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Abstract—Disaster preparedness education requires learning
approaches capable of accommodating heterogeneous levels of
student readiness. Digital Game-Based Learning (DGBL) has
been increasingly adopted to support disaster education;
however, many existing implementations remain non-adaptive
and rely on uniform instructional and game structures. A
clearer understanding of students’ preparedness profiles and
corresponding game design requirements is therefore essential
to inform adaptive disaster education. This study presents an
exploratory analysis of student disaster preparedness and game
design requirements using survey data collected from 538 junior
high school students. Structured questionnaires were used to
measure multiple dimensions of disaster preparedness and
instructional content, along with analytical considerations
related to game characteristics. Descriptive statistics and
exploratory data analysis were applied to examine variability in
preparedness levels and associated instructional and design
requirements across learners. The results reveal substantial
heterogeneity in student disaster preparedness, indicating the
presence of distinct readiness profiles associated with differing
instructional content priorities and game design considerations.
These findings highlight the limitations of one-size-fits-all
DGBL approaches and emphasize the importance of aligning
instructional content and game characteristics with learner
readiness. This study contributes empirical evidence to
educational technology research by providing learner profiling
insights that can inform the future design of adaptive digital
game-based learning for disaster preparedness education.

Keywords—disaster preparedness education, digital game-
based learning, student preparedness profiling, adaptive
learning design, educational games

I. INTRODUCTION

Disaster preparedness has become an essential educational
priority worldwide as climate change, rapid urbanization, and
environmental degradation continue to increase the frequency
and severity of natural hazards [1-3]. International
frameworks such as the Sendai Framework for Disaster Risk
Reduction (SFDRR) [4] and the Comprehensive School
Safety Framework (CSSF) [5] emphasize the need to develop
disaster literacy from an early age, particularly among
students living in high-risk areas [6]. However, conventional
disaster-education approaches often rely on lecture-based or
text-oriented instruction, which have limited effectiveness in
developing situational awareness, procedural readiness, and
rapid decision-making skills required during emergency
situations [7-9].

In response to these limitations, digital learning
technologies especially simulation-based and interactive
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media have gained increasing attention as tools for delivering
experiential and  context-rich  disaster-preparedness
education [10-13]. Digital Game-Based Learning (DGBL)
has been widely recognized as a promising approach for
disaster education due to its ability to provide
immersive, interactive, and scenario-driven learning
experiences [14, 15]. Prior studies have shown that serious
games can enhance hazard recognition, problem-solving
abilities, and real-time decision-making by situating learners
within simulated crisis environments that reflect real-world
dynamics [16-19].

DGBL is particularly suitable for junior high school
students, as learners at this developmental stage demonstrate
increasing cognitive capacity for abstract reasoning while
remaining highly responsive to interactive and experiential
learning environments [14, 20, 21]. At this stage, structured
simulation-based and scenario-driven learning can facilitate
the internalization of disaster-response procedures and
enhance situational awareness [22]. Accordingly, the present
study focuses on Grades VII-VIII students as a
developmentally appropriate population for disaster-
preparedness education.

The selection of participants from hydrometeorological
disaster-prone areas was based on shared contextual exposure
to recurring hazard risks such as flooding, coastal inundation,
and extreme weather events. Disaster education research
emphasizes that instructional effectiveness improves when
learning  interventions are aligned with locally
relevant hazard contexts and school-based risk-reduction
initiatives [6, 23, 24]. Although disaster types may vary
across regions, the participating schools are located within
comparable hydrometeorological risk zones, ensuring
contextual coherence while allowing variability in learner
preparedness levels to be examined.

Despite extensive research on disaster education and
digital game-based learning, limited empirical work has
systematically examined how multidimensional instructional
readiness profiles can be explicitly translated into
differentiated game design parameters. Many existing DGBL
implementations employ relatively uniform game mechanics
without formally associating learner preparedness
characteristics with structured design configurations [25-27].
Consequently, an analytical gap remains in understanding
how clustered instructional readiness profiles can inform
transparent and theoretically grounded game-characteristic
considerations within disaster-preparedness education.
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Recent advances in educational data analysis and machine
learning have enabled researchers to explore patterns within
complex learner datasets, including survey responses,
behavioral indicators, and performance measures [28, 29].
Unsupervised learning techniques, such as K-Means
clustering, are frequently used to identify natural groupings
within learner populations, while rule-based approaches are
commonly applied to support instructional interpretation and
design decisions. Although these techniques have been
widely adopted to predict learning outcomes or analyze
engagement, prior research has primarily focused on learner
performance modeling rather than examining how variations
in instructional readiness may be reflected in game design
requirements [25, 30, 31]. Consequently, limited empirical
attention has been given to exploring the relationship between
instructional content characteristics and game design
considerations in the context of disaster-preparedness
education.

Previous studies have emphasized the importance of
aligning learning objectives with game mechanics to support
effective educational game design [26, 31-33]. Conceptual
perspectives such as the Input-Process-Output (IPO) Game
Model [34] illustrate how instructional inputs may influence
gameplay processes and learning outcomes. However, much
of the existing work remains descriptive or heuristic in nature,
with game design decisions often guided by expert judgment
rather than  empirical examination of  learner
characteristics [35]. As a result, there is a need for
exploratory studies that empirically investigate how student
preparedness characteristics relate to instructional content
dimensions and game design considerations, particularly in
disaster-education contexts where learner readiness can vary
substantially.

In this context, the present study conducts an exploratory
and data-driven analysis of student disaster preparedness and
game design requirements using survey data collected from
junior  high  school students in  disaster-prone
areas [31, 36, 37]. Instructional Content (IC) dimensions and
Game Characteristics (GC) are represented as structured
analytical variables, and clustering analysis is employed to
identify patterns in learner preparedness profiles. Rather than
proposing a fully adaptive solution, this study seeks to
examine how variations in instructional readiness may be
associated with differing game design requirements, thereby
providing empirical insights that can inform future design-
oriented decisions in digital game-based disaster-
preparedness education.

The contributions of this study are fourfold:

(1) Examining how concepts from existing game-based
learning perspectives can inform the analytical
representation of instructional content and game
characteristics;

(2) Exploring relationships between multidimensional
instructional content indicators and learner preparedness
profiles using clustering analysis;

(3) Analyzing how differences in learner preparedness
correspond to variations in game design considerations
through rule-based interpretation;

(4) Providing empirical insights that may support future
design considerations for adaptive digital game-based
learning in disaster-preparedness education.

II. METHODS

A. Research Design

This study adopts an exploratory, data-driven analytical
design informed by the IPO Game Model to examine the
relationship ~ between  student  disaster-preparedness
characteristics and game design requirements. The IPO Game
Model, which has been widely used as a conceptual
perspective in game-based learning research, is employed in
this study as an analytical lens to structure the examination of
instructional inputs, gameplay-related considerations, and
learning-related outcomes.

Within this analytical perspective, the Input component
consists of two key constructs:

(1) IC, representing students disaster preparedness readiness
across multiple dimensions,

(2) GC, representing predefined design attributes commonly
used in digital educational games.

The Process component corresponds to the game cycle,
which includes challenges, interactions, feedback, and
progression mechanisms through which instructional inputs
may influence learning experiences. The Output component
reflects expected educational outcomes associated with
disaster-preparedness learning, such as improvements in risk
knowledge, procedural understanding, decision-making, and
response awareness.

IC is represented as a multidimensional analytical space
capturing variability in learner readiness, while GC are
treated as a structured set of design considerations interpreted
using theory-informed rules. In this study, machine learning
techniques are applied exclusively to the IC data to explore
natural groupings of learner preparedness profiles. GC are not
generated automatically; instead, they are interpreted based
on established educational game design principles to maintain
transparency and pedagogical coherence.

The primary analytical objective of this design is to
examine how variations in instructional readiness are
associated with differentiated game design considerations,
rather than to implement or evaluate a fully adaptive system.
Fig. 1 illustrates the IPO Game Model as a conceptual
structure guiding the exploratory analysis conducted in this
study.

INPUT PROCESS

Instructional Content \

OUTCOME

Game Cycle

User Judgement.
Debriefi .
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System Feedback

User Behaviour

\/

Game Characteristics /

Fig. 1. IPO game model.

Fig. 1 illustrates how instructional inputs and game-related
considerations are conceptually linked through gameplay
processes, leading to educational outcomes. In this study, the
IPO Game Model serves as a conceptual framework for
organizing variables and interpreting relationships identified
through exploratory data analysis.

B. Participants and Sampling
This study involved junior high school students residing in
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hydrometeorological disaster-prone areas. The selection of
this age group was informed by prior research indicating that
early adolescents constitute a critical target population for
disaster-preparedness education, as they are developmentally
capable of internalizing safety procedures and applying them
effectively during emergency situations [5, 22].

1) The research population

The research population comprised students from two
public junior high schools located in hydrometeorological
disaster-prone areas of Bantul Regency, Yogyakarta,
Indonesia. The total population consisted of 950 students,
including 576 students from SMP Negeri 1 Kretek Bantul and
374 students from SMP Negeri 2 Kretek Bantul.

Students enrolled in Grades VII and VIII were selected for
inclusion because this age group demonstrates sufficient
cognitive and behavioral maturity to understand disaster-
related concepts, engage in preparedness-oriented learning
activities, and develop foundational response behaviors
relevant to disaster-preparedness education. An overview of
the  population  distribution is  presented in

Table 1.
Table 1. Number of students
Category SMP 1 Kretek SMP 2 Kretek
Number of Students 576 students 374 students
18 Classes 12 Classes
Number of Classes (A/B/C/D/E/F) (A/B/C/D)

2) Sample size determination

The sample size was determined using the Slovin
formula [38] based on a total population of 950 students and
a 5% margin of error. The formula is expressed as follows:

N
m = Tve M

Description:

N = population size

e = acceptable margin of error (0.05 or 5%), or (0.01 or
1%)

n = minimum required sample size

Using this formula, the minimum number of respondents
was calculated as:

n = 950 3 950
© 1+4950(0.05)2  1+950(0.0025)

950 950
n=———=———"-=28148
1+2.375 3.375

Thus, the minimum required sample size is 282 students.
3) Inclusion and exclusion criteria

Participant selection was conducted using purposive
sampling, focusing on students enrolled in schools located in
hydrometeorological disaster-prone areas. This approach was
selected to ensure that respondents were contextually relevant
to the objectives of disaster-preparedness education rather
than to achieve probabilistic representativeness, as would be
required in experimental or inferential studies.

A structured screening process was applied to ensure data
quality and analytical suitability. The inclusion and exclusion
criteria are summarized in Table 2.

Table 2. Inclusion and exclusion criteria

Category Criteria Description
. Enrolled in Grade VII-VIII in
Active student . .
disaster-risk schools
Living in risk zone Residing in moderate—high risk
zones
Inclusion Able to complete Capable of understanding the IC

Likert instrument
Complete responses

questionnaire
No missing values across IC items
Approved by school and student
assent

Missing or inconsistent answers
Straight-lining, randomization
Same student recorded twice

Low-risk-zone residents

Voluntary participation

Incomplete responses
Invalid patterns
Duplicate entries
Not in risk zone
Absence during data
collection

Exclusion

Did not attend the session

C. Instrumentation

1) Instructional content

The IC instrument was developed to measure students’
instructional readiness within the context of disaster-
preparedness education. The instrument is structured into
seven dimensions that integrate constructs from disaster
literacy, experiential learning pedagogy, and digital
readiness. Its development followed a systematic procedure
to ensure content validity, theoretical coherence, and
structural reliability, consistent with established scale-
development methodologies [39, 40]. The final instrument
comprises 30 items distributed across the seven dimensions,
with an average of four items per dimension except for the
experiential learning dimension, which includes six items.
The full structure of the instrument is presented in Table 3.

Table 3. Instrument structure
Instructional

Item Measurement Data Ref.
Code Content
. . Count Scale Type Sources
Dimension
x, Riskknowledgeand —\ yo i1 s Numeric  [5,41]
understanding
X,  Preparedness skills 4 Likert 1-5  Numeric [6, 42-44]
Preparedness . .
X3 attitudes and values 4 Likert 1-5  Numeric [41]
. . [14, 15, 20,
x, Mediaandleaming oy s Numeric 22,24,45-
experiences
47]
Xs Experiential 6  Likert1-5 Numeric [21,48]
learning
Digital accessibility . .
Xe and adaptability 4 Likert 1-5  Numeric [49-51]
X5 Co}labora?lc?n a.nd 4 Likert 1-5  Numeric (3,6, 52~
social participation 57]

The reliability and construct validity of the instrument
were established through a multi-stage process involving
Content Validity Index (CVI) assessment, expert judgment,
and a pilot test. The IC is represented as a seven-dimensional
continuous vector that encodes each learner’s instructional
readiness profile. Formally, the IC vector is defined as:

IC = [Xy, X5, ..., X7] 2)

Description:

IC: the instructional content construct, and

Xi—X7: correspond to the seven instructional-readiness
dimensions.

Each element of the IC vector consists of Likert-scale
values (1-5) that have been normalized to the interval [0,1],
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thereby producing a numerical representation suitable for
analysis within a multi-dimensional feature space R’. This
normalization ensures feature comparability and prevents
scale dominance during machine-learning processing.

2) Game characteristic

The GC represent the core attributes that determine the
structural, interactive, and experiential properties of a digital
educational game. In this study, seven primary characteristics
were adapted from the theoretical framework in Ref. [58] and
supported by recent empirical research in educational and
serious-game design [27, 36, 59]. These characteristics
usability, involvement, enjoyment, aesthetics, competition,
collaboration, and feedback [36] were selected because they
collectively influence learner engagement and motivational
quality within game-based learning environments. Each
characteristic was evaluated using an ordinal scale ranging
from 0 to 3, indicating the intensity and presence of specific
game-mechanic elements typically found in disaster-
simulation educational games. The operational definitions
and scaling scheme for these characteristics are presented in
Table 4.

Table 4. Game characteristic structure

Game L. Theoretical
Code Characteristic Description Scale Sources
Ease of UI/UX use,
Gl Usability navigation, and 0-3 [46’6407]’ 31,
interaction.
Degree of players’
G2 Involvement ~ Memtalemotional g 5y, s g
and cognitive
engagement.
Perceived fun and [14,15, 51
G3 Enjoyment intrinsic motivation 0-3 ’ 6 O], ’
during gameplay.
Quality of visual and
G4 Aesthetic  udioclemenisthat oy 5y sy
support the game
atmosphere.

Degree to which
competitive elements
such as scoring,
ranking, or challenge
comparison are
present in gameplay.
Cooperative features

and coordination 0-3
among players.
Real-time feedback
and scaffolding
mechanisms within
the game.

G5 Competition 0-3 [14, 15, 46]

G6 Collaboration [14, 15, 46]

G7 Feedback 0-3 [14, 15, 46]

The Game Characteristics are represented as a discrete
game-mechanic vector with an ordinal scale of 0-3, reflecting
the intensity level of each gameplay design element.

GC =[G4, Gy,...,G7]),G; €{0,1,2,3} 3)

Description:

GC: Game characteristic

G—G7: Usability, involvement, enjoyment, aesthetic,
competition, collaboration, and feedback.

The GC values are not learned by the machine-learning
model; instead, they are assigned based on established
game-design theory to preserve determinism, interpretability,
and pedagogical consistency. Machine learning is employed
exclusively to identify structural patterns within the IC space,

not to automatically generate GC values.

D. Data Preprocessing

All raw data collected from the instructional-readiness
instrument underwent a series of preprocessing procedures to
ensure that the dataset was clean, consistent, and analytically
suitable for machine-learning-based exploratory analysis
examining associations between instructional content profiles
and game design considerations. The first stage involved
checking data completeness: any questionnaires containing
missing responses or unanswered items were removed from
the dataset. This step was essential to prevent mean distortion
and estimation bias, issues that frequently arise when
improper imputation is applied to psychometric data.

Next, the dataset was screened for duplicate entries and
response patterns that indicated statistical anomalies. Outlier
detection was performed using z-score analysis, allowing
responses that deviated substantially from the expected
distribution to be identified and removed in order to preserve
the structural integrity of the data.

The subsequent stage focused on normalizing the IC
features, because the IC dimensions were measured using a
five-point Likert scale, normalization was required to ensure
that all features were scaled uniformly and that no single
variable disproportionately influenced the clustering process.
Min-Max Scaling was applied to transform all IC values into
the interval [0,1].

The normalization function is defined as follows:
Xi~Xmin

Xi_

N Xmax—Xmin (4)

Description:

X;: represents the raw score of a respondent on a given IC
dimension,

Xmin and Xy the minimum and maximum values within
that dimension, and

X;: represents the normalized value.

This transformation ensures that all IC features contribute
proportionally when used as inputs to the -clustering
algorithm.  Following  normalization, feature-vector
construction was performed by encoding IC and GC as two
analytically distinct vector representations. The IC was
modelled as a continuous seven-dimensional feature vector,
whereas the GC were encoded as an ordinal vector reflecting

predefined intensity levels for each game-mechanic
component.

Table 5. Data processing workflow
Step Process Purpose

Cleaning missing and
invalid responses
Min—-Max
2 normalization (IC —

[0.1])

Ordinal encoding of

Ensuring data integrity by removing
incomplete or inconsistent entries
Standardizing feature scales to prevent
dominance by variables with larger
ranges
Enabling rule-based mapping by
formalizing discrete game-mechanic

w

GC values - .
intensity levels
4 Construction of IC/GC Producing machine-learning—ready
feature vectors numerical representations
5 Dataset integration Compiling the complete feature matrix

for clustering and subsequent mapping

Although the GC vector was not included as input in the
unsupervised learning process, it was explicitly defined as the

1970



International Journal of Information and Education Technology, Vol. 16, No. 7, 2026

analytical interpretation space for the subsequent rule-based
interpretation. This separation preserves analytical clarity by
restricting machine-learning operations to learner readiness
profiling while retaining GC as a theory-informed design
representation.

All processed IC features were then consolidated into a
primary input matrix that served as the basis for the K-Means
clustering procedure. In parallel, the GC vector was prepared
as a reference structure for subsequent rule-based
interpretation. The complete data preprocessing workflow is
summarized in Table 5, which outlines each operational step
and its corresponding analytical purpose.

E. Exploratory Clustering and Rule-Based Interpretation

1) K-means clustering

K-Means clustering was applied exclusively to the
instructional content data to identify natural groupings of
learner preparedness profiles. The optimal number of clusters
was determined as three (low, medium, and high
preparedness) based on Silhouette Score and Davies—Bouldin
Index values. The resulting cluster centroids were used as
representative  profiles  for  subsequent  analytical
interpretation.

Machine learning was applied solely to IC to identify
natural learner profiles. K-Means clustering partitions the IC
feature space into k clusters by minimizing the sum of
squared Euclidean distances:

1
e =%y 1G 5)

The optimal cluster number was determined as k = 3,
representing:

Low preparedness

Medium preparedness

High preparedness

These centroids serve as representative profiles used for
subsequent analytical interpretation.

2) Rule-based interpretation of game design considerations

Rather than generating game characteristics automatically,
this study employed a theory-informed rule-based
interpretation to associate each preparedness profile with
differentiated game design considerations. For example,
lower preparedness profiles were interpreted as benefiting
from higher wusability and feedback, while higher
preparedness profiles were associated with increased
challenge and reduced scaffolding. This interpretive approach
ensures transparency and supports exploratory analysis rather
than system implementation.

This rule-based interpretation is intended to support
analytical understanding of design differentiation rather than
to prescribe or automate game implementation.

The mapping function:

GCr = F () (6)

Assigns a 7-component GC configuration for each centroid
U, guided by theoretical alignment principles:

Low preparedness — high feedback, high usability, low
competition

Medium preparedness — balanced mechanics

High preparedness — advanced challenge,
competition, lower scaffolding

This ensures pedagogical coherence while retaining
reproducibility and explainability through explicit rules.

F. Model Evaluation

Model evaluation focused on assessing the consistency and
robustness of the exploratory analysis. Cluster quality was
examined using Silhouette Score and Davies—Bouldin Index
(DBI) metrics. Reproducibility was evaluated by repeating
clustering with multiple random initializations, which
produced stable centroid patterns across runs.

The alignment between instructional content profiles and
game design considerations was evaluated analytically by
examining the coherence and stability of rule-based
interpretations relative to cluster characteristics. This
evaluation confirms that the exploratory approach yields
consistent and interpretable insights suitable for informing
future design-oriented research in disaster-preparedness
education.

higher

III. RESULT

This section presents the results of the survey and the
exploratory machine-learning analysis conducted on the IC
data and the corresponding GC outputs. The analysis focuses
on four components: (1) participant characteristics and
descriptive statistics of instructional content dimensions, (2)
distributional properties of IC scores, (3) learner
preparedness clustering results, and (4) the IC — GC
mapping outcomes and their stability.

A. Sample Profile and Feature Description

This study involved 538 junior high school students drawn
from two schools located in hydrometeorological disaster-
prone areas. All participants met the inclusion criteria,
including active enrollment status, residence in moderate-to-
high disaster-risk zones, and complete responses to the seven-
dimensional instructional content instrument. From a total
population of 950 students, the final sample exceeded the
minimum size required based on Slovin’s formula, providing
sufficient data for exploratory clustering analysis using K-
Means.

The instructional content dataset comprised seven disaster-
preparedness dimensions: risk knowledge and understanding,
preparedness skills, preparedness attitudes and values, media
and learning experiences, experiential learning, digital
accessibility and adaptability, and collaboration and social
participation. Each dimension was measured using a five-
point Likert scale and normalized to the interval [0,1] to
ensure comparability across features. A descriptive statistical
overview of all dimensions is presented in Fig. 2.

Fig. 2 indicates three key observations. First, all
instructional content dimensions exhibit sufficient score
variability, enabling the application of clustering analysis.
Second, none of the variables show extreme concentration or
stagnation around a single value, suggesting that the dataset
captures a broad range of student preparedness levels. Third,
although some differences are observed between the two
schools, these variations are not dominant, indicating that
preparedness patterns are not driven by a single subgroup.
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Fig. 2. Combined histograms by school for all numerical variables.

Overall, the descriptive results confirm that the
instructional content dataset contains adequate variability and
balance, supporting its suitability for subsequent exploratory
clustering analysis.

B. Distribution of Instructional Content Scores

The distribution of scores across the seven instructional
content dimensions was examined to assess the variability
and structural characteristics of student preparedness prior to
clustering. Fig. 2 presents the distributions of all IC variables
(X1—X7), disaggregated by school. Visual inspection shows
that the dataset exhibits balanced dispersion without evidence
of severe skewness or distributional collapse.

Across dimensions, most score distributions display a
slight right skew, with dominant values ranging between 3.0
and 4.5 on the five-point Likert scale. This pattern suggests
that, on average, students demonstrate moderate to high
levels of disaster-preparedness readiness while retaining
sufficient variability to support meaningful differentiation
among learner profiles.

Risk knowledge and understanding (X;) and preparedness
skills (X;) show broad and continuous distributions,
reflecting heterogeneous levels of conceptual understanding
and procedural capability. Preparedness attitudes and values
(X3) exhibit the highest concentration of high scores,
indicating generally strong affective commitment to disaster
readiness. Media and learning experiences (X4) and
experiential learning (Xs) display wider dispersion,
suggesting uneven exposure to disaster-related learning
activities and simulations.

Digital accessibility and adaptability (X¢) show noticeable
variation between schools, while collaboration and social

participation (X7) present similar distributional patterns
across both institutions, with scores concentrated in the
moderate-to-high range.

Taken together, these distributional characteristics confirm
that the instructional content data provide a suitable empirical
basis for clustering analysis and support the presence of
heterogeneous preparedness profiles among students.

C. Disaster Preparedness Clustering Result

K-Means clustering was applied to the normalized
instructional content feature vectors to identify natural
groupings within the student population. Multiple candidate
values of k were evaluated, and & = 3 was selected based on
optimal Silhouette Score and DBI values. This configuration
yielded well-separated and internally coherent clusters,
indicating a stable structure within the instructional content
feature space. The spatial distribution of the clusters in the
reduced two-dimensional PCA space is illustrated in Fig. 3.

The clustering results produced three learner preparedness
profiles:

1) Cluster 0-low preparedness

Students in this cluster demonstrated consistently lower
scores across instructional dimensions, including limited risk
knowledge, minimal experiential exposure, and lower digital
accessibility. These characteristics suggest a need for
supportive and simplified instructional approaches.

2) Cluster 1-medium preparedness

This cluster represents students with balanced but uneven
instructional profiles. While preparedness skills and attitudes
are relatively developed, variability is observed in media
exposure and collaborative experiences.
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3) Cluster 2-high preparedness

Learners in Cluster 0 are associated with higher levels of
Students in this cluster achieved high scores across most

dimensions,  particularly in

collaboration, and preparedness attitudes,

experiential  learning,

indicating
readiness for more complex instructional and interactive

challenges.
Visualisasi Cluster K-Means (k=3)
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Fig. 3. K-means clusters on PCA-transformed data.

The centroid values associated with each cluster, shown in
Fig. 4, provide quantitative representations of these profiles

and demonstrate clear separation across

instructional
dimensions.

Overall Average Profile Radar Chart

x —— Overall Average
%.59

3.64

X6

X5 X4

Fig. 4. Mean variable score by cluster.

These results indicate that student disaster preparedness
can be meaningfully categorized into distinct profiles,

supporting the use of learner segmentation for subsequent
design-oriented analysis.

D. IC — GC Mapping Results

The IC — GC mapping process translated the three
instructional-readiness ~ clusters ~ into  corresponding
configurations of game characteristics using a deterministic
rule-based mapping mechanism. Each cluster centroid was
mapped to intensity levels (0-3) across seven game
characteristics: usability, involvement, enjoyment, aesthetics,
competition, collaboration, and feedback. The resulting
mapping matrix is presented in Table 6.

The mapping results reveal systematic differences in
game-design requirements across preparedness profiles.

1973

usability and feedback, reflecting the need for guided
interaction and instructional support. Cluster 1 exhibits
balanced configurations across most game characteristics,

while Cluster 2 is associated with higher levels of

involvement, competition, collaboration, and aesthetic

complexity, alongside reduced feedback intensity.

Table 6. Final IC — GC mapping matrix

Game Cluster 0 Cluster 1 Cluster 2

Characteristics (Low) (Medium) (High)
Usability 3 2 1
Involvement 2 2 3
Enjoyment 2 3 3
Aesthetic 2 2 3
Competition 1 2 3
Collaboration 1 3 3
Feedback 3 2 1

These patterns demonstrate a consistent relationship
between instructional readiness and differentiated game-

design requirements, indicating that learner profiles can be
meaningfully associated with

variations  in
characteristic intensity.

game-

E. Stability and Reproducibility Tests

To evaluate the robustness of the clustering and mapping
results, a series of stability and reproducibility tests were
conducted. These tests examined the consistency of cluster
structure, centroid stability, rule-based mapping outputs, and
sensitivity to data perturbation. The detailed Silhouette
distribution across clusters is presented in Fig. 5, illustrating
the separation quality and cohesion of each identified cluster

Silhouette analysis for KMeans clustering on sample data with n_clusters = 3

Silhouette plot for the various clusters (k=3)

Cluster label

0.2 0.4 0.6

Silhouette coefficient values

Fig. 5. Silhouette plot for the various clusters.
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Across 100 independent runs with different initialization
seeds, Silhouette Scores remained within a narrow range
(0.54-0.56), and DBI values ranged between 0.62 and 0.65.
Average centroid displacement across runs was below 0.03,
indicating high convergence stability. The Silhouette Score
trend across different candidate values of £ is illustrated in
Fig. 6, showing that k£ = 3 provides the most stable and well-
separated clustering configuration.

2) Reproducibility of IC — GC mapping

Across all clustering runs, the rule-based mapping engine
produced identical GC configurations for each cluster. This
confirms that GC assignment is insensitive to minor centroid
variations and behaves deterministically.

The consistency of the cluster profiles is visually illustrated
in the radar chart presented in Fig. 7.

Cluster Profiles Radar Chart

—— Cluster 0
X% Cluster 1
—— Cluster 2

X6 X3

X5 X4

Fig 7. Radar chart of cluster profile.

3) Sensitivity analysis

When 5% Gaussian noise was injected into the IC dataset,
cluster assignments retained over 93% agreement with the
baseline solution based on the Adjusted Rand Index (ARI),
and GC mappings remained unchanged.

Overall, these results demonstrate that the clustering
structure and IC — GC mapping outcomes are stable,
reproducible, and robust to minor data perturbations,
supporting their use for exploratory, design-oriented analysis
in disaster-preparedness education.

IV. DISCUSSION

Heterogeneity in disaster preparedness is reflected in
differentiated patterns across the seven instructional
dimensions identified in this study. Students categorized
within the low-preparedness cluster demonstrated
comparatively lower scores in risk knowledge (X;) and
preparedness skills (X), indicating limited conceptual
understanding of hazard mechanisms and reduced procedural
familiarity with emergency-response protocols. This pattern
suggests that deficiencies are not confined to isolated
knowledge gaps but extend to practical readiness
components. Such variation aligns with prior findings that
disaster literacy and procedural competence are unevenly
distributed among students in risk-prone regions [42, 43].

In contrast, the high-preparedness cluster exhibited
consistently elevated scores across experiential learning (Xs)
and collaboration and social participation (X7), suggesting
greater exposure to participatory learning environments and
stronger engagement in collective preparedness practices.
These characteristics are consistent with research indicating
that experiential and collaborative learning processes
contribute significantly to resilience-building in school-based
disaster education [1, 52, 55]. Notably, the convergence of
experiential exposure and social participation within this
cluster implies that preparedness may function as an
integrated competency rather than as isolated cognitive
attributes.

Preparedness attitudes (X3) were generally higher across
clusters; however, variations emerged in the alignment
between attitudes and actionable skills. This indicates that
affective readiness does not necessarily translate into
procedural competence, revealing a pedagogical gap between
awareness and operational capability. Similar discrepancies
between belief, intention, and actual preparedness behavior
have been documented in  disaster education
research [42, 53]. Furthermore, differences observed in
digital accessibility and adaptability (Xs) suggest that non-
pedagogical factors—such as access to digital resources and
familiarity with interactive media—may influence how
learners engage with game-based disaster education, as
highlighted in technology acceptance and communication-
technology frameworks [46, 51].

Collectively, these findings demonstrate that knowledge,
skills, and preparedness behaviors manifest as structured,
multidimensional profiles combining cognitive, behavioral,
experiential, and contextual elements. The clustering results
therefore provide a more nuanced interpretation of learner
heterogeneity, extending beyond descriptive categorization
and supporting differentiated game design considerations
rather than uniform instructional configurations. This
perspective is consistent with prior work emphasizing the
alignment between learner characteristics and game-
mechanic configuration in serious-game design [25, 58, 59].

The diversity observed across clusters reflects both
pedagogical and non-pedagogical dimensions of disaster
preparedness. Pedagogically, differences in instructional
content variables such as risk knowledge, experiential
learning, and collaboration suggest variability in prior
exposure to structured disaster education and participatory
learning environments. Prior research has shown that
experiential and collaborative approaches significantly
influence disaster literacy and preparedness outcomes in
school-based contexts [21, 48, 52]. Non-pedagogical factors,
particularly digital accessibility and adaptability, indicate that
technological familiarity and access may also shape how
students engage with digital learning interventions, as
emphasized in communication-technology and technology
acceptance frameworks [46, 61].

It is important to acknowledge that part of this diversity
emerges from the clustering procedure itself. K-Means
clustering partitions the instructional feature space by
minimizing within-cluster variance, thereby accentuating
relative differences among learners. While the resulting
profiles are statistically coherent and stable, they represent
analytical groupings rather than rigid categorical distinctions.
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Similar segmentation approaches in educational data mining
are commonly interpreted as structured representations of
variability within a continuum rather than fixed learner
types [28, 50].

The implication for this study is twofold. First, the
presence of structured diversity reinforces the need for
differentiated game design considerations rather than uniform
instructional  configurations, consistent with  prior
frameworks emphasizing alignment between learner
characteristics and game mechanics [25, 34, 55]. Second, the
analytical grouping approach provides a systematic method
for translating multidimensional learner variability into
design-oriented  interpretation, while  maintaining
transparency regarding the exploratory nature of the
segmentation process.

From an analytical perspective, the stability of the
clustering results across multiple trials supports the reliability
of the instructional content feature space for exploratory
learner profiling. Consistent Silhouette Scores and DBI
values indicate that the identified profiles represent well-
separated groupings rather than artifacts of random
initialization. These results align with previous disaster
education research emphasizing the importance of
empirically identifying learner variability before designing
instructional interventions [24, 44].

The rule-based mapping process yielded consistent game-
characteristic ~ configurations across clustering runs,
highlighting the interpretability and reproducibility of the
design-oriented mapping logic. Rather than relying on purely
statistical optimization, the use of predefined design rules
allows pedagogical considerations to remain explicit and
transparent. This approach is in line with communication and
interaction design principles, which emphasize usability,
feedback, and learner agency as critical factors for effective
technology-mediated learning, particularly for novice or low-
preparedness learners [20, 46, 47].

Pedagogically, the differentiated mapping patterns
underscore the importance of tailoring game design strategies
to varying levels of learner preparedness. Learners with lower
preparedness levels appear to benefit from higher usability
and more intensive feedback, consistent with cognitive load
management and instructional scaffolding principles [20].
Intermediate learners require balanced combinations of
challenge, collaboration, and engagement, whereas highly
prepared learners may benefit from complex gameplay
experiences demanding autonomous decision-making and
situational awareness. These observations are consistent with
prior findings in collaborative and game-based learning

research  emphasizing  alignment between learner
characteristics and game mechanics [52, 55, 57].
Beyond pedagogical considerations, this study also

illustrates a complementary role for machine learning in
educational game design research. Rather than functioning as
a predictive engine, clustering serves as an exploratory
analytical tool to reveal structured learner variability and
support informed design interpretation. This perspective
broadens the application of machine learning within disaster
education by positioning it as analytical support for
instructional and design decision-making rather than as a
standalone adaptive mechanism [50].

Several limitations should be acknowledged. The mapping

of game characteristics is based on predefined rules and does
not incorporate dynamic optimization or real-time adaptation
mechanisms. While this enhances interpretability and
reproducibility, it may limit flexibility when learner
behaviors deviate from expected patterns. In addition, the
reliance on survey-based measurements may not fully capture
changes in learner behavior during actual gameplay
interactions.

Future research may consider integrating automatically
recorded player behavior logs collected during gameplay,
longitudinal tracking of preparedness transitions, and
alternative clustering or adaptive modeling strategies to
further examine how learner preparedness evolves over time
and how design requirements may be refined
accordingly [21, 48].

Finally, the exploratory findings of this study align with
the objectives of Priority 4 of the SFDRR [4], which
emphasizes strengthening disaster preparedness through
education, simulation, and capacity building. By highlighting
learner heterogeneity and its implications for game design,
this study provides empirical insights that may inform the
future development of adaptive digital learning approaches
within disaster-preparedness education initiatives, including
those aligned with national programs such as the CSSF in
Indonesia [24, 45].

V. CONCLUSION

This study provides an exploratory and data-driven
examination of the relationship between student disaster-
preparedness characteristics and game design requirements in
the context of disaster education. By operationalizing
instructional ~ content as  multidimensional feature
representations and applying clustering analysis, the study
identifies distinct learner preparedness profiles that are not
readily observable through heuristic or expert-driven
classification alone. These profiles offer empirical insight
into the heterogeneity of student readiness and its
implications for educational game design.

The findings indicate that instructional content dimensions
and game characteristics can be systematically examined and
meaningfully associated through an integrated analytical
approach. The resulting alignment between preparedness
profiles and game design requirements demonstrates
consistent and interpretable patterns, suggesting that learner
profiling can inform the selection and configuration of game
mechanics in disaster-preparedness education. Rather than
proposing a fully adaptive solution, this study provides
empirical evidence that supports design-oriented decision-
making for future digital game-based learning initiatives.

This research also highlights several directions for future
investigation, including the incorporation of behavioral data
to complement survey-based measures, the examination of
transitions between preparedness profiles over time, and the
validation of the proposed analytical approach across broader
educational contexts. Future studies may further integrate
automatically recorded player behavior logs collected during
gameplay to complement survey-based measurements and
strengthen the validation of adaptive design mechanisms.
Pursuing these directions may enhance system
responsiveness and reinforce the role of data-informed
methods in supporting the development of scalable and
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pedagogically coherent serious games for disaster-
preparedness education.
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