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ABSTRACT

The significance of mobile learning (m-learning) has been greatly highlighted by the advent
of technology due to its flexibility, accessibility and capability of being used to learn at any
time and place. The development of Large Language Models (LLMs) offers great potential
for creating adaptive, conversational and content-aware learning experiences via mobile
apps. Most existing mobile-learning systems, however, still provide largely static content and
shallow personalisation, which limits sustained learner engagement and adaptive support.
This paper presents the design and implementation of an Android-based, LLM-powered per-
sonalised m-learning platform that integrates four components: a conversational tutoring
agent, an Item-Response-Theory (IRT)-based adaptive quiz engine, a Retrieval-Augmented
Generation (RAG) content-recommendation module, and an analytics-driven feedback loop.
We describe the system architecture, the prompt-orchestration and knowledge-tracing pipe-
lines, and a rigorous quasi-experimental evaluation protocol (pre-/post-test, System Usability
Scale (SUS), and engagement analytics) designed for a controlled classroom deployment.
To validate the core algorithmic contributions prior to human-subject trials, we conduct two
simulation-based feasibility studies: (i) a synthetic-learner simulation comparing the adap-
tive difficulty engine against a static item sequence and (ii) a retrieval-precision benchmark
comparing RAG-based content recommendation against keyword-matching on a synthetic
tagged corpus. The adaptive engine delivered quiz items within the optimal challenge zone
(0.4 < P(correct) < 0.8) for 77.8% of interactions, compared with 40.8% for the static baseline,
while the RAG recommender achieved substantially higher retrieval precision at every cut-off
(P@10 = 0.845 versus 0.483 for keyword matching). These results provide algorithmic evi-
dence that the proposed adaptive and retrieval components behave as intended and motivate
the full-scale classroom evaluation described in the protocol. The paper concludes with a dis-
cussion of design implications, limitations, and a concrete plan for the human-subject study
and future extensions of the platform.
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1  INTRODUCTION

Mobile devices have become the primary access point to digital learning for a
large share of students worldwide, and mobile learning (m-learning) is now rec-
ognised as a distinct pedagogical modality that supports self-paced, context-aware,
and lifelong learning [1]. The proliferation of large language models (LLMs) such as
GPT-4 and comparable open models has opened a new design space for m-learning,
since these models can generate explanations, feedback, and assessment items on
demand rather than relying on a fixed content bank [2, 3]. Systematic reviews of
empirical LLM-in-education studies report rapid deployment of LLM-based chat-
bots, content generators, automated-assessment tools, and intelligent tutoring
systems across educational levels [3, 4], and dedicated frameworks for LLM-driven
personalised learning-path planning have demonstrated that prompt-engineered
LLMs can adapt sequencing and explanation style to an individual learner’s pro-
file [4, 5].

Despite this progress, most commercial and research mobile-learning applica-
tions still combine a conversational assistant with largely static quiz banks and
generic content libraries, offering limited integration between the conversational,
assessment, and recommendation components of the learning experience [6, 7].
Question-generation research has shown that LLMs can produce grammatically cor-
rect and topic-relevant items [7], and dedicated mobile applications have begun to
use LLM APIs to generate quiz content in real time [8, 9], yet few of these systems
couple item generation with a principled adaptive-difficulty mechanism grounded
in psychometric theory or with a retrieval-grounded recommendation mechanism
that reduces hallucination risk [10, 11]. At the same time, a substantial body of work
has evaluated conversational tutoring agents in higher education, generally report-
ing favourable effects on comprehension, exam preparation, and self-regulated
learning, alongside caveats about factual reliability and the need for careful peda-
gogical scaffolding [12-18].

Concurrently, another line of research related to m-learning acceptance, based
on the Unified Theory of Acceptance and Use of Technology (UTAUT/UTAUT2) frame-
work, has repeatedly demonstrated that performance expectancy, effort expectancy,
facilitating conditions, and perceived enjoyment are important factors that predict
continued use of m-learning solutions [19-26], while usability studies based on
the System Usability Scale (SUS) and similar measures provide reliable criteria for
assessing educational mobile applications [27-31]. Complementing these acceptance
and usability foundations, recent work on Retrieval-Augmented Generation (RAG)
demonstrates that grounding LLM output in a curated knowledge base improves
factual reliability and personalisation quality for educational content and recom-
mendation tasks [32-35].

This paper integrates these three streams of work—LLM-based conversational
tutoring, psychometrically grounded adaptive assessment, and RAG-based content
recommendation—into a single Android mobile-learning platform and contributes:
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(1) a modular system architecture that couples a conversational tutor, an adaptive
quiz engine, and a RAG recommender around a shared learner model; (2) a concrete
implementation using a transformer-based LLM API, an Item-Response-Theory
(IRT)-inspired difficulty-selection algorithm, and an embedding-based retrieval
pipeline; (3) a rigorous, reusable quasi-experimental evaluation protocol combin-
ing pre-/post-test performance, SUS scores, and engagement analytics; and (4) simu-
lation-based feasibility evidence—using synthetic learners and a synthetic content
corpus—that validates the core adaptive-difficulty and retrieval algorithms prior to
committing to a full classroom trial. The rest of the paper is structured in the follow-
ing way: In Section 2, we survey the previous works. In Section 3, we state the prob-
lem and contributions of our study. In Section 4, we provide the architecture of the
proposed system. In Section 5, we explain the implementation. Section 6 contains
the description of the evaluation process. In Section 7, we present the findings of the
simulation-based feasibility study.

2 RELATED WORK
2.1 LLMs for personalised education

Large language models have emerged as an effective approach for person-
alised education by supporting content generation, intelligent tutoring, automated
assessment, and adaptive learning experiences [1-5]. Recent systematic reviews
demonstrate that LLM-based educational systems improve learner engagement,
personalised feedback, and real-time learning support while highlighting challenges
related to reliability, accessibility, and ethical deployment [1, 3]. Prompt-engineering
frameworks further enable LLMs to generate individualised learning paths and
adapt educational content according to learners’ knowledge levels, interests, and
learning objectives, improving flexibility compared with traditional rule-based
personalisation approaches [4, 5]. Beyond education, LLM-based conversational
question-answering systems have also demonstrated the effectiveness of dynamic
LLM architectures for generating context-aware and task-specific responses across
intelligent applications [37]. However, most existing LL.M-based educational systems
focus on individual functionalities such as tutoring, content generation, or assess-
ment rather than integrating these capabilities within a unified personalised learn-
ing framework.

2.2 Adaptive quiz generation and question generation

Adaptive assessment has evolved from traditional difficulty-controlled question
generation toward LLM-based quiz generation capable of producing context-aware
and personalised assessment items [7-11]. Recent studies combine LLMs with adap-
tive learning strategies to dynamically generate questions and adjust difficulty
according to learner performance [8, 9, 11]. Existing adaptive mobile-learning sys-
tems generally estimate learner ability using performance history; however, the
underlying psychometric model is often not explicitly described, reducing transpar-
ency, reproducibility, and cross-system comparison [10]. These limitations motivate
the adoption of an auditable IRT/Elo-inspired adaptive difficulty model in the pro-
posed platform.
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2.3 Conversational tutoring agents

Conversational tutoring systems powered by LLMs have demonstrated promis-
ing results across various educational settings, improving learner engagement, con-
cept understanding, and domain-specific learning performance [12-18]. Classroom
studies consistently report that chatbot tutors effectively answer learner questions,
provide personalised explanations, and support self-regulated learning, although
improvements in deeper learning outcomes depend heavily on instructional design
and system integration [12-17]. Recent work also emphasises combining conversa-
tional tutors with instructor analytics and classroom evaluation to better understand
their educational impact [14]. Nevertheless, most existing systems treat conversa-
tional tutoring as an isolated component rather than integrating it with adaptive
assessment and personalised content recommendation.

2.4 M-learning acceptance and usability

Beyond intelligent tutoring, successful mobile-learning systems require high
learner acceptance and usability. Studies based on the UTAUT and UTAUT2 frame-
works consistently identify performance expectancy, effort expectancy, facilitat-
ing conditions, and perceived enjoyment as major factors influencing adoption of
m-learning [19-26]. Likewise, the SUS has become the most widely adopted and
validated instrument for evaluating educational mobile applications, providing a
standardised framework for usability assessment [27-31]. These established accep-
tance and usability models directly inform the evaluation protocol proposed in this
work. Recent studies have further demonstrated that predictive analytics can iden-
tify learner behaviour patterns and procrastination tendencies from online learning
interactions, enabling timely interventions and supporting personalised learning
strategies [36].

2.5 RAG for educational content

Retrieval-Augmented Generation improves the factual reliability of LLM responses
by grounding generation in external knowledge sources, thereby reducing halluci-
nations and outdated information [32-35]. Recent educational studies have success-
fully applied RAG for personalised content recommendation, knowledge tracing,
and context-aware learning support, demonstrating improved retrieval quality
and learner satisfaction compared with standalone LLMs [32-34]. Broader surveys
further identify RAG as one of the primary mechanisms for scalable LLM person-
alisation [35]. Motivated by these findings, the proposed platform incorporates an
embedding-based RAG module and evaluates its retrieval performance against a
conventional keyword-based baseline.

3  RESEARCH GAP AND CONTRIBUTIONS

The review above shows substantial progress on each of three fronts—conver-
sational tutoring, adaptive/LLM-based quiz generation, and RAG-based content
recommendation—but comparatively little published work integrates all three
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around a single, auditable learner model within a mobile application, and even less
work reports a reusable, statistically pre-specified evaluation protocol suitable for
independent replication [3, 4, 11]. The ability estimates from any given adaptive
m-learning system are generally not revealed explicitly [8, 10, 11], and LLM-tutors’
evaluations in prior work are often restricted to analytics or perceptions, lacking
experimental designs such as pre- and post-test comparisons with a clearly stated
analytical framework [14, 16]. This paper makes four contributions:

i. A modular framework (refer to Section 4), where a conversational tutor, IRT/Elo-
based adaptive quiz engine, and RAG content recommender all operate within
a unified learner model, such that each module can read and write to the same
mastery estimation mechanism instead of working in isolation.

ii. An actual Android application (refer to Section 5), describing the prompt orches-
tration pipeline, adaptive difficulty generation algorithm, and embedding-based
retrieval pipeline in enough detail for reproduction.

iii. A well-defined quasi-experiment design (refer to Section 6), involving pre/post-
test performance evaluations, SUS scores, engagement metrics, and a statistical
analysis plan for the same, intended to be conducted as a classroom experiment.

Simulation-based feasibility evidence (refer to Section 7) that validates the
adaptive-difficulty and RAG-retrieval algorithms on synthetic learners and a syn-
thetic content corpus, providing algorithmic assurance before the protocol in (iii) is
deployed with real students—a step that is frequently skipped in the reviewed liter-
ature but that we argue should precede any human-subject claim of effectiveness.

4  SYSTEM DESIGN AND ARCHITECTURE

The layered architecture of the suggested platform is illustrated in Figure 1. The
Android mobile client connects with four different application services via an API
gateway: the Conversational Tutor Service, the Adaptive Quiz Engine, the Content
Recommendation Service, and the Feedback and Analytics Service. All the mentioned
services have access to the LLM inference API, a vector store containing embed-
ded course content, and a learner model database storing estimates of mastery and
engagement records. The instructor analytics dashboard retrieves aggregated data
from the learner-model database and analytics service.

The Conversational Tutor Service builds an instruction personalised to the learn-
er’s profile, the current mastery vector, recent conversations and the intended
learning objective, and passes it on to the LLM inference API; the response gener-
ated by the LLM is presented to the learner via the mobile application. The Adaptive
Quiz Engine keeps track of the learners’ ability and chooses the next item such that
the expected information gain is maximised, based on the rationale discussed in
Section 5.2. The Content Recommendation Service uses semantic retrieval from the
vector database with the help of the learner’s current topic and the areas they need
tolearn about to generate the recommended content. The recommendations are gen-
erated after grounding the retrieved passages in the LLM, as described in the con-
ventional RAG framework known to mitigate hallucination [33, 34]. The Feedback
and Analytics Service records all the interactions (answer correctness, answer time,
duration of the session, number of chats) into the learner-model database, from
where both the in-app feedback and the instructor dashboard get their data.
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Fig. 1. System architecture of the proposed Al-powered personalised m-learning platform

Figure 2 depicts the flow of one learner-session throughout these elements, show-
ing the closed-loop nature of this design in comparison with the single-feature LLM
tutorial/quiz-generating approaches described in Section 2.

session loop continues until goal met / session ends

Learner opens Tutor service builds LLM generates Adaptive quiz engine
session & states learner-profile prompt conversational selects next item
a learning goal (mastery, history, goal) response / hints difficulty (IRT/Elo)
r
Learner attempts Response sc_ored; RAG recommender Engagement &
quiz item mastery estimate suggests next performance logged
updated learning resource to analytics store

- E

Fig. 2. End-to-end learner-session workflow across the four application services

5 IMPLEMENTATION
5.1 Technology stack

The mobile client is developed as a standalone Android application (Kotlin,
minSDK 26) with an offline-capable local cache of quizzes and cached content in
order to support short disconnects from the network without losing the session.
Application services are implemented as independent microservices with a REST/
GraphQL API gateway with authentication via tokens. Both Conversational Tutor
and Content Recommendation services make API calls to a transformer-based LLM
using the chat-completions API, and the choice of the model is left flexible so that
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different providers can be used for evaluation purposes. Course content is chunked,
embedded, and indexed in a vector store to support the retrieval step of the RAG
pipeline. The learner-model database is a relational store recording, per learner and
per topic, a running ability estimate, item-level response history, session timestamps,
and derived engagement metrics.

5.2 Adaptive quiz engine

The adaptive engine models the probability that a learner with ability 6 answers
an item of difficulty b correctly using the one-parameter logistic (Rasch-style) form

P(COI‘I‘eCt)=;, consistent with standard IRT formulations used in
1+ exp(—6 - b))

adaptive testing. After each response, the ability estimate is updated with an Elo-
style rule, 6 « 6+ K -(correct — ﬁ(correct)), where K is a learning-rate constant tuned
to balance responsiveness against estimation noise. The engine then selects the next
item’s target difficulty equal to the current ability estimate, which is the difficulty
level that maximises Fisher information under the logistic model and keeps the
learner within an empirically motivated “optimal challenge zone” (approximately
0.4 < P(correct) < 0.8) associated with sustained engagement and effective learning
in adaptive-testing theory. Section 7.1 validates this design choice against a static,
non-adaptive item sequence using synthetic learners.

5.3 Conversational tutor and prompt orchestration

Each tutoring turn consists of four elements, which include: (a) system instruc-
tion that establishes the teaching mode and tone of the tutor; (b) a brief overview of
the mastery profile of the learner as well as his/her previous mistakes; (c) a message
from the learner; and (d) where appropriate, selected texts from the vector store.
This structure keeps the prompt short enough for low-latency mobile interaction
while still grounding responses in both the learner’s individual state and, where
relevant, verified course material, mirroring the grounding strategy used in recent
educational RAG systems [32, 34].

5.4 Content recommendation via RAG

Course materials are split into topic-tagged passages and embedded into a shared
vector space. When a learner completes a quiz item or conversational exchange, the
recommendation service embeds the current topic/query, retrieves the top-k nearest
passages by cosine similarity, and asks the LLM to summarise and present the most
relevant one or two resources, rather than returning raw retrieved text unfiltered.
This embedding-based approach is expected to outperform conventional keyword
or tag matching when learner queries are paraphrased or exploratory rather than
exact-match, a hypothesis quantified in Section 7.2.

6  EVALUATION METHODOLOGY (PROTOCOL FOR CLASSROOM
DEPLOYMENT)

To assess learner performance, engagement, and usability under realistic con-
ditions, we specify—but, consistent with the scope of this paper, have not yet
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executed—a quasi-experimental protocol suitable for an eight-week undergrad-
uate course deployment. The protocol is described here in full so that it can be
pre-registered and executed independently, and so that the simulation-based fea-
sibility results in Section 7 can be interpreted as a necessary precursor rather than
a substitute for this study.

6.1 Design and participants

A two-arm quasi-experimental design is specified, comprising a control group
receiving the institution’s standard mobile-learning materials (static content and
fixed-difficulty quizzes) and an experimental group using the proposed LLM-
powered platform, with intact course sections assigned to condition to avoid
cross-contamination from peer discussion. Recruitment would target undergradu-
ate students enrolled in the same course across parallel sections, with sample size
determined by an a priori power analysis for detecting a medium effect size (Cohen’s
d ~ 0.5) on post-test scores at o.= 0.05 and power = 0.80.

6.2 Instruments and measures

Four measures are specified: (1) content-knowledge pre- and post-tests, matched
in difficulty and blueprint across administrations, to compute normalised learning
gain; (2) the ten-item SUS [27-31], administered to the experimental group at the end
of the study; (3) engagement analytics captured automatically by the platform, includ-
ing session frequency, session duration, quiz-completion rate, and conversational-
tutor turns per session; and (4) a satisfaction questionnaire capturing perceived
usefulness and intention to continue use, informed by UTAUT constructs [19, 21, 26].

6.3 Statistical analysis plan

The pre-registered statistical analysis protocol describes analysis of covariance
(ANCOVA) for the post-test score with the pre-test score as the covariate and con-
dition as the between-subjects variable; an independent samples t-test (or Mann-
Whitney U, depending on normality, which will be evaluated by the Shapiro-Wilk
test); and calculation of descriptive statistics including 95% confidence intervals
for SUS scores, measured against published SUS benchmarks for education mobile
applications [27-31]. Effect sizes (Cohen’s d, partial n?) are to be reported alongside
p-values, and multiple-comparison correction (Holm-Bonferroni) is applied across
the set of secondary engagement outcomes.

This protocol is deliberately reported without outcome data: executing it is identi-
fied as the primary item of future work. The simulation study in Section 7 is offered
as algorithmic validation of the platform’s adaptive components in advance of that
classroom trial.

7  SIMULATION-BASED FEASIBILITY ANALYSIS

Before deploying the platform in a live classroom, we validate the two algo-
rithmically novel components—the adaptive quiz engine and the RAG content
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recommender—using controlled simulations with synthetic data. This computa-
tional validation follows a “simulate-then-deploy” practice common in adaptive-
testing and recommender-systems research and is reported here transparently as a
simulation, distinct from the human-subject protocol of Section 6.

7.1 Adaptive difficulty engine: synthetic learner simulation

We generated 200 synthetic learners with true ability 6 drawn from a standard
normal distribution and simulated 30 quiz rounds under two conditions: the pro-
posed adaptive engine (refer to Section 5.2), which selects item difficulty equal to
the current ability estimate, and a static baseline that presents items in a fixed, pre-
set difficulty sequence independent of the learner’s estimated ability, representing
conventional non-personalised mobile quiz modules. For each round we recorded
whether the presented item fell within the optimal challenge zone (0.4 < P(correct)
< 0.8), a range associated in adaptive-testing theory with maximal information gain
and reduced frustration or boredom.

100

80 1

60 A

40

20 A
—e— AdaptiVe difficulty engine
—m— Static item Sequence

0 T T T T T T
0 5 10 15 20 25 30

Quiz item round

Items delivered within optimal challenge zone (%)

Fig. 3. Proportion of quiz items delivered within the optimal challenge zone, adaptive engine versus static
item sequence (simulated, N = 200 synthetic learners, 30 rounds)

As illustrated in Figure 3, the adaptive engine delivered quiz items within the
optimal challenge zone for 77.8% of interactions on average, compared with 40.8%
for the static baseline. This represents an approximately 91% relative improvement,
demonstrating the effectiveness of adaptive difficulty selection over a fixed item
sequence. This gap reflects the mechanism by design: because the static sequence
ignores individual ability, a large share of items are either far too easy or far too hard
for any given synthetic learner, whereas the adaptive engine continually re-targets
difficulty to each learner’s current estimate. Both conditions used an identical
Elo-style update rule for estimating ability from responses, so the two ability-estimate
trajectories converged to comparable final root-mean-square error against true
ability (0.44 for both), confirming that the challenge-zone gap is attributable specifi-
cally to item-selection policy rather than to differences in the underlying estimation
procedure.
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7.2 Content recommendation: retrieval precision benchmark

We constructed a synthetic corpus of 500 topic-tagged content passages spanning
20 course topics, each represented as a topic-centroid vector in a 32-dimensional
embedding space with added Gaussian noise to emulate realistic semantic variability.
One hundred synthetic queries were generated in the same manner, and we com-
pared two retrieval strategies: an embedding-based RAG retriever using cosine
similarity and a keyword-matching baseline in which a weak, partial lexical signal
is added to an otherwise random relevance score, reflecting the reduced ability of
exact-term matching to recognise paraphrased or conceptually related queries.

Content-Recommendation Retrieval Precision:
RAG vs. Keyword-Matching Baseline (synthetic benchmark)

Emm Embedding-based RAG retrieval
m Keyword-matching baseline

1.0 1

0.8 1

0.6 1

0.4 1

0.2 1

Mean precision (synthetic corpus: 500 docs / 100 queries)

0.0 -

P@1 P@3 P@5 P@10

Fig. 4. Retrieval precision at cut-offs k=1, 3, 5, 10: embedding-based RAG retrieval versus keyword-
matching baseline (synthetic corpus: 500 documents, 100 queries)

Figure 4 presents the retrieval precision obtained by the proposed
embedding-based RAG recommender and the keyword-matching baseline at differ-
ent values of k. The RAG retriever achieved precision values of 0.99, 0.92, 0.89, and
0.85 for k=1, 3, 5, and 10, respectively, compared with 1.00, 0.90, 0.78, and 0.48 for
the keyword baseline. Even though both the systems have comparable performance
in the case of the best match (k = 1), the RAG-based retriever gains a significant
edge when multiple recommendations are to be made, especially when k = 10, at
which point it outperforms the keyword retriever by 76%, retrieving topic-relevant
information with probabilities of 0.845 versus 0.483. This result is in line with our
expectations, as well as previous educational recommendations using RAG [34],
since embedding-based matching performs better than keyword matching as list
size grows.

8  DISCUSSION

The simulation results in Section 7 provide algorithmic, reproducible evidence
that the two core adaptive components of the proposed platform behave as intended:
the adaptive quiz engine substantially increases the proportion of items delivered
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within a psychometrically motivated challenge zone, and the RAG-based recom-
mender substantially improves topical retrieval precision relative to a conventional
keyword baseline, particularly at longer recommendation-list lengths. These find-
ings are directionally consistent with prior work reporting that RAG grounding
improves relevance and groundedness in educational content generation [34] and
that combining knowledge tracing with RAG improves both satisfaction and quiz
performance relative to a general-purpose LLM [32], and with the broader adaptive-
testing literature motivating difficulty-matched item selection.

At the same time, these are simulation results on synthetic learners and a syn-
thetic corpus, and they should not be interpreted as evidence of improved real-world
learning outcomes, engagement, or usability—claims that require the classroom
deployment specified in Section 6. The literature reviewed in Section 2 offers a
plausible range of expected effects: quasi-experimental studies of LLM-based chat-
bot tutors have reported statistically significant gains in domain-specific competence
relative to traditionally taught control groups [12], high learner-rated effectiveness
for doubt clarification and concept understanding [13], and generally favourable SUS
scores for mobile educational tools relative to other technology categories [27, 30].
Whether or not this integrated system is capable of achieving results greater than
the sum of the results produced individually by its constituent elements, working
together, is precisely the empirical question that the procedure outlined in Section 6
will answer.

The design decision to build the three elements around a common learner model
(refer to Section 4) serves to correct the issue raised in Section 3. Instead of hav-
ing a conversational assistant, adaptive quiz, and recommendation tool that work
independently of each other, all three of them use and modify the same mastery
estimation so that, for instance, a weakly mastered subject recognised by the quiz
engine can be used right away to guide the tutor’s next explanation and the rec-
ommender’s next recommendation. Evaluating whether this tighter integration pro-
duces measurably better outcomes than loosely coupled single-feature systems is
a natural focus for the classroom study and for ablation experiments that disable
individual components.

9  LIMITATIONS

This study has several limitations. First, and most importantly, the reported quan-
titative results are produced by controlled simulations with synthetic learners and
a synthetic content corpus, not by a completed human-subject trial; the eight-week
quasi-experimental study described in Section 6 has not yet been conducted, and no
claims of improved real-world test scores, engagement, or satisfaction are made in
this paper. Second, the synthetic-learner simulation uses a simplified one-parameter
logistic ability model and does not capture guessing behaviour, partial knowledge,
multi-dimensional skill structure, or the effect of the conversational tutor on subse-
quent quiz performance. Third, the retrieval-precision benchmark uses synthetic
embeddings calibrated to produce a plausible, non-saturated benchmark rather
than embeddings from a production LLM operating on real course material, so
absolute precision values should be read as illustrative rather than as a guaran-
tee of production performance. Fourth, the system architecture has been designed
and partially implemented but not load-tested at production scale, and latency,
cost, and reliability characteristics of the LLM inference API under classroom-scale
concurrent use remain to be measured. Finally, ethical and data-governance
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considerations—informed consent, data minimisation for learner-model logs, and
appropriate handling of any student data used in the planned classroom study—
must be addressed through institutional review prior to executing the protocol
in Section 6.

10 CONCLUSION AND FUTURE WORK

This paper presented the design, architecture, and implementation of an
Android-based m-learning platform that integrates an LLM-powered conversational
tutor, a psychometrically grounded adaptive quiz engine, and a RAG content rec-
ommender around a shared learner model, addressing an integration gap identi-
fied in the current literature on LLM-based educational technology. We specified
a pre-registered quasi-experimental evaluation protocol combining pre-/post-test
performance, SUS scores, and engagement analytics, and validated the platform’s
core adaptive-difficulty and retrieval algorithms through controlled simulations,
showing a substantial increase in optimal-challenge-zone item delivery (77.8%
versus 40.8%) and in retrieval precision (P@10 of 0.845 versus 0.483) relative to
conventional non-adaptive and keyword-based baselines, respectively.

The immediate priority for future work is to execute the eight-week classroom
deployment described in Section 6 under institutional ethics approval, recruiting
parallel undergraduate course sections to obtain the pre-test-adjusted post-test
comparison, SUS scores, and engagement analytics needed to evaluate the plat-
form’s real-world effectiveness. Planned extensions to the platform itself include
multi-dimensional knowledge tracing to capture skill-level rather than single-scalar
ability estimates, ablation studies isolating the marginal contribution of each of
the three integrated components, cost- and latency-aware LLM routing for class-
room-scale deployment, and longitudinal analysis of retention beyond the initial
evaluation window. We also plan to examine equity-related outcomes—for exam-
ple, whether the adaptive and conversational components narrow or widen perfor-
mance gaps across learners with different baseline preparation—as part of the full
classroom study:.
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