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An Intelligent Serious Game for Digital Logic
Education to Enhance Student Learning

Ryan Hare™, Graduate Student Member, IEEE, Ying Tang

Abstract—Contribution: A general-purpose model for integrat-
ing an intelligent tutoring system within a serious game for
use in higher education. Additionally, this article also offers
discussions of proper serious game design informed by in-
classroom observations and student responses.

Background: Personalized learning in higher education has
become a key issue when working to improve student
performance. By combining an intelligent tutoring system within
a serious game, students can be engaged in their learning through
gamified lessons while simultaneously receiving personalized and
timely scaffolding to support their learning. Furthermore, related
systems have not explored a general-purpose model for this type
of system that can apply to any game or domain.

Intended Outcomes: The combined intelligent tutoring system
and serious game is well-received by students as determined by
student surveys. Furthermore, students show better engagement
in the given material and better performance on pre-post-
intervention content tests.

Application Design: The proposed system is a modular, general-
purpose approach for integrating an intelligent tutoring system
into any serious game for education. Using the machine learning
paradigm of reinforcement learning, the system can adapt to
student responses to improve future scaffolding.

Findings: The results of the in-classroom testing are promising.
Students who interacted with the intelligent game showed
improved performance on content tests and positive responses on
surveys regarding system usability and utility. This article also
shows that students who used the intelligent game took less time
and attempts to complete game sections, owing to the utility of
the personalized support.

Index Terms—Computer engineering, computer-based instruc-
tion, educational software, games, higher education.

I. INTRODUCTION

S EFFORTS in academia push toward education that
is more widespread, accessible, and effective, one key
issue is to tailor student learning experiences to individual
needs, known as the personalization of student education [1].
This issue is especially prevalent in engineering education,
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where new concepts are often built heavily on prior classwork,
and student difficulties with foundational knowledge can com-
pound into poor understanding and classroom performance if
not properly addressed [2], [3]. Nevertheless, the prevailing
inclination in education is to adopt a one-size-fits-all approach
that assumes all students learn in the same way. Unfortunately,
this approach sacrifices educational effectiveness, as it fails to
address the diverse range of potential issues and misunder-
standings that students may encounter [4].

To focus on improving educational efficacy, it is necessary
to explore approaches that offer more personalized tutoring
to students who have outstanding or unexpected issues that
the one-size-fits-all approach does not help with. However,
personalized tutoring is time-consuming to plan, and requires
significant effort on the part of the instructor to make sure
that students are receiving appropriate support. One solution
to this problem that has shown much potential in recent
years is automated student tutoring using intelligent tutoring
systems (ITSs) [5] and serious games (SGs) [6]. ITSs use data
collection, student modeling, and computational intelligence to
measure and predict a student’s knowledge in a given subject
and to offer personalized assistance that is tailored to that
specific student. SGs, meanwhile, are defined as any game
that serves a primary purpose other than entertainment. SGs
offer the added benefit of gamification [7], [8], which can help
to increase student engagement in and excitement about the
subject matter, in turn leading to more knowledge retention.

This article discusses a domain-specific SG called Gridlock
which integrates a problem-focused approach to educating stu-
dents in digital logic design. Motivated by the above remarks
about personalized education, SGs, and ITSs, Gridlock is
further integrated with a reinforcement learning (RL) engine
referred to as the personalized instruction and need-aware
gaming (PING) system. Building on prior work [9], the current
system is built to be more modular and useful to students with
many usability improvements made to the Gridlock SG. Then,
for any game integrated with the PING system, the RL agents
can model student performance and adaptively provide timely
assistance to students. With RL, the PING system can self-
correct and self-learn how to properly interact with students
simply by interacting with students. And while the discussions
and results in this article focus on an implementation of the
PING system within Gridlock, the system is built as a general-
purpose, modular system that can work within any SG.

The main area of interest for this research is the student
reception and educational merit of both Gridlock and the PING
system. As such, this article describes both and focuses on
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student performance and survey results from an in- classroom
evaluation of both the PING system and Gridlock.

To that end, Section II provides a review of recent literature
in this area. Section III discusses both Gridlock and the PING
system in more detail regarding both the educational backing
behind the design as well as changes made based on student
feedback. Section IV provides a description of and results
from pilot testing and in-classroom evaluations, followed by
conclusions in Section V.

II. RELATED WORK

The use of both SGs (SGs) and ITSs for educational
purposes has been an active research topic for many years [10].
When it comes to educational adaptation, the goal is simple;
emulate a human tutor. For truly personalized learning, the
system must be able to collect student data and make informed
decisions on what tasks, feedback, help, or hints to provide to
the student to ensure that the student’s educational process is
effective.

As SGs for education have been a common research topic,
there are a number of SGs that take different approaches
to education. Papadimitriou et al. [11] presented promising
results from FuzzEG, a domain-specific game for program-
ming that used fuzzy logic to modify quiz difficulty and game
scenarios. Takahashi et al. [12], meanwhile, demonstrated an
adaptive system for non-player character dialogue to help
improve education. Hendrix et al. [13] provided a method for
adaptive difficulty balancing for SGs to help maintain player
engagement. Tan et al. [14] detailed a mobile app focused
on small games for mathematics education. However, all of
these systems provide implementations that are specific to their
target domain or to their game. Meanwhile, the proposed work
instead focuses on a general-purpose, modular system that can
be applied to any SG and any educational domain.

In terms of more general-purpose approaches for adaptive
and educational SGs, Dobrovsky et al. [15] presented a
human-in-the-loop RL approach, where a human can provide
corrective updates to the system to correct poor behavior. This
approach, in fact, shares some similarities with the proposed
method, but the proposed method attempts to avoid human-in-
the-loop systems due to the necessary time pressure that those
involved face when helping to improve system performance.

Another more general-purpose approach is presented by
Bellotti et al. [16], who present an adaptive engine for SGs
where an expert author is responsible for constructing and
annotating tasks in the game. With their approach, the system
automatically structures in-game missions to hit certain tasks
and learning objectives. Compared to the proposed method,
their approach is built for more open “sandbox” type games
that have a much greater focus on exploration and nonlinear
progression. Meanwhile, the proposed method focuses on
more structured SGs where students progress in a more linear
order.

III. PING SYSTEM OVERVIEW

Before going into detail of the PING system, it is important
to discuss the key design aspects that were prioritized
in relation to game structure and contents. Therefore,
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Section III-A discusses these pedagogical considerations;
Section III-B provides a concise description of Gridlock,
followed by its augmentation and adaptation in PING.

A. Pedagogical Considerations in PING

The PING system discussed in this article is built to provide
students with a real-world or otherwise contextual environment
in which to solve a problem with the goal of improving
engagement. Likewise, many other problems in STEM or
wider education can be approached in a similar manner. As
an initial step, it is important to identify what knowledge or
skills the final system needs to impart to students. To that end,
Gridlock applies a divide-and-conquer approach [17] where
the goal is broken down into component parts that combine to
address the overall subject matter. As an example, a SG may
focus on educating students in a statistical analysis method.
Students then would need to learn or prove their mastery of
related topics, such as calculating averages, removing outliers,
or other subskills, that contribute to the targeted pool of
knowledge. Fig. 1 exemplifies this approach, showing how a
SG and an ITS can combine, measure a student’s performance,
and provide timely feedback and support.

Another powerful learning tool that can be leveraged in
these types of systems is repetition [18]. When students are
tasked with similar tasks repeatedly, it helps to reinforce
problem-solving steps, equations, or other relevant knowledge.
Like in the classroom, practice is key. However, to maintain
student engagement and ensure that proper learning occurs, it
is helpful to add variation in repeated exercises. For example,
in a quiz, varied questions or values from attempt to attempt
helps to prevent the student from simply memorizing the
answers. And even simple variation like varied backgrounds
helps to add excitement to the student’s experience.

In addition to divide-and-conquer and repetition, another
key aspect of delivering lessons through SGs is enhancing
student immersion or engagement in the subject matter. As
mentioned, approaches that give students real-world tasks (or
at least, realistic tasks) help to engage students and immerse
them in a problem-solving situation [19]. At the same time,
gamified elements are key to helping students stay engaged
in the subject matter [20]. In other words, students should
be so busy having fun or solving problems that they do not
consider themselves in a “boring” educational setting. As
such, it is important in any SG to balance educational content
with gamified elements that prevent students from becoming
distracted, bored, or otherwise disengaged in the educational
content.

One final aspect of importance to both SGs and ITSs is
data collection. To build systems that appropriately support
student learning, data collection is key to capture students’
content mastery, areas of difficulty, or mental state. With vir-
tual environments, data collection is heavily enabled through
easy access to student input data, movement through the
environment, or actions with virtual objects and systems.
Additionally, with the divide-and-conquer approach, it is easier
for the system to measure content mastery in relation to small
subsets of knowledge. In this way, a student can be given short
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Fig. 1.
lesson planning in the SG.

Fig. 2. Traffic collision in Gridlock that helps students engage with the
problem-solving process.

content tests on varying subjects to build an overall picture of
their mastery of the target knowledge base.

B. Gridlock

Gridlock is a domain-specific game developed for tutoring
students on the fundamentals of digital logic design. Serving
as an educational tool within the context of the Introduction
to Digital Systems course, Gridlock specifically provides an
alternative to the conventional lab where students design the
logic controller for a traffic light. To help engage students
in the narrative and add real-world context to the problem-
solving process, students first witness a traffic collision caused
by a failed traffic light, as shown in Fig. 2. This helps to
motivate students to complete their task of redesigning the
logic controller. Additionally, the virtual traffic light helps
students feel more immersed in the problem, adding additional
weight to the process while at the same time not putting
adverse pressure on students.

Full diagram of the PING system showing the data flow between the ITS and the SG. Additionally shown is the divide-and-conquer approach to

Echoing the prior section, Gridlock uses a
divide-and-conquer approach to teach students how to design
the traffic light logic controller. Students instead learn and
are tested on related topics, such as binary logic, logic circuit
components, and syntax of the VerilogHDL programming
language, which they use to create their final design. In this
way, student knowledge can be tested individually on each
topic to build an overall picture of the student’s knowledge.
Then, the student must prove mastery of all topics before
progressing to the design stage. This structured approach also
helps in implementing the ITS discussed in the next section.
By recording separate performance variables for each topic,
the system can more easily provide assistance in individual
topics by leveraging the relevant student data.

Likewise, Gridlock also makes use of repetition, having
students replay sections of the game until they demonstrate
content mastery as indicated by the collected data. Some topics
in Gridlock use simple quizzes to check student knowledge
and help to reinforce concepts. As stated in the prior section,
it is important that quiz questions are randomized between
attempts, changing the question, possible answers, numerical
values, and other aspects to ensure memorizing answers is
not a valid strategy. Additionally, repetitive quizzes throughout
every game section can be boring to students, especially
when they expect a more gamified experience. To that end,
Gridlock also replaces several quizzes with mini games that
test the same knowledge. Figs. 3 and 4 show two of these
mini-games, which are designed to test students on binary-
to-decimal conversion and traffic light ordering, respectively.
This way, the game still tests the same knowledge and still
allows for repetitive exercises to help reinforce concepts. At
the same time, the more gamified approach adds fun “break”
periods between quizzes.

Gridlock is also a valuable tool for remote learning, and
requires only a basic Internet connection to interface with
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Begin Game

Fig. 3. Binary blaster, a mini game in Gridlock. In this game, students must
match random binary numbers to their decimal counterparts.

Check Solution

Fig. 4. Traffic light simulation mini game. In this game, students must
properly order the lights in the traffic light to show they understand the design
principles.

the PING system. When students enter, their game client is
automatically assigned a unique ID to track their progress
anonymously. The game client itself can run on most computer
hardware, although there are some performance issues on
older computers, such as low-frame-rates and long loading
times. Whenever students are completing these activities or
quizzes, the system can provide them with timely assistance as
elaborated in the next section without instructor intervention.
Furthermore, students can also request assistance at any time.
In addition, the system can recommend specific activities and
assistance, encouraging students to take certain paths through
the game based on their performance. Fig. 5 shows how the
system recommends certain sections to students, with small
“notification” icons that indicate a recommended section, or a
recommendation that the student request additional help.

C. PING System

To provide timely assistance and section recommendations
to students, Gridlock is integrated with the PING system. The
PING system is a general-purpose framework for adaptive
student assistance, applicable to any SG that utilizes a similar
divide-and-conquer approach to problem solving. This way,
the system has separate logic to provide assistance for each
individual topic in the overall flow of the relevant game. For
example, in Gridlock, the PING system has different logic for
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Fig. 5. In-game module selection interface. In this case, the student is
recommended to do the binary blaster activity, and to get assistance on that
section.

assisting students in binary-to-decimal conversion compared
to providing assistance on VerilogHDL coding syntax.

To achieve adaptive student assistance, the PING system
leverages RL. RL is an artificial intelligence method that
uses trial-and-error to explore various approaches to a given
problem and determine optimal behavior. In this case, the
problem is defined as such: assist students and help them
improve their performance. To that end, the RL agents first
observe how a student is performing on content tests, mini
games, or other assessments. Then, the agents select what
assistance the student should receive. Finally, the agents are
provided with feedback that shows if the decision was helpful
or harmful to the student based on improvements in the
student’s measured performance. In the case of Gridlock, each
topic has an RL agent that provides assistance within that
topic. That way, each topic can have different logic, different
priorities for what assistance to provide, and different data
metrics that indicate better or worse-student performance.

Then, for the PING system, it is assumed that any game
utilizing the system collects student data. In this work, the
PING system was run on a remote server where each unique
game client is assigned a random ID. Then, anonymous student
data are sent to the server for the PING system to process,
sending responses back to game clients. While the specific
form of this data may vary, it is important that the data: 1) be
relevant to and indicative of student performance in each topic
and 2) be recorded for each topic in the game. For example,
in Gridlock, each quiz or mini-game records several variables
regarding student performance.

1) Total score on the quiz or mini-game pertaining to that

section.

2) Total time taken to complete the quiz or mini game.

3) Emotional indicators while interacting with the content,
measured by facial emotion recognition via webcam
images using a recognition system built in to the game
client.

4) Student inputs, including key presses and mouse
movements, to indicate engagement with the system.

5) Index of quiz questions asked.

So, to summarize, the RL agents used in the PING system
observe student performance as indicated by performance
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TABLE I
EVALUATION PLAN MATRIX

Research Questions

Evaluation Questions

Evaluation Measures

To what extent is the personalization
tool and problem-solving content in
the PING system useful to student
learning

Frequency of game tools being used by students | e
Open-ended questions on why students
like/dislike a particular tool

Surveys of the utility
and usability of the
PING system

To what extent does the PING system | e
with personalized, contextually and

The realism of games in delivering real-world .
engineering problems

Surveys of student
interests in game

improved by the PING system in
general

emotionally sensitive support in e  How fun and interesting does the problem- learning
fostering student interests in solving process in game compared to working

engineering problem-solving out of a textbook/lab instruction

To what extent is the student learning | ¢  What do student reflections from student game Game logs

experience reveal about their learning

Pre-/post- content tests

metrics gathered by the SG. Then, the agents provide stu-
dents with appropriate assistance chosen from a pool of
possible assistance decisions. Finally, improvements in student
performance are provided to the system as feedback that helps
improve future decisions. While a detailed explanation of RL
is beyond the scope of this article, readers are referred to [21]
for more details. Ultimately, this approach allows the system
to have adaptive behavior that adjusts to trends in student
responses while also requiring less effort on the developer’s
behalf to define the student assistance logic for each topic.

IV. RESEARCH METHODOLOGY

A quantitative pre/post experimental research design was
used to assess how the PING system impacted student
interests and learning. The research evaluation plan was then
guided by three research questions as detailed in Table I.
The hypothesis in this study was that students provided with
customized, context/emotion-sensitive support from the PING-
integrated game will have increased content knowledge, faster
completion times, less errors, fewer iterations, and more
efficient problem-solving ability. Ultimately, these students
are expected to exhibit increased interests and motivation to
pursue high-level engineering design studies.

A. Study Context

Data for this study were collected at one large public
university in the Mid-Atlantic region of the United States.
Students were recruited from two courses over the three
years of the study: 1) Introduction to Digital Systems and
2) Computer Architecture. The experimental research design
was set up to evaluate the incremental changes to the game
across time, and all participating students completed IRB-
approved consent forms before participation. If students chose
to participate, they were randomly assigned to either a standard
lab assignment with no game, an old version of Gridlock, or
the new version of Gridlock with full personalized support.
For students who did not sign consent forms, they participated
in a standard lab assignment, and were not included in this
study. In year one, the control group was a group of students
engaging in the traditional lab for these courses using FPGA

boards to simulate traffic lights. The treatment group for year
one was the game without the PING system adaptations, and
this year of data collection was used to train the system
for implementation in year two. For year two and three, the
treatment condition became the adapted version of the PING
system game, with a comparison group of the original game
without the PING addition to evaluate the incremental change
of adding the PING functions. In total, this resulted in a
control group sample of n = 29, a non-adapted game sample
of n = 37, and an adapted game sample of n = 43.

B. Data Collection

Several instruments were developed and used for evaluation.
One sought to determine how students perceived the usefulness
of the various scaffolding tools built into the PING system.
Particularly, students were asked how helpful the tools were,
how easy and how often they used them. The same instrument
also measures student attitude toward the game scenarios
and learning environment. Typically, students were asked to
compare Gridlock to learning contents out of a textbook in
terms of fun, interest, resource, and learning.

As stated in Section II, Gridlock features the design of
sequential circuits using state diagram, state table and Verilog.
To assess students’ understanding of the content knowledge
and problem-solving ability, the pre-/post- tests on vending
machine design were given to both treatment and control
groups. Specifically, students were asked to use state dia-
gram/table to analyze and design the logic of a vending
machine that meets the given specifications, and then imple-
ment it using Verilog. Students were given pre-intervention
tests after covering relevant content in their course, before
performing the related lab assignment. Post-intervention tests
were administered as a part of regular course quizzes given a
week after the lab assignment was completed.

V. RESEARCH RESULTS
A. Utility and Usability of Scaffolding Tools

The instrument for the utility and usability of PING was
given to the treatment group using the adapted version of
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TABLE 1II
ATTITUDE TOWARD THE GAME SCENARIO AND LEARNING
Compared to working this problem out of a textbook (%)
Realistic Interest in Fun of the Access to Amount Career
engineering task problem process resources learned interest
Less 0.02 0.02 0.05 0.07 0.05 0.02
Same 0.37 0.51 0.51 0.49 0.53 0.54
More 0.61 0.47 0.44 0.44 0.42 0.44
Error correction Error correction § S0
T 25
L EEE R R R bR R EEREEEEICEE 55%
Expert modeling Expert modeling o 15%
S 20,
Further help
0% 10% 20% 30% 40% 50% 60% 0% 10% 20% 30% 40% 50% 60%
«Never ®4+times ®2-4times u1-2times
= Not very % Somewhat = Very
Fig. 6. Student opinions on the usefulness of the in-game tools, including Fig. 8. Usefulness of in-game tools, as rated by the number of times students

error correction, expert modeling, and further help.

Error correctiol

Expert modeling §
e g 56%

Further help [ o

T sew

0% 10% 20% 30% 40% 50% 60%

= With teacher help = With peer help  Unassisted on 2-5 attempts = Unassisted on 1st attempt

Fig. 7. Usability of the three in-game tools, as rated by how easy students
found those systems to access.

the PING system only. Of the 43 students who participated,
20 students provided survey responses, which are shown in
Figs. 6-8. As shown, the three tools were perceived useful
in general with few problems figuring out how to use them.
Of the three help tools, error diagnosis of student design
was the most popular one (45% students used more than
4 times). Providing feedback on student performance, along
with opportunities to repeat the “task-performance-feedback
cycle” by allowing resubmission, is an effective practice in
enhancing student self-regulation.

B. Interests

Table II presents students’ attitude toward the game scenario
and learning environment. Overall, students consistently rated
the game as comparable or better than working out of a
textbook. And while learning contents were comparable to

accessed those systems.

the ones in a textbook, a large percentage of students rated
the game as more enjoyable and accessible compared to
textbook learning, with very few students responding nega-
tively in surveys. This aligns with the initial hypothesis that
gamified education provides a better way to engage students.
Furthermore, all surveys were administered anonymously,
potentially reducing the bias toward positive responses from
students aware of their participation in the research study.

C. Content Knowledge Understanding

1) Game Log Analysis: The prior sections focused heavily
on student perception, which may not necessarily algin with
learning goals. To further verify the PING system, students’
learning outcomes were analyzed through both game logs and
pre-post-intervention content tests. First, student logs from
their playthrough of the game were retrieved to compare the
effects of the game system with and without the personaliza-
tion. These comparisons focus on demonstrating the effect that
iterative updates and design changes have had on students’
game experiences. Outliers were removed with Grubb’s test
using an alpha of 0.05.

Initial comparisons capture the number of retries that a
student made in each section of the game and are shown in
Fig. 9. First, students in the adapted game completed the game
with a significantly lower number of retries compared to these
in the non-adapted version. The effect is especially prevalent
among certain sections of the game, such as Section III,
which deals with the mechanics of flip-flops, a key circuit
element in Gridlock. The increased usability and accessibility
of personalized help documentation within the game likely
contributed to this outcome. By providing students with more
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help documentation that is tailored closely to their individual
needs, they were less inclined to require repeated attempts to
complete game sections.

The second comparison focuses on time spent in-game
by students as shown in Fig. 10. Clearly, students in the
PING system spent less time moving through the educational
content, owing to updates in the adaptive assistance, clearer
instructions, and more accessible help documentation.

2) Pre-/Post-Test Analysis: Initially, group descriptive
statistics were used to explore the differences in problem-
solving scores by experimental groups over time. Table III
presents that the adapted game treatment group students show
positive change in their post-test scores for the engineer-
ing problem-solving measure over time with a large effect
size (Cohen’s d). The nonadapted game treatment group
students also show positive change in their post-test scores
when compared to pre-test though with a small effect size.
Additionally, both game groups show higher-post-test scores
when compared to the control group who did not participate
in the game at all (Cohen’s d = 0.78 non-adapted and d =
1.15 for adapted, both large effects), providing further support
for both versions of the developed game.

To test the significance of this difference across all three
groups, an ANCOVA was conducted to compare engineering

TASK PROBLEM-SOLVING MEASURE

TABLE III
GROUP DIFFERENCE STATISTICS FOR ENGINEERING

393

Group Pre-Test Post-Test Cohen’s d
Mean (SD) | Mean (SD)

Adapted Game | 4.72 (3.04) | 8.07(3.26) | 1.06

(n=43)

Non-Adapted | 6.04 (2.54) | 6.86(3.04) | 0.30

Game (n = 37)

Control Group | 5.34 (2.22) | 4.59(2.76) | -0.30

(n=29)

Note. Standard deviations in parentheses

1000

400

Mean Engineering Problem Solving (Post)

Control NonAdapt Adapt

Groups
Error Bars: 95% CI

Fig. 11.
group.

Error bar graph of mean difference in problem-solving scores by

problem-solving post-test scores between the groups (control
group, nonadapted game group, and adapted game group),
using the pre-test scores as a covariate in the analysis.
Cases with missing data at either pre-test or post-test were
removed from the analysis, resulting in a usable sample size
of 54 students for the ANCOVA. Assumption of normality
for the continuous outcome variable and the covariate were
checked using skewness and kurtosis values and were both
found to be within range of +/— 3.00. The homogeneity of
variance assumption was checked using Levene’s test and was
supported, F2 51y = 0.83, p = 0.44.

There was a statistically significant difference in engineering
problem-solving post-test scores between the three experimen-
tal groups, F350) = 54.01, p = 0.02. The effect size for
this analysis was partial > = 0.17, indicating that 17% of
the variance in engineering problem-solving post-test scores
can be explained by the experimental groups. Post hoc power
analysis suggests the test was adequately powered (1—8 =
0.85) with a medium sample size (n = 54). Based on this
result, the full model is statistically significant with a medium
practice significance. Fig. 11 provides a visual representation
of these results with 95% confidence interval error bars, clearly
showing the significant difference between the control group
and the two treatment groups, with the strongest effect between
the control and the adapted game group. Differences between
the non-adapted game and the adapted game groups are not
statistically significant in this analysis, as represented by the
overlapping error bars.

Finally, the present study has a few limitations that may
affect the extensibility of these findings. First, the number
of students participating in the study could be considered a
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limiting factor, as it is possible that the conclusions presented
are not extensible to the student population as a whole.
However, these conclusions are significant based on the statis-
tical tests presented, though more student participants would
serve to bolster these conclusions. Furthermore, participants
were limited to a specific geographical region, which may
have impacted study results as students in different geograph-
ical regions can have different preferences, motivations, or
interests. These differences would be even more notable when
considering cultural differences across different countries. As
such, the presented results may not extend fully into different
geographical regions given varied student preferences. Finally,
the presented work focused solely on quantitative results
from the study. While these results do show statistical merit,
a qualitative analysis on the collected data would further
serve to improve the merit of this study, mainly because the
effectiveness of education can be heavily dependent on student
emotions and feelings. Further exploring the qualitative side
of things with student thoughts, emotions, and opinions would
improve the impact of this study.

VI. CONCLUSION

This article overviews the PING system, an ITS specifi-
cally designed for seamless integration within an educational
SG. The pedagogical insights applied in Gridlock, including
divide-and-conquer approaches to problem solving, repetitive
lessons with various delivery formats, and gamified student
evaluation, are elaborated in detail. These strategies suc-
cessfully strike a balance between learning and enjoyment
within the game environment, as supported by student surveys,
pre-/post-intervention assessment, and game log data. The
findings in this article demonstrate that the PING system is
user-friendly and useful with greater benefits compared to
working on the same problem with paper and pencil. The
purpose of the comprehensive student assessment in Gridlock
is twofold: 1) it supplies vital data for PING to analyze
student learning behaviors and 2) personalizes instructions to
meet student individual needs. Second, the assessment process
fosters student self-reflection, deepening their metacognitive
awareness of their own learning. Thus, additional effort is
needed to determine the metacognitive benefits of both SGs
and the PING system [22].

For future work, as mentioned, this article focused entirely
on quantitative results from the study. Qualitative analysis
of the implemented PING system and of Gridlock is ongo-
ing [23]. Future work also includes continuous enhancement
and generalization of the PING system to suit a wider range
of SGs and educational contexts [24]. This generalization
would serve to benefit the research community, as the proposed
system would better fit a wider range of domains or subjects.
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