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Abstract

Vocabulary learning in primary English classes is often constrained by heterogeneous learner
readiness, where fixed game progression can under-serve both struggling and advanced students. This
study aims to implement and technically validate a reproducible real-time adaptivity mechanism using
Bayesian Knowledge Tracing (BKT) in a Unity-based Android vocabulary game. The research adopts a
design-and-verification approach using the Game Development Life Cycle (GDLC), supported by
requirements elicitation (classroom observation, teacher interview, and literature review). The adaptive
engine applies BKT to update mastery after each quiz response and routes learners using a mastery-
threshold policy, while event-level logs are stored locally and exportable for auditability. The main results
demonstrate that adaptive mode activation, mastery updates, persistence of adaptive state, and mastery-
gated progression function consistently in end-to-end black-box tests. Algorithm-level credibility is
strengthened through white-box basis-path verification of the UpdateProbability() routine, ensuring
independent execution paths for correct and incorrect responses are covered. This work contributes a
deployable Unity/Android architecture for real-time BKT-driven adaptivity, accompanied by verification
artifacts and reproducibility recommendations to support technical audit, replication, and subsequent
controlled effectiveness studies.
Keywords— Bayesian Knowledge Tracing (BKT), Adaptive learning, Educational game, GDLC, Software
verification.
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1. INTRODUCTION

Vocabulary knowledge is a fundamental
constraint in early English learning; limited
lexical coverage quickly becomes a bottleneck
for comprehension and classroom participation
[1]. Digital game-based language learning has
expanded because games can increase
engagement and provide repeated exposure, and
meta-analytic evidence indicates that game-
based approaches can yield measurable learning
benefits when aligned with instructional goals
[1], [2]. However, primary classrooms are
heterogeneous: learners vary in prior vocabulary,
acquisition pace, and error patterns. Under these
conditions, one-size-fits-all game progression
may under-serve both struggling learners and
those who advance faster.

A key research and development gap lies in how
adaptivity is engineered and reported. While
learner modeling is central to personalized
learning [3], many educational games either (i)
remain non-adaptive or (ii) describe adaptivity at
a high level without a reproducible specification
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thresholds, and verification artifacts. Even when
Bayesian Knowledge Tracing (BKT) is adopted,
implementation details that determine validity—
such as initialization, slip/guess settings, and
update logic are often under-documented,
limiting replication and technical auditability in
real-time game environments [4], [5].
This paper positions itself as an engineering-
focused contribution. We specify and implement
a real-time BKT loop inside a Unity-based
Android vocabulary game and provide
verification evidence that runtime behavior
matches the stated model. By consolidating
algorithmic specification, parameter
configuration, and testable decision policies, the
work supports reproducible deployment and
provides a foundation for future comparative
studies.
Main contributions
1. A reproducible Unity/Android architecture
for real-time BKT-driven adaptivity.
2. A single-source-of-truth BKT specification
(parameters, initialization, update
equations, mastery rule).
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3. Verification artifacts (functional tests and
logic/path-level checks) supporting
auditability and replication.

4. An implementation blueprint extensible to
controlled effectiveness studies and
learning analytics.

2. RESEARCH METHOD

2.1. Research Design

This study employs a design-and-verification
approach to develop and technically validate an
Android educational game artifact. The primary
outcome is a reproducible real-time adaptivity
pipeline from learner response capture to
Bayesian Knowledge Tracing (BKT) updates
and adaptive content routing rather than a causal
effectiveness claim. The development process
follows the Game Development Life Cycle
(GDLC) model [6], [7], [8].

2.2. Elicitation and
Preparation

Learning-Content

Requirements were elicited via:

Production Cycle

-
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/
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1. Classroom observation to identify
common Grade III learner difficulties in
basic English vocabulary and interaction
patterns relevant to gameplay (e.g., response
behavior, attention span).

2.  Semi-structured teacher interview to
validate instructional needs, determine
target vocabulary scope, and agree on
feasible practice formats.

3. Literature review to ground the adaptivity
mechanism in established learner modeling
and to ensure methodological consistency
[31, [5], [9], [10].

A vocabulary item bank was prepared and

organized into thematic sets and difficulty tiers.

Each item is assigned: (a) skill/topic label, (b)

difficulty tier, and (c) correct answer key.

Teacher input is used to validate age

appropriateness and content coverage.

2.3. System Development Using GDLC

The system is developed using GDLC phases:
initiation, pre-production, production,
testing, and release [6], [7], [8].

Beta I Release

Heta Verson Gold Master /Redease Version
Refinement

Figure 1. Game Development Life Cycle Guidelines[6]

1. Initiation: define functional requirements
(login/session, practice loop,
scoring/feedback, logging) and constraints
(Android performance, offline capability).

2.  Pre-production: produce Game Design
Document (GDD), Ul/scene flow, and the
adaptivity policy (threshold and
progression rules).

3. Production: implement the game in Unity
(C#), integrate assets, implement item-bank

Terakreditasi SINTA 5

manager, logging module, and BKT
service/component.

4. Testing: execute functional verification
and structural verification (Section 2.6).

5. Release: package Android build for limited
acceptance use focused on runtime stability
and deployment feasibility.

2.4. System Architecture Overview
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Figure 2. High-Level System Architecture of the BKT-Based Adaptive Game System
Figure 2 summarizes the runtime adaptivity Table 1. BKT Parameters
pipeline. The Unity game loop triggers quiz Parameter ~Meaning Impact  on
events: learner responses are processed by the oL 0 — —— lu)pfates
. . I T 111 Trmin
BKT engine to update mastery; the routing (R arly probavility | Determine
. . of mastering a start mastery
controller applies the threshold policy to select skill
repetljclon or progression; and event logs plus (T) Probability of  Control
adaptlye state are storesi llolcally and exported for learning after one = mastery
reporting and reproducibility. chance ascension
) Slip (wrong Lowering
2.5. Bayesian Knowledge Tracing (BKT) despite mastery)  posterior when
wrong
The adaptive engine implements standard BKT (G) Guess (true even Posterior

to estimate learner mastery probabilistically per
skill/topic [3], [5], [9], [10]. For each learner—
skill pair, BKT uses four parameters: initial
mastery P(L,y), transition/learning P(T), slip
P(S), and guess P(G).

Let p;_; = P(L¢_4)be prior mastery and X; €
{0,1}be the observed response (l=correct,
O=incorrect). Posterior mastery is computed by
Bayes’ rule:

If X; = 1(correct):

P(Loy | X, = 1) = pe-1(1 =)

Pe-1(1—=8)+ (1 —p,-1)G

If X; = O(incorrect):

_1S
P(Le_y | X, = 0) Pet

B Pe-1S+ (1 —pe-)(1 = G)

Then learning transition is applied:
Pe=PLe1 1 X))+ (A =P(Le—1 1 X)) - T
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if you haven't
mastered it)

holding when
correct

2.6. Real-Time  Adaptation and

Parameter Governance

Policy

Parameter governance (anti inkonsistensi
naskah—kode): all BKT parameters and mastery
threshold Bare stored in a single configuration
source (table/file) loaded at runtime (not hard-
coded). Configuration changes are versioned,
allowing the paper to reference one definitive set.
Adaptation rule: the game applies a threshold
policy: when p; = 6, the learner is routed to a
higher difficulty tier or next content segment;
otherwise, additional practice is delivered within
the current tier. To prevent oscillation, an
optional window rule can be applied (e.g.,
threshold must be met for a minimum number of
recent items).

If calibration is required, pilot interaction traces
can be used to estimate parameters using
transparent tooling such as pyBKT while
retaining clear reporting of the final parameter
set[11].
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2.7. Data Logging and Verification Strategy

Event-level logging is implemented for
auditability and replication. Each interaction
stores pseudonymous learner/session ID, item
ID, skill/topic ID, timestamp, correctness,
current mastery p;, and routing decision.

Table 2. Log Schema for Reproducibility
Field Description

learner_id Anonymous identity of
(pseudonymous) players

session_id Play session identity
item_id Question/item ID

skill_id/topic_id
difficulty_tier

Tracked skill labels
The difficulty level when
the item is awarded

timestamp Interaction time

response (0/1) False/true

prior_mastery Mastery before update

(p_{t-1})

posterior_mastery Bayes results before
transition

updated_mastery = Mastery after transition

(P_t)
routing_decision Up/fixed/next segment

2.8. Verification and Validation

Verification and validation prioritize evidence

for the paper’s architecture + verification claim:

(a) Black-box functional verification: test
cases validate end-to-end flows (scene
transitions, item  rendering, answer
submission,  logging, = BKT  update
invocation, threshold checking, routing).

(b) White-box basis-path verification: the
function UpdateProbability() and routing
controller are tested using basis-path
coverage guided by cyclomatic complexity
to ensure each independent decision path is
executed [12].

3. RESEARCH RESULT

3.1. Game Flow and Storyboard (Functional
Scenes)

The developed artifact implements a structured
learning loop consisting of content exposure —
adaptive assessment —  mastery-gated
progression. The loop begins from the main
menu, continues to vocabulary material access,
activates adaptivity via a pretest, and then
executes repeated quiz-driven updates during
staged gameplay. Table 3 summarizes the
storyboard at the level required for an
engineering paper focusing on scene purpose and
outputs that are relevant to adaptivity and
verification.
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Table 3. Storyboard and adaptivity-relevant

outputs
Scene Core Output relevant
function to adaptivity /

verification
Main Menu Start and Entry to learning
navigation pipeline;
controlled access

to gameplay

modules
Material Vocabulary =~ Content gate prior
exposure to adaptive

activation; ensures
exposure before
assessment
Pretest Initialize Establish  initial
learner state = mastery/level;
triggers adaptive
mode and stores

state
Gameplay Engagement = Context for
(Adventure loop assessment
stage) triggers; stage
completion
depends on
routing decision
Quiz Assessment = Per-item BKT
+ mastery update; produces
update updated mastery

used for routing
Achievement Feedback Displays
progression
outcome
consistent  with
routing logic

Table 4. Storyboard Game Design

Scene Visual Action
2= | Play, Start Game
P - Setting,
[RE@L0 PLAY GAME Info

[ Materi Vocabulary | Can't be

Numbersand ||| | material sk_lpped
without
interaction

60D ] Z=0 ()| Moving Avoiding
el characters enemies &

& items

— . Initial level | Defining
initial
capabilities
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Figure 5. Game Login Menu View

MATERIALS
3.2. User Interface Implementation

User interfaces are implemented for two roles:
student-facing gameplay and teacher-facing
monitoring. For students, the implemented
scenes include the main menu, system
information, login, vocabulary material,
platformer gameplay, quiz interaction, and
achievement summary (Figures 3-9). For
teachers, the system provides restricted access to
monitoring and reporting functions, enabling
result viewing and report export to support
classroom deployment and traceability (Figure
9).
e Figure 3-9 present the student-facing
workflow (menu — material — gameplay
— quiz — achievement).
e Figure 10 shows the teacher dashboard
interface for monitoring/reporting.

OO | ( PLAYGAME

? 29a

e ¥
<_:> ACHIEVEMENTS INFORMATION EXIT GAME

(R XX
Figure 3. Main Menu View

0.0
g
ABOUT US

Forgot Passture English
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You've completed all missions!

Q Total Score: 340 ﬁ"

| AL |
W
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Figure 9. Achivement Menu View

Figure 4. System Information Display
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Figure 10. Teacher Dashboard Interface

3.3. Real-Time BKT Adaptivity Implementation

Real-time adaptivity is implemented at the
granularity of each quiz interaction. The runtime
loop is executed as follows:

1. The system presents a quiz item aligned with
the current stage/difficulty tier.

2. The learner submits a binary response X; €
{0,1}(correct/incorrect).

3. The BKT engine computes posterior
mastery conditioned on X;and applies the
learning transition to obtain the updated
mastery probability P(L;)(as defined in
Section 2.4).

4. The adaptation router compares
P(L;)against a mastery threshold 6and
selects the next action: repeat within
current tier or advance to a higher
tier/next stage.

At the implementation level, the mastery variable

is stored as an internal state (e.g., pKnown), and

the learning/transition parameter is represented
as pLearn, corresponding to P(L)and P(T)in the

BKT formulation. The transition update follows:

pKnown « posterior + (1 — posterior)
-pLearn

This design enables immediate mastery updating

and routing decisions during runtime, supporting

real-time adaptivity rather than post-hoc
personalization.

Reproducibility requirement (single-source-

of-truth parameters). To support independent

audit and replication, all  parameters

{P(Ly),P(T),P(S),P(G),0}are defined in a

versioned configuration source loaded at runtime

(not hard-coded). The evaluated build is

therefore traceable to one definitive parameter

set, reducing the risk of manuscript—
implementation divergence.

3.4. System  Testing  Results  (Black-Box
Functional Verification)

Black-box functional verification was conducted
to confirm correct end-to-end behavior across
navigation, content gating, adaptive-mode
activation, persistence, and mastery-gated
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progression. While the complete test suite covers
broader usability and flow control, Table 5
reports the subset of cases that directly evidence
the correctness of the adaptive pipeline: adaptive
initiation, response-level mastery updating,
persistence of adaptivity state, and deterministic
routing based on 6.

Table 5. Adaptivity-critical black-box
verification (selected cases)

Ca  Scenario Trigger Expected @ Res

se verified /  test observabl | ult

ID case e output

BB  Adaptive In Transition = Pass

-03 mode Materia  to Pretest
activation I, and

confirm = adaptive
readines = mode

s active
BB Mastery Answer = Mastery Pass
-05  update a increases
responsive = pretest/ = relative to
ness quiz baseline
item
correctl
y

BB  Persistenc = Comple @ Difficulty/ = Pass
-06 e of  te level state
adaptivity = pretest is  stored

decision (persisted)
BB | Failure End “Retry” Pass
-08  routing stage state/panel
below with appears
threshold = mastery
(<
\theta)
BB  Success End “Success” | Pass
-09  routing stage state/panel
at/above with appears
threshold = mastery
(\ge
\theta)
BB  Progressio | Continu = Transition | Pass
-11 n e after to next

continuity | success | stage

hese outcomes indicate that the adaptive
mechanism is not only implemented, but also
produces stable, observable, and persistent
routing decisions aligned with mastery
conditions.

3.5 White-Box Verification Results (Basis-Path
Jfor UpdateProbability())

White-box verification targets the BKT update
routine (UpdateProbability()), as it is the
algorithmic nucleus of adaptivity. Structurally,
the routine contains a correctness-dependent
decision branch (correct vs incorrect) followed
by posterior computation and a learning
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transition update. To validate internal control-
flow coverage, basis-path testing was applied.
Cyclomatic ~ complexity  indicates  two
independent paths corresponding to the
correctness branch; therefore, adequacy is
achieved by executing test inputs that force both
branches to execute at least once.
Table 6. Basis-path coverage for

UpdateProbability()
Pat  Input Independ = Branc Expect
h conditi = ent path h ed
ID on covere = outcom
d e (test
oracle)
W correct = Start —  Correct Posteri
B- | =true correct- -answer = or uses
P1 branch —  posteri = ((1-S));
posterior or mastery
— updated
transition via
— return transiti
on;
returns
updated
mastery
W correct | Start —  Incorre = Posteri
B- =false | wrong- ct- or uses
P2 branch —  answer (S);
posterior posteri | mastery
— or updated
transition via
— return transiti
on;
returns
updated
mastery

his evidence strengthens auditability by
demonstrating that the internal decision structure
of the mastery update routine is explicitly
covered, not merely assumed correct from user-
level behavior.

Overall, the results demonstrate a deployable
Unity/Android educational game artifact with a
functioning real-time BKT adaptivity loop.
Adaptivity is evidenced by (i) per-response
mastery updating, (ii) mastery-threshold routing
that produces deterministic retry/success
outcomes, (iii) persistence of adaptive state
across scenes, and (iv) verification artifacts at
both functional (black-box) and structural (basis-
path) levels. These results support the paper’s
engineering  contribution: a  reproducible
architecture with testable adaptivity behavior
suitable for technical audit and replication.

4 DISCUSSION

4.1 Principal Findings and Their Meaning
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This study demonstrates that Bayesian
Knowledge Tracing (BKT) can be embedded as
a real-time control mechanism inside a Unity-
based Android educational game. Mastery is
updated after each quiz interaction and
immediately used to govern routing decisions.
Unlike many adaptive learning reports that
describe personalization at a conceptual level,
this work operationalizes adaptivity as an explicit
runtime pipeline—response capture — mastery
update — threshold decision — next-item
selection—consistent with the role of knowledge
tracing as a learner-state estimator for practice
sequencing [3], [5], [9].

The contribution is intentionally framed as
technical validity and reproducibility, not as
an effective claim. Within this scope, the results
indicate that the adaptive pipeline is (i)
implemented end-to-end, (ii) observable at the
system level (e.g., deterministic retry/success
routing), and (iii) traceable through persisted
learner state and reporting/export mechanisms.

4.2 Why This Work Matters: Reproducible
Adaptivity in a Mobile Game Context

BKT is widely established, and recent syntheses
underline its continued relevance while also
noting recurring issues in reporting and
comparability across implementations [10].
Many adaptive systems remain difficult to
reproduce because manuscripts often omit
critical implementation details: the exact
parameter set, initialization procedure, mastery
threshold logic, and verification artifacts needed
for technical audit.

This paper positions its novelty in
implementation transparency by treating the
adaptivity mechanism as a reproducible system
component rather than an implicit feature. This is
particularly  relevant in  mobile game
environments, where algorithmic behavior must
remain stable under scene transitions, local
persistence constraints, and practical runtime
limitations.

4.3 Strength of Evidence: Complementary
Verification Layers

The verification strategy directly supports
credibility. Black-box functional verification
confirms that the adaptive flow behaves as
intended from the user perspective: adaptive
mode activation, persistence of level decisions,
and mastery-gated routing outcomes are
observable and consistent. White-box basis-
path verification strengthens this evidence by
demonstrating that the internal decision structure
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of the mastery update routine is structurally
exercised across independent execution paths.
Using cyclomatic complexity and independent-
path execution as an adequacy argument aligns
with established software testing principles [12].
Together, these layers reduce the risk that
adaptivity is under-specified, difficult to audit, or
inconsistent between narrative and runtime
behavior.

4.4 Parameter Governance: A Non-Negotiable
Condition for Reproducibility

A key lesson from the implementation is that
parameter consistency is inseparable from
reproducibility. In BKT, values for slip P(S),
guess P(G), transition/learning P(T), and the
mastery threshold 6directly shape posterior
updates and therefore routing behavior [3], [5],
[9]. Even small deviations can materially alter
mastery trajectories and progression decisions.

For publication-grade reporting, the system
should enforce a single-source-of-truth
parameter  specification: a  versioned
configuration (table/file) loaded at runtime and
referenced explicitly in the manuscript. This
ensures that the parameter set described in the
paper matches the evaluated build. When
parameters deviate from defaults (e.g., P(G) =
1/kfor multiple-choice items), the deviation
should be justified either through domain
rationale or calibration using interaction traces.
In this context, using established estimation
tooling (e.g., pyBKT) provides a transparent
pathway for parameter fitting and reporting [11].

4.5 Limitations and Threats to Validity

Several limitations should be acknowledged to

avoid over-claiming:

1. Scope limitation (no causal learning
claim). The study validates system
correctness and reproducibility; it does not
establish that adaptivity improves learning
outcomes relative to a non-adaptive
baseline.

2. Model assumptions. Classic BKT uses a
binary observation model and typically
assumes a single latent mastery per skill
without explicitly modeling forgetting or
item  difficulty heterogeneity. These
assumptions can be challenged in
vocabulary learning where item difficulty
may vary substantially [3], [10].

3. Parameter sensitivity and threshold
fragility. Fixed parameterization and a fixed
mastery threshold can yield brittle routing if
item quality varies or if learners adopt
strategic guessing. Without calibration or
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sensitivity analysis, robustness cannot be
inferred.

4. Verification  boundaries.  Basis-path
coverage is demonstrated for the mastery
update kernel, but other modules (routing
controller, persistence, export/sync) may
also affect reproducibility. Functional
verification supports end-to-end behavior;
however, deeper structural testing of routing
and persistence logic would further
strengthen auditability.

4.6 Future Work

This study establishes a technical baseline that

enables a structured research program:

1. Parameter calibration and reporting:
estimate P(Ly), P(T), P(S), and P(G)per
skill/tier from logged traces and publish the
final parameter table with procedure details
[11].

2. Sensitivity analysis: evaluate how routing
outcomes change across plausible Oranges
and parameter perturbations to demonstrate
robustness.

3. Controlled comparative evaluation:
implement a non-adaptive baseline (fixed
progression) and compare against BKT-
driven adaptivity to quantify learning effects
while controlling exposure time and novelty
effects.

4. Reproducibility package: publish
parameter  configuration,  pseudocode
aligned with the evaluated build, and
compact test suites (functional and
structural) as supplementary material to
support independent replication.

5 CONCLUSION

This paper presented a design-and-verification
study that implements real-time Bayesian
Knowledge Tracing (BKT) within a Unity-
based Android educational game for vocabulary
practice. The proposed system operationalizes
adaptivity as a runtime pipeline in which each
learner response triggers immediate mastery
updating and the updated mastery probability
governs deterministic routing decisions for
practice continuation or progression.

The work contributes: (1) a deployable
Unity/Android architecture integrating response
capture, BKT updating, routing policy, and event
logging; (2) an auditable adaptivity mechanism
supported by persisted learner state and
exportable reporting; and (3) verification
evidence at two complementary levels—black-
box functional validation of the adaptive flow
and white-box basis-path verification of the
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UpdateProbability() routine—supporting
technical correctness and reproducibility.

This study is intentionally scoped to technical
validity and reproducibility rather than causal
learning effectiveness. Future work should focus
on (i) enforcing a single-source-of-truth
parameter configuration aligned with the
evaluated build, (ii) parameter calibration and
sensitivity analysis to demonstrate routing
robustness, and (iii) controlled comparative
studies (adaptive vs non-adaptive) to evaluate
whether real-time BKT adaptivity yields
measurable learning gains beyond engagement
effects.

6 SUGGESTIONS

1. Standardize and version all BKT parameters
{P(Ly),P(T),P(S),P(G),0}in a single
configuration source aligned with the
evaluated build to ensure reproducibility and
prevent manuscript-implementation
inconsistency.

2. Strengthen verification coverage by adding
unit tests for routing control and
persistence/export modules, complementing
the existing basis-path  testing of
UpdateProbability().

3. Calibrate and stress-test the adaptive policy
through pilot-log parameter calibration and
sensitivity analysis on 6to confirm routing
robustness under realistic learner behaviors.

4. Extend future evaluation with controlled
comparison (adaptive vs non-adaptive) and
richer learning indicators (e.g., retention and
time-on-task) to assess effectiveness beyond
technical validity.
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