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Abstract

Estimating players’ abilities without compromising alignment with assessment
objectives remains a key challenge in developing Game-Based Assessment
(GBA). This study proposes a method to estimate player performance through
the procedural generation of puzzle game levels that adapt to player
achievement. The method integrates Dynamic Difficulty Adjustment (DDA)
and player modeling to dynamically align content difficulty with individual
abilities while maintaining assessment validity. Unlike most previous PCG-
GBA studies, which determine difficulty solely from technical parameters, the
proposed method combines cognitive (arithmetic content) and technical
(puzzle parameters) indicators, validated through paper-based tests.
Implemented in a basic arithmetic puzzle game with sixth-grade primary
school students in Indonesia, the approach generated 1,379 gameplay level
records. Statistical analysis shows a strong positive correlation between paper-
based test scores and the average difficulty of completed levels (r = 0.734, p <
0.001). A low absolute difference between difficulty level and player
performance (M = 0.012, SD = 0.028) and a small RMSE (0.031) confirm the
accuracy and consistency of difficulty adaptation. The proposed method
enables accurate performance estimation through adaptive gameplay,
contributing to the development and external validation of PCG-based GBA
and pointing toward its potential scalability for personalized educational
assessments.
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1. Introduction

Over the past two decades, researchers, game designers, and educators in serious game
research have faced the challenge of transforming games into practical and relevant assessment
tools for educational contexts [1]. Assessment is at the core of the learning process because it
provides essential feedback that identifies gaps in understanding, modifies learning strategies,
monitors the achievement of learning outcomes, and measures the competency achievements
of learners [2], [3]. Since assessment is at the core of the learning process and is very important
for educators, developing game-based assessment (GBA) content should align with the stated
assessment objectives [4]. Additionally, an efficient assessment process is crucial to enable
periodic adjustments of difficulty levels based on student needs and performance [5], [6].

GBA offers a unique opportunity for alternative assessment and may reduce student stress
compared to traditional testing methods [7], [8]. Students feel stressed during exams because
they perceive exams as a threat to their self-esteem and abilities, which triggers anxiety when
they feel unable to answer questions [9]. Test stress or anxiety can negatively impact student
performance and lead to assessment bias [10]. Previous studies revealed that GBA can increase
student engagement and reduce potential bias caused by test anxiety [10]. Moreover, GBA
enables personalized feedback tailored to each student's challenges [11], [12]. Therefore,
developing GBA content, especially personalized game-level design, is crucial. However, one
of the main challenges in GBA is how to accommodate the diversity of students' abilities to
provide problems or challenges that match their abilities [13]. Dynamic difficulty adjustment
(DDA) is one approach to addressing these challenges. It has been proven effective in
automatically adjusting the game difficulty based on individual player abilities [14]. In
addition, a difficulty level control and verification mechanism is also needed so that the
generated content remains relevant and aligned with the assessment objectives [11], [15].

Game levels are core elements of game content that determine the challenge level faced by
the player [16], [17]. In the GBA context, automatically generated game levels with adaptive
difficulty levels potentially improve assessment effectiveness by tailoring challenges to the
player's abilities. To support this process, procedural content generation (PCG) comes as an
algorithmic solution to generate varied, consistent, and controllable game content [16], [18],
[19]. PCG has proven to be effective and widely used in entertainment game content
development to generate various types of game content [17], [20], [21].

Although several studies have applied PCG in various contexts, such as game development
based on design [22], [23], player preferences [14], [24], game difficulty estimation [25]—-[27],
to specific genres [28], [29], its application in the educational game domain is still relatively
limited. Several studies have integrated PCG into the academic context to generate math
problems for elementary education, utilizing textual and visual representations in a non-game
context [30] and to create game content that improves English reading skills [31]. However,
some PCG studies in the educational context focus on the development of GBL rather than
GBA. GBL is generally oriented toward supporting the learning process, whereas GBA focuses
more on assessing players’ skills or knowledge based on their interactions with the game [12].
These limitations indicate the need for a new approach to automatically generate game content
and support adaptive and relevant assessment of player abilities in an educational context.

Therefore, this study proposes an adaptive puzzle-level generation method for GBA by
integrating DDA principles and player modeling approaches. The generation process is
procedurally designed to adjust difficulty levels based on player achievements, ensuring that
the resulting content remains valid, personalized, and aligned with assessment objectives. The
method enables the estimation of player performance and the automatic adjustment of difficulty
for subsequent levels, providing challenges that match individual abilities. This approach is
expected to support the development of adaptive, personalized, and innovative GBA systems.
This study aims to address the following research questions:
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1) Question 1: How can assessment standards be transformed into variables that define

the difficulty level of game levels?

2) Question 2: How can the GBA system procedurally generate game levels with difficulty

levels that adapt to player performance?

3) Question 3: How does the GBA system estimate player performance based on their

gameplay performance?

This paper organizes its content as follows: Section 2 reviews research on GBA and the use
of PCG in the context of educational games. Section 3 describes the proposed adaptive game
level generation method, including integrating difficulty level criteria and procedural content
generation based on player performance data to estimate their abilities. Section 4 describes the
experiment and evaluation design, including data collection from player interaction and
performance analysis. Finally, in Section 5, we summarize our findings and suggest future
research directions.

2. Related Work

21 Games-based assessment

GBA is an assessment approach that uses specially designed serious games to measure
abilities (e.g., knowledge, skills) or specific attributes, such as motivation or social skills,
through gameplay activities [7], [12]. GBA creates an interactive and engaging assessment
experience for players by integrating game elements and mechanics. In addition, GBA offers
shorter assessment times and high data quality and quantity. The testing environment created
is also more motivating through features such as real-time feedback, level progress, and clear
goals [32].

Several studies have developed GBA in various educational contexts, such as to assess
student understanding of physics concepts [33], rational numbers [34], fractions [35], and
geometry [7], and then assess cognitive and social functioning in children and adolescents with
autism [36], and measure students' design thinking choices [37]. In the medical field, GBA has
been used to assess the cognitive function of Alzheimer's patients through simulated daily
activities [38] and to assess and train the arm mobility of stroke patients through a
telerehabilitation system [13]. The main objectives of GBA research include evaluations,
behavioral studies in games, assessments, frameworks, and proposals for game design, with
evaluation being the most common category [12].

While research in GBA has continued to expand, several challenges remain, such as
translating assessment models into engaging game design elements, integrating competency
models with suitable game mechanics, and using data analytics techniques to provide
personalized feedback and instant analysis. In addition, one of the main limitations in
developing GBA content is that game designs are not always specially designed for assessment
purposes. Many studies use games initially developed for other purposes (e.g., entertainment)
and ignore the critical link between game design and the collection of evidence required for
assessment [12]. Most studies develop and design GBA content manually and specifically for
a particular purpose. Therefore, an automation approach through techniques such as PCG is a
promising solution to overcome these limitations.

2.2 PCG for educational game

PCG is a popular technique for automatic and dynamic game content generation. In the
context of educational games, PCG not only supports development content efficiency but also
has the potential to improve player motivation, engagement, and experience through constantly
changing challenges [39]. One of the implementations of PCG is MentalMath, which generates
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diverse scenarios and math problems in an adventure game designed to help children practice
math [40]. However, this approach adjusts the difficulty based only on the number of levels
played without directly considering the player's performance.

Several studies have integrated PCG with adaptive mechanisms that consider individual
player's abilities. For example, the educational game Refraction uses a simple heuristic-based
level design automation tool that utilizes PCG to generate levels according to the player's
ability while introducing mathematical concepts [41]. While this approach speeds up the
solution-finding process, the use of simple heuristics risks producing non-optimal or less
aesthetically pleasing solutions. Hoosyar et al. [31] also applied a heuristic-based approach,
which optimized the order of learning content based on designer input and previous player
performance. The approach gives designers significant control in determining the intensity of
the learning objectives and organizing the content to match the player's abilities. Meanwhile,
another study developed a data-driven PCG approach to reduce reliance on designer intuition
in adaptively adjusting game content [42].

Earlier studies integrate adaptive elements to developing GBL. The main objective of their
approach is to produce game content that can be tailored to individual player's abilities to
improve learning effectiveness. Furthermore, while not explicitly mentioning the terms DDA
or player modeling, the approaches used in their studies have adopted the principles of both
concepts. DDA plays a role in dynamically adjusting the game difficulty to match the player's
ability, while player modeling allows the system to understand the player's playing patterns
and characteristics to support such adjustments [14].

While DDA and player modeling-based approaches have great potential in supporting the
development of adaptive GBA, the applicability of these methods in the context of GBA still
needs further research. Table 1 summarizes the different approaches discussed to strengthen
the justification of this study's novelty compared to previous research. This research focuses
on developing a GBA that uses PCG to generate adaptive game levels, dynamically adjust level
difficulty based on player performance data, and integrate DDA and player modeling principles
to support player performance estimation.

Table 1. Research gap

Research Puzzle genre  Mathematical GBA PCG Integrated DDA &
Topic player modeling

Kiili [34] Yes Yes Yes No No

Kiili [35] No Yes Yes No No
Ruiperez-Valiente [7] Yes Yes Yes No No

Rodrigues and Brancher [39] Yes Yes No Yes No

Smith [41] Yes Yes No Yes Yes

Rodrigues [40] No Yes No Yes No

Hooshyar [31] No No No Yes Yes

Hooshyar [42] No No No Yes Yes

Proposed method Yes Yes Yes Yes Yes

3. Methods and Material

This section provides an overview of the steps involved in estimating player performance
through adaptive puzzle-level generation in GBA.
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3.1 Participants and Data Collection

3.1.1  Participants

This study involved all Grade 6 students from one public primary school in Indonesia as
participants. The school selection was random with no specific criteria regarding location or
school characteristics. Participants in this study were typically developing students with no
reported diagnosis of developmental or neurological disorders. The principal, acting in loco
parentis, approved and permitted the research, and ensured that the teacher conducted the
activities during class time under their supervision and without any objection from parents.
Classroom teachers conveyed information about the study to students, and student participation
was entirely voluntary without coercion. Students were free to choose to participate or
withdraw at any time without any consequences. The ethics committee also approved this
study, and students who participated gave verbal consent.

A total of 30 students agreed to participate in the study, with 22 students following the full
protocol and included in the data analysis. The participants consisted of ten male and twelve
female students with an average age of 11.64 years (SD = 0.49). According to the mathematics
teacher, the participants’ mathematics abilities varied, as reflected in their previous midterm
exam scores. The results of the paper-based test in this study, which showed a mean score of
0.42 based on correct answers, support this finding. Although there were variations in ability
among participants, the distribution of scores tended to center around the mean value.

3.1.2  Data Collection

The data collected in this study included demographic information, paper-based test results,
and game logs. We used data from the paper-based test and game logs to analyze performance
and estimate participants' abilities, as well as demographic information to complete the
participant profile and provide an overview of participant characteristics. Table 2 summarizes
the demographic data and participant characteristics.

Table 2. Demographic characteristics and gaming experience of participants.

Characteristics Response Frequency Percentage (%)
Gender Male 10 45,45
Female 12 54,55
Age (in years) 11 8 36,36
12 14 63,64
Educational Level 6th Grade Primary School 22 100
Interest in playing games Dislike 0 0,00
Neutral 6 27,27
Like 16 72,73
Frequency of playing games Never 5 22,73
Sometimes 2 9,09
Frequently 15 68,18
Daily game duration 30 minutes 10 45,45
1 hour 6 27,27
>1 hour 6 27,27
Ever learned using games Yes 21 95,45
No 1 4,55
Device used for playing games Smartphone 19 86,36
Computer/Laptop 2 9,09
Other 1 4,55
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Device ownership Personal 17 77,27
Parents 4 18,18
Sibling/Other 1 4,55

We conducted all data collection and testing activities on a single day during the quiet week
following the end of semester exams. The process was conducted simultaneously in one
classroom during class time under the supervision of the teacher and the research team to ensure
that all participants took the test under consistent environmental conditions, instructions, and
implementation procedures. Figure 1 illustrates the data collection and testing procedure
employed in this study, encompassing all stages from completing the demographic form to
administering the game-based test.

Introduction & Paper-based Break Game Game-based
Demographic Form Test Tutorial Test
= e
/4 g L
| — - e
-
10-15 minutes + 30 minutes t+ 15 minutes t+ 5 minutes + 30 minutes

Figure 1. Data collection and testing procedure of the B-Block game study.

First, participants received a general briefing on the research objectives, the stages of the
procedure, the testing duration, the principles of data confidentiality, and the consent to
participate. After obtaining the information, participants completed a brief demographic form
that included the details summarized in Table 2. We confirmed participants' understanding
before proceeding to the paper-based test phase. The test lasted approximately 30 minutes and
consisted of multiple-choice questions on basic arithmetic operations on integers, aligned with
the content of the B-Block game. The mathematics teacher reviewed and validated the paper-
based test questions to ensure alignment with the curriculum, and confirmed that the
participants had previously learned the four basic arithmetic operations on integers (addition,
subtraction, multiplication, and division). After completing the paper-based test, participants
took a 15-minute break. Next, they attended a five-minute game tutorial session to understand
the game's interface, rules, and mechanics, as well as to gain an overview of its objectives and
potential gameplay experiences. Before starting the game-based test session, we reconfirmed
participants' understanding of the content presented during the tutorial. Participants then played
the B-Block game in test mode for approximately 30 minutes [10]. The system automatically
recorded the game logs during the game.

This study used a within-subjects design, where each participant completed both the paper-
based test and the game-based test in a fixed order, without applying a counterbalanced design,
as in previous studies [10]. Nevertheless, the potential for order effect, such as practice effects
or item repetition, was considered minimal due to the design differences between the two types
of tests. The paper-based test included questions with a fixed number, order, and difficulty
level. In contrast, the game-based test used a procedural approach to generate questions with
difficulty levels based on the player's performance in previous levels. Both tests addressed the
concept of basic arithmetic operations on integers. However, the problems in the game-based
test were adaptive, so their variety and difficulty could differ from those in the paper-based
test. Additionally, a brief break was provided between the two tests to minimize the effects of
fatigue.
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3.2 Description of the B-Block game

The B-Block game was developed to measure the player's performance in solving items
related to the four basic arithmetic operations on integers. It was designed to assess players'
cognitive skills through puzzle-based challenges [43]. Each level in the game represents an
equation item consisting of a target, blocks containing operands and operators, and a number
of lives, as shown in Figure 2. The target is the value that players must achieve by combining
the blocks using the game mechanics. If the result of the final block does not match the target,
players can retry the level by pressing the refresh button. Each time this button is used, the
number of lives for that level decreases by one. If the number of lives reaches zero and the
player has not achieved the target, the player fails the level, and the game automatically
proceeds to the next level. Thus, the number of lives represents the maximum number of
attempts a player has to complete a level.

Each level has a varying number of blocks, with a minimum of three and a maximum of
five. The operands in the B-Block game are positive or negative integers, with values ranging
from 1 to 9. The operators include addition, subtraction, multiplication, and division. The
number of multiplication and division operators varies from none to a maximum of four,
arranged in various combinations and placed explicitly on the edges of the blocks. Meanwhile,
addition and subtraction operators are already integrated in the form of positive or negative
operand values. Figure 2 also shows the gameplay interface of one of the levels, consisting of
four blocks. Each block contains a positive or negative number and an arithmetic operator.
Players operate the numbers by selecting one block first, then selecting a second block to
combine them as an operation pair. The result of this operation forms a new block that replaces
the two previous blocks. Players repeat this process until all blocks are used up and only one
block remains. If the value on the final block matches the displayed target, the level is
considered successfully completed.

( Pause button j@

C Refresh button p

Target )

‘ / i %M//l/m

n._’ 2 4

Blocks containing
operands and
operators

Figure 2. An example of game level and their parts in the B-Block game.

3.3 Proposed method

The proposed method in this study estimates player performance through adaptive puzzle
game level generation that is procedurally designed and automatically adjusts the difficulty
level based on player achievement. This method includes assessment and game elements
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analysis, involving game designers and learning instructors to define the difficulty criteria for
items and game levels used in the adaptation process. In the level generation process, the
difficulty level is determined adaptively based on player performance prediction, as illustrated
in Figure 3.

Assessment and game | i Level Generator b Player Modeling
elements analysis |

Update Player Performance

' Lo (0) Game logs
A ! - L | 1| Generate difficulty level criteria
wﬂ" Item d\ff\lcuv\t'y criteria | | [ (NO,NB,SB, RB)
i definition
Ex?:rts 3 l Does the ;
1 l ) difficulty 3
i Generate target and solution el e Deliver the _:» ~ N
Difficulty level criteria l the player's game level S
definition pen‘or?mance : Player
Calculate difficulty level (L ) E _ (Student)

Figure 3. The proposed method.

3.3.1 Assessment and game elements analysis

As described in Section 3.2, the B-Block game consists of several main elements, including
targets, blocks containing numbers and operators, and a number of lives mechanism. In the
context of GBA, we analyzed these elements in terms of their technical design and their
cognitive role in shaping challenges, providing feedback, and supporting adaptive difficulty
based on player performance. The analysis ensured that the generated puzzle levels remained
relevant to the assessment objectives, enabled valid estimation of player abilities, and provided
an engaging game experience. The assessment element analysis identified the item types,
difficulty level criteria, possible solutions, and the competencies tested. The game element
analysis, on the other hand, covered the target player, game mechanics, level design, and
feedback. Together, these processes formed the foundation for adaptive puzzle-level
generation, ensuring that game difficulty could be adjusted to the player's performance while
applying scaffolding principles in GBA design. In this study, we explicitly distinguished
between two dimensions, the cognitive elements of arithmetic items (e.g., number of operands
and operator, operator types, operand ranges, and target values) and the technical elements of
game interaction (e.g., number and arrangement of blocks, available moves, number of lives,
and and interaction rules). We incorporated both dimensions into the adaptive generation
process to ensure that level design accurately reflected player performance.

Item difficulty was adjusted dynamically according to the combination of operators and
operands, allowing challenges to increase when players succeeded and decrease when they
failed, to keep them within an optimal development zone. This adjustment reflects the
scaffolding principle, which provides appropriate support to keep players within their
developmental range [44]. The approach is grounded in constructivism, emphasizing active
knowledge construction [45], and Vygotsky’s zone of proximal development (ZPD), which
highlights the role of tailored support [46]. In this context, the adaptive system in the game
provided challenges and assistance that kept players within this developmental range for
assessment purposes.

Based on the description of the B-Block game, the item type used in the game is an equation
item. The item difficulty level criteria depend on the item type. For example, the text-based
math items have different criteria than equation items in determining the difficulty level [30].
In equation items, the more operator combinations in the item, the higher the complexity. The
operator type also affects the item complexity level. Items with addition and subtraction
operators tend to have lower complexity than multiplication and division operators [47], [48].
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Figure 4 shows the effect of operator combination complexity on item difficulty level. In
addition, the more numbers operated, the more the complexity increases. In this study, we
defined the item difficulty level criteria as follows:

a. The combination and number of operators,

b. The combination and number of operands (positive and negative numbers),

¢. The number of numerical values operated on, and

d. The range of numerical values in the item.

We used the item difficulty level criteria as a foundation to define and determine the
difficulty level and its weight (importance) for the game level. We also defined the difficulty
level criteria for the game level as follows:

a. The number of blocks generated in each game level (NB),

b. The number of blocks that contain multiplication or division operators (NO),
c. The total number of all operand values (SB), and

d. The range of maximum and minimum operand values (RB).

High
@ + - X
>
g
> + 3
E=]
32 + - X
&=
(] + -
Low

Operator Combination Complexity

Figure 4. A combination of operators in an item affects the difficulty level.

These difficulty level criteria can vary depending on the game genre and the item types used
[25], [27]. In this study, experts determined that NO and NB were the most important criteria,
followed by SB and RB. These four criteria served as the basis for determining the difficulty
level of automatically generated game levels.

Game element analysis encompasses key aspects, including target players, game mechanics,
level design, and feedback. The target players in this study are students who have learned basic
arithmetic operations involving integers, as outlined in the applicable curriculum. The game
mechanics are intuitive and easy to understand, enabling players to interact by selecting,
rotating, or sliding blocks, using the refresh button, and applying the number of lives to
complete a level. We created the level design procedurally and adaptively, rather than building
it manually as in conventional level design, taking into account the problem form, difficulty
parameters, and feedback on player performance. Each level was constructed from a
combination of blocks containing operands and operators, with the structure determined by the
level’s difficulty criteria (NB, NO,SB, RB) and adjusted according to the player's performance
in the previous level.

Visual feedback is applied to help players recognize their achievements in each level. When
a player successfully completes a level, the last block is displayed in green and accompanied
by a confetti effect animation as a visual appreciation for their success. Conversely, if the
player fails to reach the target, the system displays the last block in a different color, and the
confetti effect animation does not appear (Figure 5). This design reinforces the player's
perception of success and failure through direct visual cues. This feedback design not only
helped players understand their performance in achieving the objective [34] but also provided
immediate feedback based on game activities, enabling the identification of difficulty areas and
supporting the creation of an adaptive game environment [12].
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Figure 5. Immediate feedback if the player fails to achieve the target (left and center images) and
achieves the target (right image) at a game level.

3.3.2 Level generator

The level generator automatically generates puzzle levels of varying difficulty based on
predefined difficulty criteria. This process aims to ensure that the generated levels adapt to the
player's performance, thus creating a play experience that suits their abilities. Puzzle game-
level generation process through the following three main stages:

a. Generate difficulty level criteria

At this stage, the system calculates the value of each variable that represents the difficulty
level criteria (NB, NO, SB, and RB). The NB value is the proportion of variations of operand
and operator combinations in blocks compared to the number of possible combinations at a
level with the maximum number of blocks. Equation (1) calculates NB with the parameter
r, which indicates the number of operand and operator combinations in blocks. Ly and Mg
are the number of blocks and the maximum number of blocks in the game level. The fewer
the number of blocks, the more the NB value tends to be close to 0; the more the number of
blocks, the value tends to be close to 1. NB indicates the structure diversity level based on
the number of blocks.

C(LBJ T)
o — (M
C(MBJ T)
NO represents the ratio between the number of blocks containing multiplication or division
operators (Op) and the number of blocks (Lg) in the game level calculated using equation

(2). The NO value is close to 1 if almost all blocks contain multiplication or division
operators and zero if there are none.

NB

NO =2 )

In the next step, calculate the SB value using equation (3) as the ratio between the total
absolute value of all operands in all blocks to the maximum value of operands used in the
game (Where O; is an operand in the ith block in the game level). The maximum value of
this operand is obtained by calculating the product of the largest operand in the game
(maxye) and the maximum number of blocks (Mp) in the game level. The larger the SB
value (closer to 1), the higher the numerical complexity of the resulting level. Thus, the SB
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value reflects the number of blocks in the level and the magnitude of the operand value in
each block.

Lp
g~ Zinl0d -
maxoc Mp
The RB value represents the extent of the range between the absolute largest (|max,,|) and
smallest (|ming;|) value operands in the level, compared to the value of the largest operand
in the game (maxpg). A high RB value (close to 1) indicates that the range between the
largest and smallest operands in the level is relatively small, and a low RB value (close to

0) indicates that the range is getting larger. The RB value is calculated using equation (4).

max, — |min,
RB=1—<| 0L| | 0L|> (4)
maxopc

b. Generate target and solution

Each level of the game should have a target and correct and incorrect solutions. Each
solution is designed to achieve that target through a specific sequence of steps, which
depends on the number of blocks and operators available at the level. So, each level can
have a different solution with different steps in a different order. Algorithm 1 generates a
target for each level with a combination of operands and operators based on a specific
maximum limit. Then, the various possible solution steps are explored using a tree structure
approach to explore the various paths to the target. Figure 6 illustrates this approach: a green
leaf represents a correct solution, while a red leaf represents an incorrect solution. The more
blocks and operators at a level, the more complex and deep the tree structure becomes as
the combination of solutions increases.

/ ff_"'\\ -\1|
21
\
-9 +5
h
| ®+6 | |
\T";
@ [ @ ) O @) ) C o)
pY _j S Ay Sy
g
9 +30 l 54 4E @_3 +5 L 5 +11
N VAN y o . S
(/-" ~ st PN Q [/"'\ /21
+21) (4211 [ +211) +21) +21) L+
A R \_/ ‘_)
) e
+21 -49 +2 15 +2 -15

Figure 6. lllustrates solving a puzzle using a tree approach (Green squares are correct targets, and red
squares are incorrect targets).

Algorithm 1. Target Generator

Algorithm 1 Target Generator
Input: Set number of block (N), TargetNode (T), maximum combination (M)
Output: Combination of tree from root to target
Initialization: root node (r) of tree with N data, empty queue (Q), empty set of TargetNode (E)
1: While @ is not empty:
2: Let ¢ be the first element on Q
3: If | c.data| > M
4: Let P be the set of all possible combinations of c.data with at most M elements
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5: End If

6: For each combination of p € P:

7: Create a new child node v with data of p
8: add v as child node from ¢

9: add v to Q

10: If p=T Then

11: addvto E

12: End If

13: Return E

c. Calculate difficulty level

We design the difficulty level (Lp) of a game level by considering several predefined
difficulty level criteria and their respective weights (w). The Ly value is calculated using
equation (5), which is the sum of the multiplication results between the value of each
criterion and its weight, then dividing it by the total weight of all criteria. Each game level
has an L value from 0 to 1. The higher the Lp value (close to 1), which reflects the more
complex and challenging the level is for the player. On the other hand, an Lj value close to
0 indicates a simpler item. This approach allows for a systematic measurement of difficulty,
reflecting the complexity of the items within each game level.

_ WygNB +wyoNO + wspSB + wrpRB

Wyp + Wyo + Wsp + Wpp

Lp (5)

3.3.3  Player modeling

The player modeling approach is used to analyze player performance and determine the Lj
value of the next level to support adaptive level design. This research applies a model-free
approach in DDA, which models player behavior directly based on game data without
depending on prior theory or predictive models [14], [49]. Game data, such as the player's
performance log, is used to adjust the Lpvalue of the next level adaptively. The system utilizes
the player's success and failure patterns to estimate the appropriate difficulty level. In this
context, player modeling dynamically identifies player performance (6) parameters during the
game.

The player's ability to complete the game level is represented by 6, which reflects the
player's success or failure in achieving the target. This 8 value is used as a reference to
determine the L value in the subsequent level. At the beginning of the game, the 0 value is
consistently initialized based on the student's grade level [3]. In this context, mechanisms such
as the refresh button and the reduction in the number of lives previously described in section
3.2 are used as player performance indicators. Whether success or failure, each outcome
contributes to estimating the 8 value, subsequently influencing the difficulty adjustment in the
next level. The number of lives is integrated into the adaptive model as one of the factors
adjusted based on the L value.

Lp value is adjusted based on player performance using equation (6). If the player completes
the game level successfully, the L, value increases by adding the variable a to the previous
value. Conversely, if the player fails, the variable a value does not change, but the L value is
reduced by a, or by b if the failure at the beginning of the game. The variable b is a more
significant reduction factor when failure occurs in the initial game levels. This more significant
decrease in the Lp value at this early stage aims to avoid increasing the difficulty too quickly
while providing space for the player to adapt to the game mechanics and demonstrate gradual
performance improvement in subsequent levels.

success, Lp +a

. Lp — b, Initial level (6)
failure
Lp—a
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The variable a serves as an adjustment factor that controls change in the 8 value and reflects
the player's capacity to complete the game levels. The a value is calculated using equation (7)
by multiplying the scaling constant K with the ratio between the number of remaining retries
(R;) and the number of total retries (Ry). This ratio indicates the proportion of attempts still
available to the player and contributes to the 8 value adjustment. The constant K serves as a
scaling factor to adjust the a value. In this context, Ry represents a player's maximum chances
to retry a level using the refresh button, while R; refers to the number of remaining chances.
This approach is similar to the number of lives in games, where the available chances decrease
each time the player retries a level. The game automatically proceeds to the next level if all
chances are used up. This design ensures that difficulty adjustments remain controlled and that
0 values reflect player performance, supporting the generation of levels that adapt to individual
abilities.

a=K (%) (7)

3.4 Statistical Analysis

In this study, we conducted statistical analysis to evaluate the validity and effectiveness of
the proposed GBA, as well as to examine whether the adaptive puzzle level generation method
could accurately estimate player performance. A paper-based test was used as a reference
standard to evaluate the validity of the game-based test. This test was not used as a pre- or post-
test or for a control group, but rather served as the primary benchmark in comparative and
correlational analyses. This study treated the paper-based test scores as a representation of
students’ basic arithmetic operation abilities on integers. We used these scores to ensure that
the game-based test measured the same competencies as conventional assessments.

We used descriptive statistics (mean and standard deviation) to summarize the distribution
of player performance (6) scores and level difficulty (L) values, providing an overview of the
variation in player performance and the variation of levels generated by the level generator.
We calculated the Root Mean Square Error (RMSE) to measure the difference between the
level difficulty (Lp) values generated by the system and player performance (8) values. This
value represents the accuracy of the adaptive level generator in matching game difficulty to
each player’s performance. Furthermore, this study performed a Pearson correlation analysis
to evaluate the alignment between paper-based test scores and performance estimates from the
game. The results of this analysis are presented in Section 4 to demonstrate the performance of
the level generator and the system’s capability to estimate player performance.

4. Results and Discussion

This study conducted a detailed analysis to evaluate the effectiveness of the proposed
adaptive puzzle-level generation approach in estimating player performance and supporting
adaptive GBA. In this analysis, we examined the level generator’s ability to produce diverse
game levels that satisfied predefined difficulty level criteria and to adjust level difficulty based
on player performance. We applied statistical methods to assess the accuracy with which the
generator estimated player performance.

This study collected game data and paper-based test results to support a comprehensive
evaluation. The game data consisted of 1,379 levels, including player ID, player performance
(0), level ID, game mode, difficulty level criteria (NO, NB, SB, RB), difficulty level (Lp), items
presented, solutions, number of trials, success/failure status, and playing time. The paper-based
test results contained students’ answers, the number of correct and incorrect responses, and
final scores. This study analyzed all data to evaluate the proposed PCG algorithm’s
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performance in generating varied game levels that met predefined difficulty criteria and
supported estimating player performance.

41 Level Generator Performance Analysis

The level generator's ability to produce game levels with varied difficulty, aligned with
predefined criteria, requires detailed analysis. Figure 7 (Images 1-10) illustrates ten generated
game levels, ranging from the simplest to the most complex. The simplest level (Figure 7,
Image 1) consists of three blocks containing integers with addition and subtraction operators.
Meanwhile, the most complex levels (Figure 7, Images 8—10) comprise five blocks that contain
combinations of integers and operators, including addition, subtraction, multiplication, and
division.
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Figure 7. The level generation result: Image 1 shows a game level featuring three blocks that contain
integers with addition and subtraction operators. Images 2-3 show game levels with three blocks
containing integers with either multiplication or division operators in addition to basic operations. Images
4-10 show game levels with more than three blocks containing integers with combinations of addition,
subtraction, multiplication, and division operators.

The generator calculates game level complexity using the Lp value based on the difficulty
criteria and the weighted importance of each criterion. Figure 8 shows that every criterion
contributes significantly to the Lp value for each game level in Figure 7. For example, the Lp
value at level 5 is lower than that at level 6 despite a higher NB score at level 5, because its
NO score equals zero. Similarly, the Ly value at level 4 is slightly lower than that at level 5
due to a lower NB score, even though level 4 has a non-zero NO score. These results confirm
that the level generator operates as designed, consistently accounting for the weighted
contribution of each criterion.

Overall, the level generator successfully produced levels with varied difficulty, determined
by the number of blocks, combinations of operands and operators, target values, and operand
ranges as specified by the parameters. This finding aligns with previous studies [39]-[41] that
automatically generated puzzle levels based on design constraints. However, those studies
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[39]-[41] defined difficulty solely in terms of game technical structures, overlooking
pedagogical indicators that reflect the conceptual complexity of educational content.

Difficulty level Ly with Difficulty Level Criteria
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Figure 8. Relationship between Lp and difficulty level criteria (NO, NB, SB, RB) for each game level.

In contrast, the present study defines difficulty through a combination of technical puzzle
parameters and mathematical concepts, ensuring that each level varies both structurally and
pedagogically in line with the educational content it measures. This approach is comparable to
the work of Hooshyar et al. [31], [42], who evaluated generator performance by its ability to
produce educational content variations tailored to players' skills based on cognitive difficulty
(e.g., complexity of alphabet and phoneme combinations). Extending this concept, our study
controls both the complexity of arithmetic problems (content) and puzzle mechanics, producing
a wider range of levels that demand cognitive effort and problem-solving strategies. Unlike
Hooshyar et al. [31], [42], however, the present approach does not yet incorporate initial ability
estimation or players' historical data. As a result, the first level has predetermined difficulty.
The system then adaptively determines the difficulty of subsequent levels based on players'
performance in the preceding level, within the bounds of the predefined parameter
combinations. This design highlights the potential of integrating cognitive and structural
complexity to achieve more meaningful GBAs.

4.2 Game Level Difficulty Adjustment Analysis

The adjustment of game level difficulty needs to be analyzed to evaluate how the level
generator adjusts L values in response to player performance. This analysis also highlights
the consistency and effectiveness of these adjustments. We use the difficulty curve to visualize
the pattern of changes in L values at each game level played by multiple players. Figure 9
presents the curves of three players (P9, P12, and P25), selected to represent variations in
performance. The visualization shows that difficulty increased after a successful level and
decreased after a failure, confirming that the algorithm dynamically adjusted difficulty.

This pattern, where success leads to an increase in L, and failure results in a decrease, is
further reflected in the average values observed for each player. The average Lp values for
completed levels were 0.30 for P9, 0.29 for P12, and 0.32 for P25. These values align with the
players' paper-based test results (0.34, 0.28, and 0.48, respectively), indicating that players
with higher performance encountered higher Lp levels. These results demonstrate that the

International Journal of Serious Games | Volume 12, Issue 4, December 2025 231



algorithm consistently adapted level difficulty in line with player performance, an approach
not implemented in previous studies [39], [40].

The players' difficulty curve
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Figure 9. Difficulty curves for three players across 30 initial game levels, illustrating the level generator's
ability to adjust subsequent levels based on player performance.

Although this study did not include initial ability estimation for the first level, the level
generator was still able to adapt difficulty consistently across diverse player performances.
This adaptive capability aligns with a previous study [41], which adjusted difficulty according
to player progress. However, that study focused only on technical structures (e.g., components,
flow patterns, grid layouts), without considering the conceptual complexity of educational
content, as in this study.

In this study, adaptation occurred after players completed each level, differing from
Hooshyar et al. [31], [42], who applied adjustments across gameplay phases. Furthermore, their
difficulty regulation varied only in educational content (e.g., alphabet—phoneme combinations,
number of hints) without altering puzzle mechanics. By contrast, our study integrated
variations in both arithmetic content and technical puzzle parameters (number of blocks,
operand—operator combinations, target values, number of lives), so that difficulty reflected both
structural and pedagogical complexity. Nevertheless, the approaches of Hooshyar et al. [31],
[42] remain relevant for future GBA development, particularly for integrating initial ability
estimation at the first level.

4.3 Player Performance Estimation Analysis

We analyzed the capability of the level generator to estimate player performance using
statistical methods to evaluate the accuracy and consistency of the adaptive puzzle level
generation approach in GBA. The analysis included identifying distribution patterns of player
performance values (8) and generated difficulty level (Lp), testing their proximity, and
evaluating their relationship with paper-based test results as an external validity. As shown in
Figure 10, the frequency distributions of 8 and Lp indicate that the algorithm consistently
adjusted level difficulty to match player ability, particularly within the ranges of 0.30—0.39 and
0.40-0.49. This pattern demonstrates that the proposed method can accommodate players with
diverse abilities by making adaptive and consistent difficulty adjustments based on their
performance.

Descriptive statistics in Table 3 show variation in 8 values (M = 0.394, SD = 0.102),
reflecting differences in player ability, while variation in Lp values (M = 0.404, SD = 0.105)
indicates that the generated difficulty levels also varied in line with player ability. The close
approximation between Lp and 6 confirms that the proposed PCG algorithm effectively
adjusted the level difficulty. This finding is supported by the slight absolute difference (M =
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0.012, SD = 0.028) and an RMSE of 0.031, indicating that difficulty adjustments were both
accurate and consistent.

Distribution of Player Performance (6) and Generated Level Difficulty (Lp)
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Figure 10. Distribution of player performance (6) scores and generated level difficulty (L) scores across
specified intervals.

Table 3. Descriptive statistics based on the 6, L, and the absolute difference between 6 and L.

Variable Mean Standard Deviation (SD)
Player Performance () 0.394 0.102
Difficulty Level (Lp) 0.404 0.105
Absolute Difference 0.012 0.028

For external validity, we conducted a correlation analysis between paper-based test scores
(number of correct answers) and the average (Lp). values of levels successfully completed by
players. The analysis revealed a significant positive correlation (r = .73, p <.001), indicating
that higher paper-based test scores were associated with higher average Ly values. We also
examined distribution patterns to assess the effectiveness of the adaptive approach further. As
shown in Figure 11, the proposed PCG algorithm successfully estimates player performance
by generating levels with difficulty proportional to the player's ability. However, the
distributions tended to cluster around specific intervals compared to those from the paper-based
test. These findings confirm the effectiveness of the adaptive approach, but also highlight the
need to represent ability diversity more effectively. The need for further improvement
emphasizes the crucial role of player modeling in accurately linking player ability to level
difficulty.

Player modeling plays a key role in estimating performance to determine the difficulty of
subsequent levels based on success or failure in earlier ones. A similar approach was employed
in a previous study [7] to estimate student competence based on their game interaction histories
and predict performance on future tasks. However, that study [7] referred to the method as
learner modeling and did not integrate it directly into gameplay. Instead, it applied the method
after the game ended to estimate academic competence. Future research should explore more
precise rules and formulas to enhance the effectiveness of player modeling in difficulty
adaptation.
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Figure 11. Distribution of average successfully completed difficulty levels and paper-based test scores
across specified intervals.

Several PCG studies in educational games [31], [39]-[42] did not conduct external validity
to verify whether estimated performance reflected actual ability. Their focus was primarily on
developing GBL to measure changes in student ability after gameplay or on evaluating the
technical aspects of level generators and gameplay experience using in-game performance
metrics. In contrast, this study compared external validity results with mathematics-focused
GBA research. Some GBA studies conducted external validity by comparing GBA scores with
paper-based test scores [10], [34] or mathematics achievement [35]. Findings from those
studies [10], [34], [35] reported significant positive correlations between GBA scores and their
comparison instruments, consistent with this study. The main difference is that previous studies
developed the game manually, whereas this research utilizes PCG integrated with DDA and
player modeling. These results demonstrate that automating level generation still preserves the
ability of GBA to estimate player performance. Table 4 summarizes the comparison with
related studies, and the findings represent an initial step toward a more comprehensive adaptive
GBA model based on real data and performance prediction.

Table 4. Correlations between the paper-based test and GBA based on a previous study.

Integrated Comparison
Research GBA PCG DDA & player . P Correlation (r, p-value)
. instrument
modeling
Kiili [10] Yes No No Paper-based test  0.73 (<.001)
Kiili [34] Yes No No Paper-based test  0.79 (<.001)
e Fraction comparison
Ninaus [35] Yes No No Geqeral math perfo'rmancg: 0.?7 (p <.001)
achievement o Fraction estimation accuracy:
0.71 (p < .001)
Proposed method Yes Yes Yes Paper-based 0.73 (<.001)

test
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5. Conclusions

This study aimed to estimate player performance through adaptive puzzle-based level
generation in GBA. The proposed method transformed assessment standards into level
difficulty variables, procedurally generated levels that reflected player performance, and
reliably estimated ability by aligning difficulty with both cognitive (arithmetic items) and
technical (puzzle parameters) elements. Statistical analyses confirmed the effectiveness of this
method, as evidenced by strong positive correlations between paper-based test scores and the
average difficulty of successfully completed levels. A low RMSE and small absolute
differences between difficulty level (Lp) and player performance (6) further demonstrated the
accuracy and consistency of difficulty adaptation.

The findings highlight broader implications for educational game design and player
experience. For educational game developers, the study offers practical recommendations for
calibrating technical puzzle parameters and cognitive difficulty, ensuring that adaptive levels
remain pedagogically meaningful. From the player's perspective, adaptive difficulty ensures
that challenges remain engaging and aligned with their abilities, thereby supporting a more
balanced and meaningful gameplay experience. In the educational context, adaptive GBA can
provide automatic estimates of student ability that complement conventional assessments. In
addition, adaptive GBA expands opportunities for self-directed learning, as students can
engage with practice exercises without waiting for teachers to provide them. While this study
focused on arithmetic, the same principles can be extended to other domains, such as language
or science, by determining difficulty level criteria and aligning with the cognitive
characteristics of each subject.

However, several limitations remain. The distribution of generated difficulty levels requires
further optimization to capture a broader range of player abilities, and the small sample size
limits the generalizability of the results. Moreover, this study did not incorporate teachers'
perspectives on integrating GBA into classroom practice. Future research should explore the
incorporation of initial ability estimation or historical player data, investigate more
sophisticated player modeling algorithms, and involve larger and more diverse participant
groups to strengthen external validity. With these extensions, the proposed PCG-based adaptive
GBA method can become more effective, personalized, and relevant for future innovative
GBA:s.
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