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ABSTRACT
Mathematics consistently records the lowest pass rates at the G.C.E Ordi-

nary Level (O/L) examinations in Sri Lanka, underscoring the urgent need for
innovative approaches to address the wide variation in student ability. Glob-
ally, adaptive learning has been advanced through intelligent tutoring sys-
tems, Bayesian frameworks, and rule-based models: however, its adoption in
Sri Lanka secondary education remains minimal. This study presents the de-
sign of an adaptive learning framework developed as a proof of concept rather
than a fully operational system implemented using R-shiny. The framework
employs Item Response Theory (IRT), specially the three-parameter logistic
(3PL) model, which incorporates item difficulty, discrimination, and guess-
ing, thereby offering a robust representation of student performance. Student
ability estimates are uploaded recursively after each response, while subse-
quent items are selected using maximum information criteria to enhance both
efficiency andmeasurement precision. Simulation results demonstrate that the
proposed IRT-based design can efficiently distinguish among students at dif-
ferent ability levels and generate reliable estimates of performance. These
findings highlight the potential of prototype-level adaptive learning designs to
provide a statistically rigorous and scalable foundation for advancing math-
ematics education in Sri Lanka, while also establishing a pathway toward
future system development and classroom integration.

Keywords: Item Response Theory (IRT), Three-parameter logistic (3PL)
model, Personalized Education, R shiny, Education Statistics, G.C.E O/L
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1 Introduction

Mathematics underpins critical thinking, problem solving, and learning, yet
poor mathematical performance is strongly linked to weak educational out-
comes worldwide. In Sri Lanka, the G.C.E. Ordinary Level (O/L) mathemat-
ics examination serves as a key benchmark, consistently reflecting challenges
in student achievement. Despite reforms and teacher training, student records
show persistent underperformance: in 2019, only 67% of students achieved
satisfactory grades, with marked disparities across schools and regions (Min-
istry of Education, 2019; Damayanthi, 2018). These findings highlight on-
going inequities and difficulties in ensuring effective mathematics learning
opportunities (Crowley, 2018; Jayasuriya et al., 2014).

Although conventional lectures are commonplace, they rarely account for
variations in students’ skills, rates of learning, and different learning prefer-
ences (Karjanto and Acelajado, 2022). As a result, students may develop in-
complete or shallow understandings of key concepts, which can build up into
major learning gaps. Additionally, the lack of individualized feedback and
progression in the traditional classroom environment can easily lead to disen-
gagement and weak long-term retention (Nguyen and Le, 2020). Therefore, it
is necessary to think about pedagogical innovations that provide personalized
support to the learner (Silva and Banneheka, 2019).

Adaptive learning technologies offer a promising solution to these challenges
by continuously estimating a learner’s ability and dynamically adjusting dif-
ficulty, order, and content of instructional materials (Crowley, 2018). This
approach can improve student engagement and enable targeted interventions
in individual points of weakness (Damayanthi, 2018; Hwang, 2022). Inter-
national platforms such as ALEKS, Carnegie Learning, and Khan Academy
demonstrate the effectiveness of adaptive systems in mathematics education
(Nguyen and Le, 2020; Lu et al., 2024). Such adaptive design principles are
also employed in other domains to track latent states under nonlinear and dis-
turbed conditions (Thilan et al., 2022, 2023). However, methodologically ro-
bust models such as Item Response Theory (IRT) have not yet been applied
in adaptive systems tailored to Sri Lankan O/L mathematics curriculum.

IRT offers a robust statistical structure for adaptive learning, modeling the
probability of a correct answer as a function of learning ability (θ) and item
characteristics: difficulty, discrimination, and guessing (Gyamfi andAcquaye,
2023; Ogunsakin and Shogbesan, 2018). Unlike classical test theory, which
yields aggregate measures of performance, IRT incorporates the interplay be-
tween learner ability and item characteristics tomore precisely estimate ability
and select questions (Ariyadi, 2025). In particular, the three-parameter logis-
tic (3PL) model provides increased flexibility, utilizing random guessing, and
is therefore ideally suited for multiple-choice assessments (Ariyadi, 2025).
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Despite the widespread international adoption of adaptive learning (Lu et al.,
2024), IRT-based systems remain largely unexploited in Sri Lankan secondary
education. This study introduces a novel web-based platform developed using
R Shiny andMySQL, which estimates student ability in real time via the three-
parameter logistic (3PL) model and delivers personalized learning in Algebra,
Geometry, and Trigonometry. The primary aim is to investigate whether such
an adaptive system can enhance student engagement and achievement in O/L
mathematics through individualized learning paths. By integrating adaptive
assessment with an interactive interface, this research addresses a critical gap
in the local education context and demonstrates the potential of data-driven
personalization to improve learning outcomes (Hwang, 2022; Crowley, 2018).
The study highlights the feasibility of implementing statistically rigorous,
real-time adaptive learning design in Sri Lanka, laying the groundwork for
future expansion and classroom integration (Karjanto and Acelajado, 2022).

2 Methodology

In Sri Lanka, traditional assessment practices, such as the G.C.E O/L exami-
nation, are typically analyzed using Classical Test Theory (CTT). While CTT
provides straightforward measures, including overall test scores and item dif-
ficulty, it relies on strong assumptions that limit its broader applicability. In
particular, CTT assumes a constant level of measurement error across ability
levels and is dependent on the sample. These limitations make CTT less suit-
able for adaptive learning or which require precise, individualized assessment
to guide educational decisions for diverse student populations.

Item Response Theory (IRT) effectively addresses these limitations in several
ways. IRTmodels a student’s response to an item as a probability based on the
combination of student ability (θ) and the characteristics of the item. Unlike
CTT, IRT provides item-level information that is invariant across populations,
making it well suited for adaptive assessment systems. Second, IRT offers
multiple models to account for different aspects of item performance: the one-
parameter logistic (1PL) model assumes equal discrimination across items;
the two-parameter logistic (2PL) model incorporates item discrimination; and
the three-parameter logistic (3PL) model further accounts for guessing. This
study implemented the 3PL model of IRT to guide adaptive learning.

2.1 Three-Parameter Logistic (3PL) Model

In this study, the three-parameter logistic (3PL) model of IRT was employed
to model student responses. The model calculates the probability of a student
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answering an item correctly using the following equation:

P (θ) = c+
1− c

1 + e−a(θ−b)
(1)

where 1θ represents student ability, a is item discrimination and b is the item
difficulty and c is the Guessing parameter. Discrimination parameter (a) de-
scribes how well an item differentiates students with Higher values producing
steeper item characteristic curves (Figure 1). Values of a are assigned based
on expert judgment, response data, and pilot testing. typically, in the range
from 0.5 to 2.0. The difficulty parameter (b) denotes the ability level with a
50% chance from correct response, with lower values indicating easier items
and higher values more challenging ones, determined using syllabus, teacher
judgment, or previous performance data. TheGuessing parameter (c) accounts
for correct response by chance, preventing the curve from approaching zero
at very low ability levels, and is set at 0.1 or 0.3, depending on the number of
plausible answer options (Gyamfi and Acquaye, 2023).

Figure 1 presents item characteristic curves (ICCs) illustrating the probabil-
ity of a correct response as a function of student ability (θ) under the three-
parameter IRT model. Questions 1, 2, and 3 correspond to difficulty levels 1,
2, and 3, respectively. The red curve, representing the lowest difficulty item,
shows the highest probability of correct responses across all ability levels,
while the blue and green curves demonstrate decreasing probabilities as dif-
ficulty increases. The x-axis represents standardized student ability (θ) with
mean 0 and SD 1, where negative values indicate below-average ability and
positive values indicate above-average ability. The y-axis represents the prob-
ability of a correct response. Each curve is determined by the item’s difficulty
(b), discrimination (a), and guessing (c) parameters, with higher difficulty
shifting the curve to the right and the guessing parameter ensuring non-zero
probabilities at very low ability levels.
In this study, the three-parameter logistic (3PL) model was chosen over sim-
pler IRTmodels (1PL and 2PL) for assessing student ability in GCEOLmath-
ematics. The 3PL model considers item difficulty and assumes equal discrim-
ination across items, which can underestimate true performance. The 2PL
model adds item discrimination to adjust for item characteristics across re-
sponse situations but still assumes no ‘guessing’ effect. 3PL model further
includes a guessing parameter (c), allowing for a more accurate estimation
of true mastery, particularly for multiple choice or numerical-response items.
Overall, the 3PL model provides the most complete and precise measure of
student ability for this study

1θ is estimated using a simple step-size approach for illustrative purposes. Future versions
may include Maximum likelihood Estimation (MLE) or Bayesian method.
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Fig. 1: Item characteristic curves (ICCs) showing the probability of a correct
response as a function of student ability (θ) for three items of varying difficulty
levels. The x-axis represents standardized ability (mean=0, SD=1), and the Y
axis represents the probability of a correct response. Curves are determined
by the item’s difficulty(b), discrimination(a), and guessing (c) parameters.

2.2 Assumptions and Initialization of Model Ability

The three-parameter logistic (3PL) model employed in this research is based
on standard Item Response Theory assumptions of unidimensionality, local
independence and monotonicity. The assumption of unidimensionality states
that a student’s ability to respond to an item is primarily based on one un-
derlying factor, i.e., their mathematical ability. The structured nature of the
question bank supported this assumption, as the items within a given topic
(Algebra, Geometry, Trigonometry) were aligned to an overarching skill set
and reviewed for quality by subject matter experts. The assumption of local
independence indicates that the responses to items are independent of one an-
other given a student’s ability. This assumption was met in this research by
designing the questions to be independent of one another and to not overlap
content. The monotonicity assumption indicates that as the ability of a student
increases, the likelihood of correctly answering an itemwill also increase. The
logistic form of the 3PL model meets the assumption of monotonicity by pro-
ducing a logistic curve, which can be seen via a graphical representation of
Item Characteristic Curves (Figure 1).

For a first-time user, the initial ability estimate (θ) was assigned to be θ = 0,
which corresponds to the mean ability level on the standard normal ability
scale that is typically used in IRT. Therefore, the reason for this initial ability
estimationwas to provide a neutral starting point in the absence of pre-existing
data on the user’s performance. The ability value can take a range from ap-
proximately −3 to 3, which corresponds to low to high proficiency levels. The
IRT model through the course of the analysis will continue to refine the user’s
estimated ability based on their responses to items.
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2.3 System Overview and Adaptive Workflow

The adaptive learning system was developed using the R Shiny framework,
which enables the creation of interactive web-based applications that combine
statistical modeling, real-time computation, and dynamic visualization. Shiny
was chosen for its ability to integrate complex algorithms with a user-friendly
interface, allowing both students and instructors to interact with the system
seamlessly. The platform was designed around an item response theory (IRT)
model, where item parameters were calibrated through expert review, pilot
testing, and analysis of student response data. This design ensures that the
system can adaptively select questions, update ability estimates, and provide
feedback in real time, making it both practical and effective for personalized
learning.

Building on this development, the following workflow describes how the sys-
tem operates in practice. Students log in to the system using their unique au-
thentication credentials to initiate the platform. First, we determine or retrieve
an initial estimate of the student’s ability (θ), and we default to a value of zero
for the first session. Using this estimate of ability and the parameters of items
in the question bank, a question is selected using best fit for the student. Once
the student gives an answer to this question, the student’s ability (θ) is updated
recursively based on the accuracy of the answer, and immediate feedback is
given. The system will then assess if the student has achieved mastery. If the
student has not achieved mastery, the system will go into another iteration and
select the next question, which will incorporate the new ability estimate. The
systemwill continue to evaluate the student’s ability until the student achieves
mastery and the session ends, and a summary report will then be generated.
This adaptive workflow in Figure 2 provides a continuous opportunity for the
learning experience to be personalized, such that the student receives focused
practice and feedback unique to their present ability.

2.4 System Architecture and Technical Implementation

The proposed adaptive learning platform integrates an interactive R Shiny
user interface with a MySQL backend for data management, supported by a
suite of R packages for statistical computation and visualization. The R Shiny
front end provides a web-based interface with consistent design and client-
server communication, while MySQL stores the question bank and student
performance data, with DBI and pool packages ensuring secure, efficient, and
scalable database connections. Analytical computations and visualizations are
enabled by key R packages: the mirt package estimates item parameters and
generates Item Characteristic Curves (ICCs), ggplot2 visualizes ICCs and stu-
dent progress, and stringr and glue facilitate dynamic query construction. This
modular architecture allows efficient data handling, flexible scaling, and easy
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Fig. 2: Adaptive workflow of proposed learning system.

expansion of content, supporting a fully interactive and adaptive learning ex-
perience.

2.5 Data Collection and Question Bank

At the core of the system is a well-structured question bank organized into
different domains.

2.5.1 Question Bank Content

A total of 60 questions were developed for the proof-of-concept system, with
20 questions per topic (Algebra, Geometry, and Trigonometry). Each question
includes four options, hints, and solutions, where each question is also asso-
ciated with item parameters: difficulty (b), discrimination (a), and guessing
(c), which are stored in the MySQL database. Initial parameter values were
assigned using Classical Test Theory and later refined based on preliminary
responses in a sampled student group. This process ensures that each question
is effectively integrated into the adaptive learning workflow. An example of
the question is bank table structure provided in Figure 3.

2.5.2 Student Data

A separate table in the MySQL database is dedicated to storing student data
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Fig. 3: Question bank table, that illustrates the adaptive learning workflow,
showing the sequence of steps involved in the platform. The chart outlines
how the system updates student ability estimates in real time, delivers im-
mediate feedback to the learner, checks for mastery, and either continues the
loop with additional questions or concludes the session with a summary report
structure (Algebra).

while ensuring privacy. Each record contains an anonymous Student_ID, user-
name, password, name, and email. The system also logs student responses,
timestamps, and performance metrics. This information allows monitoring of
individual learning paths and performing item analysis and summary reports.
This data is instrumental in continuous improvement of the learning experi-
ence and allows evaluation of the system’s effectiveness. An example of the
student table structure is Figure 4.

Fig. 4: Student table structure, that presents the structure of the student table
in the MySQL database. Each record includes anonymous student identifiers,
login credentials, and contact details, alongside fields for timestamped activity
and performance metrics. This structure enables secure tracking of individual
student progress and supports item analysis, reporting, and overall evaluation
of learning outcomes.

2.6 Adaptive Workflow and User Interaction Details

In Figure 5, the adaptive loop ensures a seamless and personalized experience
for students; Questions are dynamically retrieved from the MySQL database
based on the difficulty parameter (b) closest to the student’s current ability (θ).
Students submit answers via the Shiny interface, and responses are verified
and logged alongwith timestamps and student ID.After each response, θ is up-
dated: it is raised when correct answers increase by 0.2, and incorrect answers
decrease by 0.2 allowing the system to adaptively select subsequent questions.
Immediate feedback is provided, and an individualized student path is cre-
ated. All responses, ability estimates, topic performance, question attempts,
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and mastery reports are tracked to monitor progress and evaluate learning out-
comes.

Fig. 5: Adaptive Workflow.

2.7 Evaluation Plan

Amixed-methods approach will be used to evaluate the adaptive learning plat-
form with secondary students.

2.7.1 Quantitative Evaluation

Pre-test/Post-test Analysis: Students complete pre- and post-tests in Alge-
bra, Geometry, and Trigonometry. Learning gains are calculated as the differ-
ence in scores to assess platform impact.

Trajectory Analytics: Individual θ trajectories are examined to document
how the system adapts to each student’s ability over time.

Time-to-Mastery Metrics: The system records attempts, and time spent on
each topic until mastery, measuring adaptive learning efficiency.

2.7.2 Qualitative Evaluation

Student Feedback: Students provide feedback via questionnaires and brief
interviews on usability, clarity, and engagement.

ExpertReview:Teachers and subjectmatter experts assess the adaptivework-
flow and content alignment with the O/L syllabus.
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This evaluation framework enables identification of improvements, assess-
ment of personalized learning effectiveness, and evaluation of the platform’s
potential for scale-up.

3 Results

This section presents the outcomes of simulation-based analyses comparing
adaptive and non-adaptive learning approaches across three student profiles:
High-Ability Starter, Low-Ability Starter, and Mixed-Performance Student.
Student ability (θ) was tracked over four to five practice stages using the three-
parameter logistic (3PL) model, which incorporates item discrimination (a),
difficulty (b), guessing (c), and the probability of a correct response (P(θ)).
These analyses were conducted using the proof-of-concept system developed
with a limited question bank to demonstrate the adaptive workflow. Key pat-
terns are highlighted to illustrate differences in learning progression and the
effectiveness of adaptive versus non-adaptive strategies.

3.1 Adaptive learner’s Profile

Tables 1–3 summarize learner performance under the adaptiveworkflow,where
item difficulty is dynamically adjusted based on the learner’s current ability.
These tables were formulated using an Item Response Theory (IRT)-based
approach: each learner was assigned an initial ability (θ before) represent-
ing High, Low, or Middle performance. Items were selected from the pool
based on their IRT parameters and the learner’s current ability. For each stage,
learner responses (correct / incorrect) were either observed or simulated based
on the probability of a correct response, P(θ). After each response, the learner’s
ability (θ after) was updated using IRT estimation, and the next item’s dif-
ficulty (b) and discrimination (a) were adjusted to keep the learner within
an optimal challenge zone. For the High-Ability Starter (Table 1), items pro-
gressively increased in difficulty (b: 1.3 → 1.8; b: 0.8 → 1.6) as the learner
answered correctly, resulting in continuous growth of ability (θ after: 1.00
→ 1.80). This shows that the system maintained the learner in a challenging
zone, where each correct response not only increased θ but also prompted a
higher-difficulty item, supporting steady skill development. The Low-Ability
Starter (Table 2) began with easier items (b after:0.5 → 0.2). When incorrect
responses occurred, the system adjusted subsequent item difficulty downward
or to a level appropriate for the learner’s current ability, allowing gradual
recovery and improvement (θ after: –0.70 → 0.10). This demonstrates how
the adaptive workflow prevents stagnation by moderating challenges and en-
abling incremental gains in ability. The Middle-Performance student (Table
3) received items at intermediate difficulty, with adjustments reflecting both
correct and incorrect responses. This approach resulted in moderate but steady
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improvement (θ after 0.00 → 0.40), as correct responses increased and item
difficulty while incorrect responses moderated the c.

Table 1: Adaptive Learner—High-Ability Starter
Stage a b c θ Before P (θ) Response θ After
1 1.3 0.8 0.20 0.80 0.68 Correct 1.00
2 1.5 1.0 0.25 1.00 0.68 Correct 1.20
3 1.6 1.2 0.25 1.20 0.69 Correct 1.40
4 1.7 1.4 0.25 1.40 0.70 Correct 1.60
5 1.8 1.6 0.25 1.60 0.71 Correct 1.80

Table 2: Adaptive Learner—Low-Ability Starter
Stage a b c θ Before P (θ) Response θ After
1 1.0 -0.3 0.20 -0.50 0.44 Incorrect -0.70
2 0.9 -0.5 0.15 -0.70 0.44 Correct -0.50
3 1.0 -0.2 0.20 -0.50 0.46 Correct -0.30
4 1.1 0.0 0.20 -0.30 0.48 Correct -0.10
5 1.2 0.2 0.20 -0.10 0.50 Correct 0.10

Table 3: Adaptive Learner—Middle-Performance Student
Stage a b c θ Before P (θ) Response θ After
1 1.1 0.2 0.20 0.00 0.54 Correct 0.20
2 1.2 0.5 0.20 0.20 0.54 Incorrect 0.00
3 1.0 0.1 0.15 0.00 0.53 Correct 0.20
4 1.3 0.4 0.20 0.20 0.55 Correct 0.40
5 1.5 0.7 0.25 0.40 0.56 Incorrect 0.20
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Figure 6 shows the development of student ability (θ), across sequential stages
of learning for three sample learners. The trajectories demonstrate variations
in change, with the High-Ability Starter exhibiting stable gains at each of the
learning stages, the Low-Ability Starter exhibiting gains after initial declines,
and the Mixed-Performance Student exhibiting a middle path with instability
between the measured stages representing improved ability mixed with bad
days. The figure presents a clear visual of how adaptive learning approaches
can allow struggling learners to recover and continue to develop, while suc-
cessful learners can continue to advance their abilities, through the modifica-
tions made to the difficulty of practice, all resulting in varied trajectories of
growth for each learner profile.

Fig. 6: Trajectories of student ability (θ) across learning stages for three
learner profiles, highlighting stability, recovering, and fluctuating growth pat-
terns under adaptive learning.

3.2 Non-Adaptive Learner Profile

Table 4 presents the evaluation results of learner performance under a non-
adaptive workflow, where all students were given the same fixed sequence
of items without adjustment to their ability level. Learner ability (θ) was esti-
mated at each stage using an IRT -based evaluation of responses. In this non-
adaptive workflow, the item difficulty parameter (b) remained fixed across
learners, highlighting the absence of adaptation in task selection, while a and
c were kept constant in the sequence. High-Ability learners demonstrate a
gradual improvement in θ (0.80 → 1.30), though the fixed difficulty limited
their rate of growth compared to the adaptive approach, which tailors item
difficulty to maintain challenge. Low-Ability learners showed inconsistent
performance, with θ fluctuating and only a slight net gain (–0.50 → –0.40).
Middle-Performance learners achieved minimal improvement (0.00 → 0.20),
reflecting how the fixed difficulty failed to provide adequate reinforcement
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or scaffolding. This evaluation highlights that without adaptive modifications,
learning trajectories become constrained: high performers do not progress op-
timally, and struggling learners are not provided with sufficient support to
recover, leading to disengagement and stagnation

Table 4: Non-Adaptive Learner—All Profiles (Fixed Item Sequence)
Stage a b c High-Ability θ Low-Ability θ Middle-Performance θ
1 1.3 0.8 0.20 0.80 -0.50 0.00
2 1.3 0.9 0.20 1.00 -0.60 0.10
3 1.3 1.0 0.20 1.10 -0.65 0.00
4 1.3 1.1 0.20 1.20 -0.50 0.10
5 1.3 1.2 0.20 1.30 -0.40 0.20

3.3 Comparison of Adaptive and Non-Adaptive Results

Adaptive learning systems are more effective than non-adaptive systems be-
cause they provide personalized learning paths, allowing all learners to achieve
greater and faster improvements in ability. For high-ability students, dynamic
adjustments in task difficulty accelerate learning, resulting in steeper learn-
ing curves and faster gains (θ increased from 0.80 to 1.60; P(θ) 0.68 → 0.70,
Table 1). For low-ability learners, adaptive systems facilitate recovery after
incorrect responses by presenting easier items, supporting gradual progres-
sion (θ recovered from –0.70 to –0.10; P(θ) 0.44 → 0.48, Table 2). Students
with mixed performance, who fluctuate between low and high ability levels,
remain engaged through continuous adjustments to item difficulty and dis-
crimination. Although their ability values are less stable, they show an overall
upward trend, reflecting incremental improvement (Table 3).

On the other hand, non-adaptive item ordering uses the same order for every
learners regardless of their performance, providing very limited opportunity
for growth for students at the low-ability and middle-performance levels (θ
stagnates at about -0.40 for Low-Ability and at 0.20 for Middle-Performance;
Table 4), but did show growth, albeit slow, for high-ability students (θ in-
creased from about 0.80 to 1.30). These flat-to-variable learning rates signify
a lack of personalization, which is a significant disadvantage in driving and
maintaining learner motivation and growth.

Figure 7 displays the development of learner ability across six stages under
different instructional conditions: Adaptive High-Ability, Adaptive Middle-
Performance, Adaptive Low-Ability, Non-AdaptiveHigh-Ability, Non-Adaptive
Middle-Performance, and Non-Adaptive Low-Ability. The Y-axis represents
ability estimates (θ, approximately –1.0 to 2.0), and the X-axis shows dis-
tinct learning stages (1–5). The adaptive groups (solid lines) show consistent
upward trajectories. The Adaptive High-Ability group (solid blue) exhibits
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Fig. 7: Trajectories of learner ability across five stages under adaptive and
non-adaptive instructional conditions, showing that adaptive learning yields
higher and more consistent gains for all ability levels, whereas non-adaptive
sequences produce slower or minimal improvements.

steady, straight-line improvement across all stages. The Adaptive Middle-
Performance group (solid green) shows a moderate, positive trend, reflect-
ing gradual gains. The Adaptive Low-Ability group (solid red) starts at a
lower ability level but demonstrates noticeable improvement after the first
stage, with a steadily increasing trajectory, though at a smaller rate. In con-
trast, the non-adaptive groups (dashed lines) display less pronounced gains.
The Non-Adaptive High-Ability group (dashed blue) progresses slowly after
an initially high ability, while the Non-Adaptive Middle-Performance group
(dashed green) remains largely unchanged. The Non-Adaptive Low-Ability
group (dashed red) shows minimal or no improvement. Overall, the figure
highlights that adaptive learning promotes higher and more regular gains in
ability across all starting levels, whereas non-adaptive conditions lead to slower
or negligible improvements. This visual emphasizes how personalized, adap-
tive approaches can reduce learning gaps and enhance overall progression
compared to fixed, non-adaptive sequences.

Figure 8 illustrates the layout of the adaptive GCE O/L Math Practice plat-
form, which features three main tabs Algebra, Trigonometry, and Geometry
located at the top of the exercise panel. Each tab provides a focused prac-
tice area, allowing students to select topics seamlessly while the platform de-
livers adaptive sequencing of questions tailored to their ability. As learners
toggle between tabs, the application updates the question panel, user metrics,
and previous attempt history, providing a fluid experience with personalized
feedback. This design supports continuity and engagement across multiple
mathematical domains, enabling students to track growth within each subject
while benefiting from adaptive guidance.
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Fig. 8: Layout of the adaptive GCEO/LMath Practice platform, showing tabs
for Algebra, Trigonometry, andGeometry, with adaptive question sequencing,
user metrics, and feedback to support personalized learning across multiple
mathematical domains.

4 Discussion

This concept paper demonstrates the feasibility of developing an adaptive
learning platform for Sri Lankan secondary education grounded in Item Re-
sponse Theory (IRT), implemented using R Shiny and supported by aMySQL
database. Although the pilot study was limited in scale, the findings provide
initial evidence that adaptive learning approaches can support improvements
in student engagement, learning progression, and motivation in mathematics
education.

The adaptive learningmodel employed in this study utilized the three-parameter
logistic (3PL) IRT framework to dynamically align item difficulty with each
learner’s estimated ability level. This mechanism enabled differentiated learn-
ing pathways that respond to individual performance in real time. High-ability
students were progressively challenged with more difficult items, contribut-
ing to steady growth in their ability estimates (θ). In contrast, low-ability
students were presented with appropriately adjusted items following incor-
rect responses, allowing for gradual improvement rather than disengagement.
This adaptive adjustment contrasts with fixed-sequence instructional models,
where learners are often exposed to content that does not match their current
level of understanding.
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Qualitative feedback further supports these findings, indicating that imme-
diate feedback, relevant item sequencing, and visual indicators of progress
enhanced learners’ sense of control and persistence. These features align with
the principles of mastery learning, in which progression is based on demon-
strated understanding rather than a fixed instructional pace. This approach
is particularly relevant in the Sri Lankan secondary education context, where
classrooms typically include students with wide variations in prior knowledge
and ability. By accommodating this heterogeneity, adaptive learning systems
may help reduce frustration among struggling learners while maintaining ap-
propriate challenges for advanced students.

The observed learning trajectories in this study are consistent with findings
reported in prior IRT-based and adaptive learning research, which highlight
the advantages of dynamically adjusting item difficulty to match learner abil-
ity. Like previous studies, high-ability learners benefited from increased chal-
lenge through progressively more difficult items, while low-ability learners
were supported through adaptive reductions in difficulty following incorrect
responses. In contrast to non-adaptive systems commonly reported in the lit-
erature, which often lead to stagnation or disengagement among struggling
learners, the proposed system demonstrated recovery and gradual improve-
ment in ability for low- and mixed-performance learners. The integration of
the 3PL model within a real-time R Shiny environment further distinguishes
this work by enabling immediate feedback, continuous ability updating, and
transparent learner trajectories, demonstrating the practical potential of IRT-
driven adaptive learning for G.C.E. O/L mathematics education.

The outcomes observed in this study are consistent with findings reported
in international research on adaptive and IRT-based learning systems, which
show that tailoring content to learner ability and providing timely feedback
can improve mathematics achievement. In line with this literature, the present
study demonstrates that dynamic item selection and continuous ability updat-
ing can support differentiated learning trajectories. Empirical evidence further
supports these observations. For example, (Crowley, 2018) reported that adap-
tive supplemental instruction significantly improved elementary students’math-
ematics achievement, while (Hwang, 2022) found that adaptive learning tech-
nologies enhanced cognitive abilities inmathematics education. Together, these
findings underscore the potential of adaptive learning systems to improve ed-
ucational outcomes across diverse contexts and provide external validation
for the patterns observed in this pilot study.

Despite these promising observations, several limitations must be acknowl-
edged. The small sample size restricts the generalizability of the findings, and
item parameters were initially assigned based on expert judgment rather than
empirical calibration, which may affect the precision of ability estimates. In
addition, reliance on stable internet connectivity may limit deployment in ru-
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ral or resource-constrained settings. The absence of automated item classifi-
cation and advanced data security mechanisms also raises concerns regarding
scalability and long-term implementation.

Nevertheless, the modular design of the prototype provides a strong founda-
tion for future development. Expanding the item bank, empirically calibrating
item parameters using established IRT tools, and increasing the participant
base would allow for more robust evaluation and subgroup analysis. Further
enhancements could include the integration of machine learning techniques
to refine ability estimation and automate item selection, as well as extending
the adaptive framework to subjects beyond mathematics.

This study illustrates that adaptive learning, when grounded in the 3PL IRT
framework, offers a viable and effective alternative to traditional instructional
methods in Sri Lankan secondary education. While the current prototype is
limited in scope, the positive preliminary findings suggest that adaptive learn-
ing systems have the potential to enhance learning outcomes by providing
personalized, responsive, and efficient instruction. With further development
and empirical validation, such systems could play a pivotal role in transform-
ing education in Sri Lanka and similar contexts.

5 Conclusion

This pilot study demonstrates that integrating Item Response Theory (IRT)
into an R Shiny–based adaptive learning environment can provide person-
alized mathematics instruction for secondary school students in Sri Lanka.
The system enhanced student engagement, incremental learning, and mas-
tery by tailoring content and feedback to each learner’s ability, enabling high-
achieving students to progress efficiently, lower-achieving students to build
confidence through appropriately adjusted tasks, and mixed-ability learners to
maintain steady learning trajectories. The use of R Shiny proved effective for
mathematics instruction by supporting interactive problem-solving, real-time
computation, and immediate feedback, thereby fostering active learner en-
gagement. Although the studywas limited by its scale and the use of fixed-step
ability updates, the findings provide preliminary evidence supporting the po-
tential of adaptive learning systems to improve learning outcomes and learner
motivation. With future work involving empirically calibrated item parame-
ters, refined ability estimation methods, and platform-level scaling, the pro-
posed system could achieve broader educational impact. Overall, this study
highlights the promise of IRT-based adaptive learning systems in enabling
more equitable, effective, and engaging mathematics education in resource-
constrained contexts.
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