got higher grades than those who did not use it.

III. AUTOMATED NARRATIVE FEEDBACK SYSTEM

We adopted an automated narrative analysis system devel-
oped by Majahan et al. [33], which is built on top of Study-
Crafter [34] and generates a feedback report1. StudyCrafter is a
platform that enables users to create, play, and share interactive
projects. Users can design various genres (e.g., action, puzzle,
platforming), but its affordances support primarily the creation
of interactive narratives [35]. A StudyCrafter project consists
of scenes and scripts. Scenes are visual layouts in which users
can put characters and objects. The scripts are used to control
the behavior of elements in the scene and the whole flow of
all the scenes in the project. Therefore, narrative feedback is
provided after an analysis of these two elements (scenes and
their scripts), see Figure 1.

A. Unified Graph Form

The scripts in StudyCrafter are a series of visual nodes
connecting each other in the form of a connected graph.
Therefore, the first step of the Narrative Feedback System is to
create a representation that unifies all the scripts (that control
the behavior of the scenes) in a single unified graph. This
unification is done by using a graph-search based algorithm
such as Depth-First or Breadth-First search. In the process, all
the specificities of the nodes are captured. Some represent di-
alogues, some represent interaction opportunities, feedback to
the player, and so on. Finally, the special node that represents
the end of a scene is connected to the start node of the next
scene, forming the intended graph unification.

B. Metrics

The Unified Graph Form is a mechanism that allows the
Narrative Feedback System to properly calculate the metrics
in which the feedback is based on. These metrics are divided
in three factors: Narrative Structure Complexity, Interaction
Affordances, and Interaction Point Affordances.

• Narrative Structure Complexity - This metric calculates
the degree a script branches and loops and the average
length of traversals inside these branches and loops.
Remember that a script is essentially a graph and the basis
of these measures comes from graph theory algorithms
[36]–[38]. The goal is to present a measure for design
complexity, which does not strictly relate to the level of
challenge a player experiences or the narrative content.

1For consistency, we refer to this system as the “feedback system”.
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Fig. 1. From left to right: scene layout of a student project, script nodes in the StudyCrafter editor, description code for the scene layout, and the description
code for the script nodes. The codes are automatically generated and form the input for the feedback system.

• Interaction Affordances - This metric considers the pos-
sibilities a player has and how it will affect the narrative
progression. It is based on theoretical agency [36], [39],
[40], which is the effects of player’s actions without mea-
suring their subjective experience of agency. Szilas and
Ilea’s playthrough-metrics [41] are the major influence for
the single metric in this factor. The Narrative Feedback
System uses simulated randomized playthroughs. These
simulations run inside the graphs, simulating a player
using a random choice policy. After several simulations,
an average of the possible interactions is calculated.

• Interaction Point Affordances - Metrics in this factor
are based on the theory of interaction structure and
feedback [36], [42] and reveal how rich a scenario is
in feedback to the player in two contexts: dependent and
independent of player actions.

The feedback is formulated based on how a project scores
on the metrics across the three factors mentioned above.
The values for the project’s metrics are situated inside a
repository of previous projects. To understand how a project
compares against others, its metrics, after calculated, are clas-
sified according to a cluster analysis based on the K-Medoids
algorithm. The cluster categorization helps users understand
how they are utilizing the metrics and how they are similar and
dissimilar to other projects. These additional projects can be
consulted by the users through links in the feedback form, and
serve as examples to the users. It is important to always have
in mind that the metrics do not “compute” narrative content.
Aspects like character design or plot twists are out of scope.
The metrics do compute narrative design structure, i.e. how
linear it is, how it branches, how many loops it has, how
fragmented it is. It also computes how this structure offers
opportunities for interaction and feedback to the player.

For the final report, instead of showing numbers, users
see short texts indicating how their projects are compared to
previous ones. For each one of the factors, they receive two
examples: a game that has similar metrics scores and another
with dissimilar ones, allowing users the opportunity to explore
the examples and see how to change their project structure.

C. Artificial Intelligence Clustering
Many applications have been developed in different fields

using AI clusters, such as healthcare [43], [44], market

segmentation [45], and education [46], [47]. All of them
benefit from the elasticity offered by cluster techniques. In
the particular case of this paper, the expansion or contraction
of groups over time brings the student the opportunity to have
a feedback that is “alive” and shows alternatives to explore for
the interactive narrative design. The metrics’ classification is
guided by the K-Medoids cluster, as mentioned in the previous
subsection. It is worth noting that the word “metric” does
not mean a static evaluation or a deterministic formula that
will grade students’ narratives. As in other cluster analyses,
the classification can change over time [48]. Different groups
will emerge (or disappear) as more projects are part of the AI
cluster. It is a direct consequence of how students’ projects
navigate into the three metrics’ factors. Far from a “right” and
“wrong” grader, the AI feedback acts as an assistant, showing
what is possible to do structurally and visually to an interactive
narrative, letting the student decide what applies best.

IV. METHODS

This study was conducted as part of a module focused on
teaching experimental research methods in an introductory
game course for first-year graduate game design students.
The learning outcomes of this course module are focused on
experimental research, i.e. understanding what an experiment
is, how to set up an experiment, deal with biases, etc. Each
individual student is tasked to create a “gamified experiment”
by making use of StudyCrafter, and is asked to make sure
the experiment is both engaging for the player to participate
in as well as that it has a rigorous research design so the
influence of biases and confounds are minimized. Although we
are interested in whether tangential feedback from the system
may lead to higher achievement on primary learning outcomes,
this paper focused only on how and whether students engaged
with and implemented the feedback to assist in tangentially-
related game design considerations. All materials of this
study (Version 1 & 2 & Final, automated feedback reports,
reflections, and instructions) are accessible at our repository.2

A. Research Design

To explore the role of automated narrative, we conducted a
quasi-experiment where one section used the feedback system

2https://repository.library.northeastern.edu/sets/neu:h989rz04w
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(i.e., the treatment group or T) and another section did not
(i.e., the comparison group or C). Use of the feedback system
by the treatment group was “forced” and “structured”: at set
intervals students received feedback.

B. Participants

The treatment group included 15 master students and the
comparison group included 12 master students. The students
have varying backgrounds: art, design, psychology, computer
science, etc. They also vary in their level of programming
skills, prior experience with research, and with game design.

C. Materials

Students made use of StudyCrafter (v2.4.1). We further used
the feedback system by Mahajan et al. [33] with some minor
modifications (e.g., language report, database with projects).
For the treatment condition, students were asked to upload
their projects to their online project folder. The research team
provided feedback reports two times during the study. At
the time of this study, the feedback system was external to
StudyCrafter; however, it has since been implemented so that
students can request the report themselves from inside the
game. We provided the report, rather than allowing students to
request it, to avoid self selection biases in our study. Once they
received the feedback report, students were asked to provide
a brief written reflection on how their interpretation of the
feedback, where they are with their project, and what they
planned to change. For the comparison group, we requested
a similar reflection to avoid a possible bias instilled by this
request; the instructions for the comparison group were similar
except that it excluded the request for an “interpretation of the
automated feedback report.” Unfortunately, only a few students
in the comparison group adhered to this request, most likely
because they had less of an incentive to do so.

D. Procedure

Students were first asked to describe their experiment and
make a storyboard. After, they were introduced to StudyCrafter
and began programming their experiments. Following this,
students were asked to upload Version 1 to their project folder.
Students in the treatment group provided a written reflection
after looking at the feedback report, which the research team
added to their project folders within 24 hours; the students
in the comparison group could do this when uploading their
Version 1, submitted as a progress check. After iterating their
work, this process was repeated: students were asked to upload
Version 2, and provide a written reflection. At the end, students
presented their work and submitted their Final Version. As
such, students in the comparison group received automated
feedback twice: on their Version 1 and Version 2.

E. Data Analysis

We evaluated the metrics generated by the feedback system
for the final versions and coded the student reflections.
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Fig. 2. Radar charts comparing medians between the treatment and control.

1) Metrics: We calculated the metrics (nine in total across
three factors) using the same metrics underlying the feedback
system. We calculated these metrics to compare the difference
between the treatment group and comparison group. Since the
metrics had different scales, we re-scaled each metric using the
min-max normalization for the groups to be compared. For our
comparisons, we used the median as a benchmark as this is a
measure that is not affected by outliers.

2) Reflections: Using open coding, three raters coded inde-
pendently the 15 written reflections associated with Version 1
and the 15 written reflections associated with Version 2. We
then discussed the findings and established an initial codebook.
Following this, we applied and iterated this codebook through
consensus coding until we all agreed on the coding [49].

V. RESULTS

The students developed in total 27 individual projects, each
with a different topic. Some projects focused on studying real
world topics, such as cognitive bias in seeking help from
others; others focused on examining game topics, such as
what game elements may influence player retention/frustration.
We present the results of evaluating these projects using
the metrics from the automated narrative feedback system,
and compare the results from the treatment group and the
comparison group. We also highlight major themes from stu-
dent reflections related to how they interpreted the automated
feedback, and triangulate qualitative findings with the metrics
to provide further insight into the participants’ behavior.

A. Treatment vs. Comparison Group

The medians of the treatment group were higher for all
of the metrics (see Figure 2). Most notable are the values
for average out of degree, feedback per interaction unit, and
number of choices per interaction point. Average out of degree
is a metric of the factor Narrative Structure Complexity, and
means that the narrative structure has more branches and thus
is not linear.
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Feedback per interaction unit and number of choices per
interaction point are part of the Interaction Point Affordances
and Interaction Affordances factors, respectively. High values
in these metrics mean that the projects offer many oppor-
tunities of interaction to the player (in the case of number
of choices per interaction point), and also that the players
will have more feedback about their actions (in the case of
feedback per interaction unit). The number of scenes were
also notably higher, however we believe this might be due to
the fact that students in the treatment group adhered better to
include a briefing and debriefing scene.

B. Student Responses

From the metrics analysis, we find that the treatment
group was influenced by the feedback system; however, they
were more influenced on particular metrics than others. From
the student reflections, we found a potential explanation for
this influence. We suggest this is a result of metacognitive
thinking. The limited influence or the influence on specific
metrics is a result of the task they received: students had to
make experiment considerations and that involved ignoring
or not addressing the suggested feedback. We describe these
emergent themes in more detail below.

Metacognitive Thinking. From the student responses, it
was apparent that the feedback report (and the request to reflect
on this report) led students to thinking about what they made.
Thinking about what they made was in part stimulated by the
comparison with other student projects:

I have since went and looked at that project, and
have found it is also not quite a typical StudyCrafter
project. — P4

For some it also made them reflect on the nature of the
feedback report, which is focused on the narrative aspects of
their projects, and what their project is about:

Because of the unique platforming nature of my
project, as opposed to the more interactive story
based projects that are typical in StudyCrafter, I
have some reservations about exactly how applicable
some of this feedback is. — P4

The feedback further made students think about how others
may experience their projects:

I will rethink about the independent variable and
choose more suitable items to represent them. These
are what I am going to do to make the project
engaging. — P8
Going forward, I need to think about the actual
experience of the game and possibly change the
scenarios to make them more immersive. — P9

Common to these student reactions is that students engaged
with what is called metacognitive thinking in education [50].
This form of “thinking about thinking” is critical for successful
learning and, thus, educators seek strategies to foster such
thinking. Additionally, from a game design perspective it is
key to think about the player [51] and the student reflections
suggest that students were encouraged to consider them.

Experiment Considerations. The most dominant obser-
vation regarding the student reflections pertains to the task
of creating an experiment. The feedback system is context-
independent, and thus ignores the experiment task, focusing
only on the interactive narrative aspects of projects. Various
students pointed this out:

...my first priority is still [sic] keep the experimental
environment clear-cut, efficient and under controlled.
— P15
To be honest, this is not a game, it is an experiment;
to make players better understand my research topic
and research purpose, I choose [sic] to create every-
thing linearly. However, the current design reduces
the pleasure of playing experience; there is almost no
interaction between the game and the player except
choosing the tutor. — P10

As a result, in response to the report, which often indicated
that projects were short, included few points of interaction,
etc., students often stated that what they designed was “ap-
propriate” (P10) for an experiment:

I know my project is really one dimensional and I
don’t have many functions and actions and such, but
I have a lot of options to pick from which forms the
basis of my research and as long as I have those I
feel like I have completed my objective. — P2

Others were willing to see how they could incorporate the
feedback into their projects:

Under this premise, I will try my best to add more
narrative elements and scenes to increase the length
of game playing. — P15
I need to add more interaction between the player
and the game. I will create more meaningful in-
teractions [sic] will help participants to understand
the contents and more actively join the processes of
doing experiment. — P10

Students realized, however, that such integration may come
at a trade-off. For example, P10 mentioned to “not want the ex-
periment to be a large time commitment for my participants.”
A solution for resolving the experimental requirements versus
the provided feedback was “to add some nonessential choices
to the game to make it more interactive so that [is] more like
a game” (P12). Thus, given the constraints of the task and the
requirements students had in mind for their experiment, they
seem to address certain aspects suggested by the feedback
system. This explains why only particular metrics change.

1) Student Differences: The two aforementioned emergent
themes from the student reflections, meta-cognitive thinking
and experiment considerations, help explain the metrics anal-
ysis of comparing the treatment group with the comparison
group. However, in analyzing the student responses to the
feedback system we identified a third theme: feedback respon-
siveness. We find that students differ in how they respond to
the feedback. We identified two main student types:

1) Follower [4 students]: a student who follows the pro-
vided feedback and mentions what changes they are
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Fig. 3. Radar chart comparing medians for critics vs. followers.

going to make according to the feedback. Followers are
explicit about what changes they will be making. For
example: “According to the feedback, the first part of the
project that needs to be fixed is the length of the narrative
structure. I decide [sic] to make more clear explanation
of the story and the background of this project.” — P1

2) Critic [5 students]: a student who is aware of the benefits
the feedback is trying to bring to their projects, however
criticizes the feedback or has reservations because of the
nature of their projects or experimental design consid-
erations. They typically mention they are not going to
make any changes. For example: “if the length of scripts
and scenes doesn’t need to be average, there is nothing
to change.” — P8

It was remarkable to observe how students stated that based
on the “feedback from the machine” (P6) they “have to” (P13)
or felt “required to” (P13) make changes, or a suggestion
made “needs to be fixed” (P1). One student even ended their
reflection with “hopefully it will be approved” (P10). It is
remarkable because the instructor explicitly informed students
that they are not required to consider the feedback and yet
some students felt compelled to satisfy or adhere to what
the “machine” was telling them. Based on these findings, we
revisited the metrics analysis and explored how different types
of students were influenced by the feedback system.

C. Metrics per Student Type

Following the identification of the student types, the me-
dians of the metrics revealed that students categorized as
followers were, with a few exceptions, considerably higher
than the ones for the students categorized as critics (see
Figure 3.) In the Narrative Structure Complexity factor, all
the metrics had substantially higher medians, indicating that
projects from students categorized as followers had more
scenes, more nodes, more branches and loops. Consequently,
the narratives presented were more fragmented and offer more
ways to be followed by the players.

The Interactive Affordance factor has only one metric,
average number of choices. Although the median was higher
for follower students’ projects, the difference was the smallest
when we compared all the differences for the metrics. This
is indicative that both critics and followers did not explore a
balance in the number of choices throughout all the scenes.

The Interaction Point Affordances factor has the only metric
whose median from students projects categorized as critics
was higher. However, the other two metrics in this factor
were considerably higher for followers. Even with number
of choices per interaction point being higher in the critics’
projects, feedback per interaction unit and feedback per event
showed that followers’ projects provided more feedback to the
player and this feedback was also more balanced according to
the player actions.

VI. DISCUSSION

A. Feedback Influence on Student Projects

The students in the treatment group adjusted their projects.
For all the metrics, their medians were higher compared to
the control group. Overall, their projects were more complex
in narrative and dialogue. It seems that students understood
the importance of interaction and the need for reaction to
players’ choices from the feedback report. As a result, students
changed their projects to be more interactive and, in many
cases, increased the narrative structure complexity, adding
more possibilities for players to select. Also, students critically
evaluated the trade-offs of the feedback, an educational goal in
the design of this kind of system [52]. Students evaluated and,
often times, partially adopted feedback due to the constraints
of their research experiments. .

We categorized students into two groups: critics and fol-
lowers, based on their reflections on the feedback report.
Followers appeared to be most influenced by the feedback
system. They changed their projects, more strictly following
the feedback, as opposed to critics who seem to have fewer
changes in their projects and reservations about the feedback.

B. Reliance on AI assistance

The reliance on AI assistance is part of what researchers call
algorithmic experience [53] and refers to people’s involvement
with a technology whose results are no longer static and
are based on a series of inputs, rather than on a single
user. Algorithmic experience can be observed in how the
feedback seemed to foster more activity from the students in
the treatment group. This can be noted with students revealing
different levels of compliance towards the given feedback.
Some participants were more eager to change their projects
based on the recommendations provided, while others used
them to evaluate the trade-offs of incorporating suggested
changes or keeping their initial design. This fluctuation around
compliance takes the system out of the danger of being a
negative persuasive interface [54] that pushes its users to take
extreme decisions, in this case, to totally comply or totally
neglect the suggestions [55]. Actually, the results show that
the participants reacted in a more reflexive way after getting
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the feedback, with many of them presenting traits of meta-
cognitive thinking. It shows that the system has traits that
belong to the inspirationalist school of creativity because it
pushes students to critically explore alternatives [56].

However, it is important to identify particular events in the
utilization of the feedback system. For example, it is not clear
why a participant stated to seek approval from the system
even with instructions that the system was not responsible for
approving anything. This reliance needs to be better addressed
in order to not escalate in a study with more participants and
potentially harm them in taking decisions based on incorrect
assumptions. This behavior can be related to misuse or errors
in how to present the feedback, in that case, it can be adjusted
when the user gets more experienced with the system [57].

C. Pedagogical Considerations

Our results suggest that students are encouraged to change
their games more if given automated feedback. It promotes
engagement in critical and metacognitive thinking and reflec-
tion, which is pointed out as good outcomes in the design of
feedback systems [52], [58]. Indeed, applying an automated
feedback system, similar to the one in this paper, needs some
considerations. To obtain the maximum possible outcome from
such a system, instructors need to take on a more active role.

Guidance on how to best utilize the automated feedback
is required, especially in circumstances such as the case
presented in this paper where the feedback has to be traded
off against the assignment. In such cases where an automated
feedback system is employed to analyze creative assignments
developed by students, creative freedom could be restricted.
To avoid this, the instructor must emphasize creative freedom
and direct students to use the feedback as a tool.

This emphasis is also important for preventing unnecessary
increases in cognitive load, which can make students fail
to understand what the feedback is saying [59], [60]. For
some unique projects, such as the one in this paper with a
platforming nature, the automated feedback of this kind might
be less applicable, and as such, the instructor can guide the
student to effectively interpret how to utilize the feedback.

Guidance could also be in the form of how to address
the feedback. The report provides examples of other projects
as recommendations that the students might benefit from
playing. However, there are no guidelines on what changes
to make and how to make them according to the feedback.
Therefore, examining an example of a project developed with
consideration of the feedback might be beneficial to students.

D. Limitations

For a typical experimental study, the number of participants
per condition is relatively low. However, we harnessed the
design of an experiment to systematically explore the influence
of automated assistance, and not to find evidence for specific
hypotheses. In fact, our work did not present hypotheses for
this particular reason. Another issue pertains to the student
artifacts. The current paper examines in total 27 student-
designed artifacts. Despite that many projects are fairly similar

in terms of their structure, in part because of the specific
task requirements and in part because of the affordances
of StudyCrafter, students had creative freedom and could
develop widely diverging projects, illustrated for example by
a platforming game (a genre not common to see associated
with narrative-based engines such as StudyCrafter). Due to
the low number of considered projects, any outlier may still
be influential, despite using medians as a measure.

VII. CONCLUSION

In this paper, we explored how students may be influenced
by AI-supported feedback while designing a gamified project.
The AI-feedback had the intent to help students in designing
more compelling interactive experiences. Our results suggest
that when a student is exposed to the feedback, they are
more likely to engage in tangential learning behavior. As
such, our work suggests that AI-generated feedback can play
a meaningful role in helping students with learning activities
tangentially related to the learning outcomes of a course.
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