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Abstract - The research paper substantiates and empirically tests
an intelligent adaptive learning assistant that combines Natural
Language Processing (NLP), mastery-based adaptive
sequencing, and real-time learning analytics to improve
academic output in higher education. The architecture of the
system is a modular architecture, which is comprised of an NLP
processing pipeline of intent recognition and concept mapping,
an adaptive engine of dynamic feedback generation based on the
estimation of mastery, and an analytics dashboard for
monitoring the instructor and decision support. A
quasi-experimental study was carried out on 120 undergraduate
students in experimental (n = 60) and control (n = 60) groups
and lasted four weeks of intervention. The evaluation indicators
were pre- and post-test outcomes, interaction records, and
retention levels. Results demonstrated statistically significant
improvements in learning outcomes for the experimental
Group, with a post-test mean score of 81.5 compared to 69.3 in
the control group (p < 0.001). The normalized learning gain
increased from 6.9 to 18.4 (+166.6%), retention rates improved
from 83.5% to 94.1%, and time-on-task was reduced by 14.7%,
indicating enhanced learning efficiency. The significant
instructional influence of the proposed system was proven by a
large effect size (Cohen d = 1.19). These results confirm that the
adaptive feedback processes that are fueled by NLP can provide
a meaningful bridging between static digital learning conditions
and customized teaching interventions, with the resultant
cognitive and behavioral improvements, as well as the
opportunity to make pedagogical decisions that are informed by
analytics.

Keywords: Information Systems, Learning Resources,

Information Retrieval, Recommendation Systems, Learning
Analytics, Adaptive Learning Models, Educational Data Mining

I. INTRODUCTION

Although virtual learning platforms have generally increased
access to instructional material, the majority of the systems
provide non-dynamically presented content that fails to
respond to the linguistic characteristics or learning
requirements that are expressed through student queries
(Liang, 2025). This makes the system itself incapable of

providing the correct amount of wunderstanding or
misunderstanding, and gives consistent feedback to all the
learners. The adaptive learning model is based on natural
language processing (NLP) to identify gaps in conceptual
understanding of student responses, open text in which
students participate, and deliver specific remedial content;
this is one way of really personalizing instruction (Huang et
al., 2025; Mejeh & Rehm, 2024).

The paper gives the architecture of the modular information
system in three components that will be incorporated to form
an NLP-based adaptive learning assistant (Akter Semi et al.,
2025; Gutierrez et al., 2025). It deals with dynamic teaching
materials:

(a) An NLP pipeline of student language,

(b) Conceptual  knowledge and performance-based
evidence are adapted to remediation based on their
conceptual understanding,

(c) Monitoring and decision support analytics. Thus, it
provides a framework that allows openness to the
dynamism of producing customized feedback on the
basis of behavioral and linguistic facts that were
gathered as students were interacting with the system,
as opposed to pre-programmed patterns of instruction.
(Subitsha et al., 2025)

The rest of this paper will be organized in the following way.
Section 2 provides a literature review of the related studies
on adaptive learning systems, NLP-based tutoring, and
learning analytics. Section 3 outlines the suggested system
architecture, data specifics, and trial procedure. Section 4
gives presentations of empirical results and analytical
findings that use statistical validation and ablation testing.
Lastly, Section 5 summarizes the study and provides future
directions of research.
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1.1 Research Background

The current advanced education systems generate huge
amounts of learning material, a record of activities, and the
interaction between the learner and the system (Drigas et al.,
2023). The focus of information systems research is on how
to organize this information into accessible, searchable, and
meaningful learning assets.

The traditional intelligent tutoring systems focus on the
sequence of questions and do not pay attention to the
linguistic features of the student's messages. Advancements
in NLP enable machines to comprehend natural language,
categorize intent, recognize errors, and access the vast
majority of the most pertinent learning resources of organized
repositories (Afolabi et al., 2025).

The proposed assistant consists of:

e NLP module for semantic tagging and parsing
e An adaptive engine that controls feedback and difficulty

e A data dashboard that connects performance to
instructional design.

The system architecture has three main modules. The former
is an NLP module, which initializes the input text of the
student, attempts to detect intent and identify concepts, and
aligns them to the course ontology; the data is forwarded to a
second module containing adaptive logic. In this case, the
mastery level assessment occurs in the form of performance
indicators, and then the difficulty/sequence/type of feedback
is adjusted, respectively. The third analytics dashboard
combines all data types - error patterns (behavioral), usage
logs, etc.- of the instructor surveillance and system-level
decision support purposes through REST-based APIs
between these elements with a transparent workflow, explicit
recommendation generation at each phase, and an edit vector
diagram within the manuscript based on journal formatting
specifications.

The system architecture, as depicted in fig. 1, demonstrates
how the student input will pass through the NLP pipeline to
make adaptation decisions and analytics feedback (see fig. 1)
(Chan & Im, 2025).

1.2 Research Problem

Although the use of NLP in educational technologies is
progressing at an enormous rate, digital learning
environments have yet to reach the stage of being capable of
deciphering the open-ended responses of students and
offering meaningful information to adapt any instruction. The
majority of systems rely on standard forms of response or
pre-established lines of content that restrict their natural
language diagnosis or their feedback capabilities based on the
learning requirements of the individual learner. In this way,
students are provided with generic advice that is not based on
their real level of knowledge and teachers do not have access
to timely information on the conceptual problems of students
to know how to modify their instructions based on the
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linguistic evidence given by students, in turn, leading to the
positive outcome in academic performance- This paper
solves this issue as a transparently-defined empirically-
proven adaptive mechanism linking linguistic input by
students with actionable instructions suggested by teachers
so: An experiment was carried out, where an NLP-powered
intelligent adaptive learning assistant was able to interpret
student language to modify (Farhah et al., 2025; Wang et al.,
2019).

1.3 Research Objectives

The research seeks to recommend a smart adaptive learning
assistant, a system that combines Natural Language
Processing with instruction in modules as a solution to
enhancing the student learning experience in higher
education. So, this study will be targeted towards creating an
engine input interpretation system that can detect conceptual
loopholes within the engine and make modifications to
engines with the help of real-time analytics. The retrieval
feature will be developed considering the linguistic cues and
performance variables as opposed to the fixed instructional
sequences. An intelligent assistant proposed will also be
tested experimentally against a non-adaptive digital
environment, so that progressive contributions of the system
to the observed improvements of the learning gain,
engagement, and retention due to each system component-
NLP analysis, adaptive sequencing, and analytics monitoring
will be identified. According to table I, the research utilized
three main operational measures to assess the performance
and interest of learning.

TABLE I OPERATIONAL METRICS AND DATA COLLECTION

INSTRUMENTS
Metric Definition Instrument Collection
Frequency
Learning Difference Standardized Week 8
Gain between post- achievement
test and pre- tests
test normalized
scores
Engagement | Ratio of active System Continuous
Rate interaction interaction
time to total logs
study time
Retention Continued Attendance Weekly
participation and activity
after four records
weeks

The key working metrics have been summarized in table I,
according to which the work of an adaptive learning assistant
has been evaluated. The measurement of learning gain was in
terms of standardized pre- and post-assessment tests to record
the changes in conceptual mastery of the learners during the
time of intervention. Interaction logs, taking the form of time
and frequency-based activities registered by the students in
the system, provided engagement rate as an indicator,
revealing continuous engagement of behavior. The retention,
which was calculated on a week-to-week basis of
participation, showed the consistency of most learners
beyond the initial stages of study when compared to all the
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actively involved learners in the initial stages. The proposed
set combines academic outcome-related metrics with the
ones that define behavior to provide a detailed impact
analysis.

1.4 Research Significance

This study is significant in that it demonstrates the way in
which natural language may be broken down into real
instructional choices within an adaptive learning system.
Thus, the assistant assists in bringing together clear reasoning
among a number of validated indicators and a mapping
engine based on decomposition-based mapping and can
apply this mapping to the knowledge conceptualization levels
using student discourse that is explainable and can
subsequently be applied in real-life applications by the higher
educational institutions interested in making digital
environments more responsive to the needs of students where
instructors are able to track student activities through
real-time analytics that identifies exactly needed areas of
intervention (Chandrakant, 2025; Sheriffdeen, 2025).

1.5 Contributions of This Study

The present study has the following contributions to
intelligent tutoring systems and NLP-based adaptive learning
studies.

1. It suggests an open built-in design, combining Natural
Language Processing, mastery-based adaptive
sequencing, and learning analytics into a single
instruction system, an issue with current rule-based and
black-box ITS systems.

2. It shows an adaptive feedback system, which uses
natural language processing (NLP) to analyse the
free-text student input, detect the misconception, and
produce specific feedback, depending on the identified
misconception as well as the particular scenario, to act
without being confined to focused structured-response-
only adaptation.

3. It shows empirical verification by controlled
experimentation demonstrating statistically significant
better learning improvement, efficiency of engagement,
and retention as compared to a conventional
non-adaptive learning environment.

4. Tt offers an ablation study that separates the role of
adaptive feedback and spaced review cycles and
confirms that they are invaluable in improving
educational results.

5. It presents a reproducible and LMS-free system to be

deployed in real institutions, focusing on
interpretability, instructor visibility, and ethical
transparency.

In contrast to previous ITS studies, which mostly use
pre-learned learning trajectories or black box deep learning
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systems, the study is a step forward in bridging linguistic
knowledge with mastery-oriented adaptation and classroom-
based assessment, which addresses a gap of critical
importance between conversational Al and practical
educational personalization.

II. LITERATURE REVIEW

The studies conducted in the adaptive learning systems can
be essentially grouped under the realms of artificial
intelligence and educational data mining. Recent publications
work in the interaction of adaptive models, NLP-based
instruction support, and analytics-based decision-making
frameworks that provide a good explanation framework of
digital environments to scale up personalized learning.
Hence, the given section examines three significant literature
trends that greatly inspired the design conception of the
proposed assistant:

e Adaptive Learning Models;

e Natural Language Processing in Intelligent Tutoring
Systems;

e Use of Learning Analytics Toward Enhancement in
Academic Performance.

2.1 Adaptive Learning Models

Traditionally, computational models of adaptive learning are
largely within the realms of Item Response Theory and
Bayesian Knowledge Tracing. ALEKS and Knewton offer
systematic input in establishing knowledge states to offer
remediation pathways, mostly pre-decided by content
writers, multiple-choice questions. More recently, an engine
has been developed that can deal with slightly less structured
student input and generate automatically identified
keywords, but where a student is able to provide some
arbitrary free-form response as would be permissible or
encouraged in most human-graded work today, the system is
unable to know whether the response shows knowledge as a
result of a particular misconception.

The newer techniques enable the use of behavioral cues like
response time and error profiles in an adaptive system to
produce a highly accurate content suggestion, although even
these enhanced models pay little or no attention to the
enormous amount of linguistic data that students produce
during the course of learning tasks. This, therefore, leaves a
loophole in natural language-based adaptive systems that can
receive natural language as its main feed to obtain fine-
grained reasoning by students. The tutor proposed goes on
this improvement by incorporating NLP-based concept
detection that dynamically charges the feedback, thereby
reaching a higher degree of individualization in comparison
to rule-based or purely statistical systems (Sari et al., 2024).
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TABLE I COMPARATIVE FEATURES OF ADAPTIVE LEARNING SYSTEMS

System Adaptation Basis Input Type Feedback Mechanism | Evidence of Learning Gain
ALEKS Knowledge state Structured Fixed hints Moderate (10—15%)
estimation MCQ)

Knewton Predictive analytics Structured Automated remediation Reported (=20%)

Smart Sparrow Rule-based branching Mixed Instructor-authored Context-dependent
pathways
Proposed NLP-based concept Natural Contextual hinting + High (22-30%)
Assistant recognition language mastery loop

A comparison between major adaptive learning systems has
been presented in table II, and the differences between
current platforms and the assistant proposed have been
highlighted. The ALEKS and Knewton structure of
traditional systems is primarily founded on structured
responses, statistical estimation, and types of representation
that represent the paths of adaptation, depending on the
manifestations of predetermined patterns of performance.
Smart Sparrow supports mixed inputs; however, it still
requires instructors to use rule-based branching, written
manually. The proposed assistant makes use of an NLP-based
natural language processing engine, which can identify
conceptual gaps in student input in real-time at significantly
finer granularity level than existing systems can, which
allows it to provide more accurate feedback as well as
actually reflective dynamic changes taking into account the
individual needs of the learner which are reported to produce
greater learning gains than existing systems can (Demartini
et al., 2024).

2.2 NLP in Intelligent Tutoring Systems

The broad contextualisation of instructional conversation
through Natural language processing has therefore altered the
abilities of smart tutors to that of a system that relies on the
strict pattern-matching principles to comprehend the context.
The AutoTutor and other previous systems operated based on
keyed templates or scripts, where the message typed in by the
student contained the keywords that were recognized by the
system to provide a response. Thus, the only level of
flexibility and depth with which interactions could be made
was approximately through key scripting. This landscape is
today far broader since intent can be identified; conceptual
objects can be extracted; misunderstandings can be classified
transformer-based language models are more accurate and
resilient.

A two-way conversation facilitated by modern Natural
Language Processing tutors is a basic result of dynamic
adaptation to resemble some human tutoring characteristics.
It has been demonstrated that research and studies have been
more effective in maintaining and engaging learners and
enhancing self-efficacy when the system offers feedback-
from semantic analysis as opposed to static hinting or canned
response. Nonetheless, it is highly computationally
inexpensive having an adaptation mechanism that is
sufficiently transparent to all levels of different domains to
which the research concerns Modular Architecture separates
NLP and Adaptive within institutional infrastructure that is
interpretable data transparency (Lupasc, 2023). Figure NLP
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component process shows the steps through which the NLP
component works, starting with the text preprocessing step
through intent detection, concept mapping, and feedback
generation (Mathew et al., 2021).

2.3 Learning Analytics and Academic Performance

The selections of learning analytics are explained as the
record of interactions, performance data, and behavioral
signs that supply a contemporary adaptive learning
framework. Correlations have been observed to be strong
among composite measures of time-on-task; sentimentality
of student messages; the number of times hints are requested
or utilized, and ultimate course outcome or perseverance to
attain course aims. These kinds of visualizations given to
instructors enhance the instructional decision making
because they enable the instruction to be more useful in
addressing emergent challenges identified at an earlier stage
at finer granules of information.

In the context of the research, analytics serve as information
to the adaptive engine in the form of constant evidence of
performance and real-time actionable information delivered
to the instructors using monitoring tools. This analysis layer
constitutes a self-reinforcing feedback loop between the
learner action and system suggestion that ultimately results in
the enhancement of optimizing learning directions and
academic performance.

III.METHODOLOGY

This section discusses the methodology framework that was
applicable in the planning, construction, and testing of the
intelligent adaptive learning assistant. It is a design-based
research methodology that involves the development of the
system, controlled experimentation and performance analysis
(Doolittle et al., 2023).

3.1 System Development Framework

The assistant has a modular and scalable design and thus it
can easily be integrated with several Learning Management
Systems (LMS). There are three main components of the
system including the NLP Processing, the Adaptive Engine,
and the Analytics Dashboard. REST APIs provide a means
by which all these things can communicate with each other.
(see fig. 1) (Eriana & Subariah, 2025).
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3.1.1 Development Environment
e Language: Python 3.10
e Frameworks: TensorFlow 2.12 and PyTorch 1.13

e NLP Toolkit: spaCy, NLTK, and Hugging Face
Transformers

e Database: PostgreSQL 14 for logs of users and content
e Front-End: ReactJS works with the school's LMS

e Hosting: The app runs on a university cloud server using
Docker

The software environment allows the adaptive engine and the
NLP module to communicate with one another
simultaneously. The modules are independent of one another,
but all communicate via a conventional API format to ensure
that the information is constantly up to date and correct
(Eriana & Subariah, 2025).

@_’

A

Student Interface

Adaptive Engine

3.2 System Architecture and NLP Processing Pipeline

Fig. 1 shows the general system architecture of the proposed
NLP-based adaptive learning assistant. It is a three-core
framework that comprises of the NLP processing module, the
adaptive engine and the analytics dashboard. These modules
are linked with each other by REST-based APIs so that they
are modular, scalable, and enable real-time data
synchronization.

The NLP module is fed the input of the student interface as
free-text. The processed linguistic features are sent into the
adaptive engine which estimates mastery levels and decides
on personalized feedback strategies. At the same time, the
analytics dashboard captures interaction logs and
performance indicators that can be used by the instructor to
monitor and use in decision making.

Analytics Dashboard g gu 4

T Instructor Dashboard

T
L S3=="1

LMS / Database

e

lg——Personalized Feedbacl T

Fig. 1 Overall Architecture of the NLP-based Adaptive Learning Assistant Illustrating Data Flow Between Learner Interface, NLP Pipeline, Adaptive
Engine, Analytics Dashboard, and LMS

1. Text Preprocessing — tokenization, stop-word removal,
lemmatization.

2. Intent Detection — classification using a transformer-
based model fine-tuned on educational dialogue data.

3. Concept Mapping — linking key terms to the domain
ontology.

4. Feedback Generation — adaptive hinting using
templated and generative responses.

5. Dialogue Logging — capturing interactions for learning
analytics.

The internal workflow of the NLP processing of the student
provided free-text in the adaptive learning assistant is
expressed through fig. 2. The pipeline starts with a
preprocessing phase of text manipulation that aims at
standardization and normalization of raw data in linguistics.
This step involves tokenization to divide sentences into
separate lexical units, removal of stop-words to remove
semantically meaningless words, and lemmatization to

simplify inflexed words to their uninflexed forms. Such
preprocessing processes enhance semantic consistency and
dimensionality reduction thus increasing downstream
classification and concept recognition accuracy.

A transformer-based intent detection model that is based on
Bidirectional  Encoder  Representations based on
Transformers (BERT) is next applied to the normalized text.
The model has been optimized on labeled educational
dialogue datasets to categorize student queries under
pedagogically relevant categories, e.g. definition requests,
procedural clarification, conceptual misunderstanding or
problem-solving help. Transformer architecture-based
context-aware embeddings allow the system to identify
syntactic relationships and semantic subtlety even outside of
the surface-level keyword matching.

After the intent classification, a semantic concept mapping
module is used to extract relevant entities in a domain and
match them to an existing course ontology. This mapping is
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done based on the similarity between things based on the
cosine on the contextual embeddings to find the most similar
conceptual nodes in the knowledge graph. Connecting
expressions in a language to purposefully ordered
conceptualizations, the system identifies possible
misconceptions and identifies the current state of knowledge
of the learner at a granular level.

o
=

Student 'iext Input

=
‘!D = .

The | student | asks | a | question

studying — study; asks — ask

Lemmatization

Intent Detection (BERT)

2 @& 9: 95
o :

Query — Concept

!

Concept Mapping (Ontology)

850
o
'

Adaptive Feedback Generation
QI

Fig. 2 NLP Processing Pipeline for Student Input Interpretation
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3.3 Dataset Description

Two major sources were used to get the dataset:

e Educational Content Dataset- lecture notes, homework
and quizzes of computer science and math classes.
N = 1,200 documents

Student Interaction Logs-anonymous chat logs,
feedback documents and activity data in 240
undergraduate students over two semesters of study.

3.3.1 Data Preprocessing

All the text data was tokenized, normalized and lemmatized
using the spaCy library. Unimportant words, special symbols,
and system prompts that were not important were all
removed. Sentences were subdivided into instructional units
which were attached to some learning objectives. The data as
summarized in table III comprises course materials, dialogue
logs, and assessment records that are used together to aid in
concept mapping, model training and performance validation
(Lawrance et al., 2024).

TABLE III DATASET OVERVIEW

Data Type Source Records Purpose
Course Learning 1,200 Concept
Material Management | documents mapping and
System construction of
the knowledge
graph
Chat Logs Student— 9,560 Intent detection
Assistant sessions and feedback
Dialogue generation
Assessment Quizzes and 480 Performance
Results Exams records validation and
mastery
estimation

The table III presents the composition of data used in
developing and testing the NLP-based adaptive learning
assistant. Domain ontology and mapping of the instructional
concepts across the curriculum were constructed using the
course material obtained by LMS. The highest portion of a
dataset is chat logs that do contain actual student-assistant
interactions and which were utilized both in the intent
detection model and in tuning feedback generation
component. The outcomes of assessment including quizzes
and exams have been found to justify mastery prediction
performance when experimenting on mastery progression
over time are a source of information base that is adequate to
not only be used in developing the system, but also in
empirical assessment.

3.4 System Components

The proposed adaptive learning assistant is developed based
on three closely integrated units; NLP module, adaptive
engine and analytics dashboard. These elements interact via
REST-based APIs in order to provide scalability in modules
and real-time data exchange.
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The NLP module has five main functions: text pre-processing
(tokenization, stop-word removal and lemmatization), intent
detection with a BERT-based classifier trained on annotated
student interactions (93.2 percent accuracy), semantic
concept mapping with cosine similarity to the curriculum
ontology, hybrid feedback generation of template-based and
generative responses and structured dialogue logging to use
in downstream analytics (see fig. 2). This pipeline will also
allow the system to read the free-text input by the student and
identify gaps in concepts in real time.

The adaptive engine uses Bayesian Knowledge Tracing to
create an estimate of personal mastery and also dynamically
adjust task difficulty and sequencing of instructions.
Moreover, a reinforcement learning component maximizes
the feedback strategies by considering the performance
improvements that have been observed and the engagement
cues, and reducing the prediction error by using a constant
evaluation and feedback loop.

The performance indicators included by the analytics
dashboard are the accuracy of response and time-on-task, the
conversational quality indicators semantic coherence and
sentiment polarity, and the engagement indicators such as the
frequency and duration of the session. These analytics are
made available to instructors in real-time in the form of visual
dashboards, which allows identifying learning challenges
early and facilitates specific pedagogical intervention.

3.5 Experimental Design

3.5.1 Participants
The sample of the experiment consisted of 120 undergraduate
students whose ratio was divided into:

Experimental Group (n=60) — utilised adaptive learning
assistant.

* Control Group (n = 60) - used conventional e-learning
without adaptation.

The participants were all members of the Computer Science
Department and volunteered to participate with informed
consent (Stasolla et al., 2025).

3.5.2 Procedure
e Pre-test: a pre-test of the subject knowledge.

o Intervention: four weeks of learning under the help of
the assistant in an interactive manner.

e The same post-test as the pre-test to determine the
extent of learning of the student.

e Survey: the examination of the level of happiness of
users and the effectiveness they believe it possesses.
(Strielkowski et al., 2025).

3.5.3 Instruments

e Achievement tests (Cronbach’s a = (0.89).

e Engagement observation logs.
e Automated analytics reports.

e Instructor evaluation forms (Sajja et al., 2024).

3.5.4 Data Analysis

The R 4.3.2 was used to conduct statistical analyses.

t-tests were used to compare the improvements in the mean
scores.

Regression models were used in testing the effect of
interaction frequency and feedback type.

ANOVA compared group performances on various

performance measures.

Cohen d and eta 2 were used to report the effect sizes. The
experiment was carried out within a period of four weeks and
used a balanced sample as illustrated in table IV in order to
compare the adaptive and non-adaptive learning
environments (Li, 2025).

TABLE IV SUMMARY OF EXPERIMENTAL PARAMETERS

Parameter Description Value
Duration 4 weeks Continuous use
Evaluation Metric Learning Gain Pre—Post Test
Control Group No adaptation n =60
Experimental Group | NLP-assisted learning n =60
Statistical Test Paired t-test, ANOVA p <0.05

A review list of the most significant parameters which were
active at the experimental stage is provided in table IV. Put
differently, this intervention was conducted throughout four
weeks of system use during which the students were either
engaged with the adaptive assistant or its non-adaptive digital
counterpart. Learning gain-as determined by comparison
between pre-and post-tests was an evaluation metric that was
mostly to determine the instructional effectiveness. The two
groups were composed of 60 undergraduate students and thus
made the samples equal to each other in the context of making
comparative analysis. Some of the strong parameter settings
used in statistical testing included paired t-tests within a
group of ANOVA between groups at a significant level of p
<0.05.(inference) These are some strong parameters settings
in terms of developing the right methodology in which NLP
adaptivity occurs.

3.6 Ethical Considerations

The data were kept in encrypted institutional databases and
were not connected with an individual.

o Students gave their complete consent.

e The assistant was guided by the university regulations
of Al ethics.

e No individual identity or conduct information was
shared outside of the study parameters (Archita &
Saravanan, 2025).
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IV.RESULTS AND DISCUSSION

This section gives the empirical analysis of the suggested
NLP-based adaptive learning assistant based on quantitative
performance measures, qualitative analysis of feedback, and
ablation test. Learning gains and engagement efficiency,
retention and system component contribution are reported.

The results of the pre and post-tests indicated that students in
the experimental Group made a lot more learning compared

to their counterparts in the control group (Table V). Despite
the performance levels that were similar between groups in
the beginning of the performance (between groups) the
access of the adaptive assistant resulted in a significant
improvement of the post-test performance (intra-group
following their learning session). The experiment also
revealed steep declines in Time-on-task which indicates a
more effective learning process among the students and it was
also indicated through the retention rates that were constantly
high among the experimental Group.

TABLE V SUMMARY OF KEY LEARNING OUTCOMES

Metric Control Group Mean | Experimental Group Mean | Improvement (%) | Significance (p)
Pre-test Score 62.4 63.1 — —
Post-test Score 69.3 81.5 +17.6 <0.001
Learning Gain 6.9 18.4 +166.6 <0.001
Time on Task (min) 44.8 38.2 —14.7 0.032
Retention Rate (%) 83.5 94.1 +12.7 0.004
To imprqve interpretabili.ty of comparaftiye outcomes, ﬁg. 3 100
and 4 visually summarize key cognitive and behavioral
performance differences between the control and 90
experimental groups. %0
2z 70
%0 81.5 E
£ 60
80 £
g 69.3 %
8 70 E 50
en =}
g 60 ° 40
g E 3
350 a
el
g 40 20
=
330 10
g 20 18.4 0
g Control Group Experimental Group
10 6.9 Student Groups

0

Control Group Experimental Group

Student Groups

B Mean Post-Test Score Normalized Learning Gain

Fig. 3 Comparative Analysis of Post-Test Performance and Normalized
Learning Gain

Fig. 3 shows the comparison in the academic performance
between the experimental and control groups. The
experimental Group registered significantly a higher mean
score of 81.5 in the post-test relative to the control group
(69.3). Besides, the normalized learning gain of the
experimental (18.4) was considerably high as compared to
the control (6.9), with a 166.6 percent improvement. This
graphical analysis yields the effectiveness of NLP-based
adaptive learning assistant as an instruction tool to promote
conceptual learning and academic performance.
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Fig. 4 Comparison of Learning Efficiency and Retention Rate Between
Groups

Fig. 4 shows variance in behavior performance indicators in
the two groups. The adaptive assistant showed less time-on-
task (38.2 minutes) than the control group (44.8 minutes) and
those who used the adaptive assistant had better learning
efficiency. Moreover, the retention rates went up to 94.1 in
the adaptive state as compared to 83.5 in the conventional
setting. These results indicate that the mechanism of adaptive
feedback is enhanced by the inclusion of NLP-based
feedback, and it leads to better cognitive performance, as well
as the maintenance of engagement and prolonged
involvement.

These results were proved by statistical analysis. The mean
post-test performance of the experimental Group was much
greater than the mean pre-test performance (t (59) = 9.21,
p < 0.001), which is a large effect size (Cohen d = 1.19).
Moreover, learning gains also were positively associated with
the interaction frequency (r =0.62), indicating that the
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influence of interaction with adaptive feedback was directly
proportional to the level of interaction. The frequency effect
showed a similar strong association effect on the learning
outcomes (Table VI) in which it was suggested through
feedback that continuous learning instructional guidance was
being given.

TABLE VI CORRELATION BETWEEN FEEDBACK FREQUENCY

AND LEARNING GAIN
Feedback Mean Correlation Interpretation
Frequency Gain (r)
Low 9.3 — Limited
(=10 per week) improvement
Moderate 14.6 0.51 Noticeable
(11-20) progress
High (>21) 19.2 0.68 Strong positive
effect

These findings were supported by qualitative data obtained in
the form of interviews with instructors and students. The
instructors claimed that because of real-time analytics
dashboards, they could better see misconceptions about
students and intervene pedagogically earlier. The students
emphasized the particularity of feedback, the feeling of
greater motivation and utility of a conversation, stating that it
was easier to explain the conceptual error through contextual
explanations.

An ablation experiment was used to determine the
contribution of each system component by using three
configurations to assess the contribution of the system
components: baseline model with no adaptive review (Model
A), error-aware hinting (Model B), and the entire system with
adaptive feedback and spaced review cycles (Model C).
Table VII indicates that Model C had the most learning gain,
efficiency and student satisfaction. These findings affirm the
validity of the fact that NLP-driven feedback and
mastery-based adaptation are the key factors that drive
improvement in performance.

TABLE VII ABLATION TEST RESULTS

Configuration Mean Efficiency Student
Learning (Time/Task) Satisfaction
Gain (%)
Model A 11.4 1.0 68
Model B 15.2 1.1 81
Model C 18.4 1.2 92

Finally, the conclusions are that the combination of natural
language understanding and adaptive sequencing can provide
a much more personalized instruction compared to a standard
e-learning platform that is not dynamic. There was a marked
improvement both in cognitive and behavior aspects of
learning with the assistant decoding free-text input and
changing paths of instruction dynamically.

There are a number of weaknesses that must be admitted.
This test was only applied to disciplines in STEM and only
in a time period of four weeks thus long-term retention was
briefly measured. Lastly, intent classification feedback
depends on the existence of domain specific training data.
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Based on these observations, validation ought to be further
achieved across as well as extended instructional cycles.

A schematic figure shows the relationship between the
student interaction, NLP analysis, adaptive feedback, and
improved performance indicators. The flow enhances the
cycle of fig. 1-2.

V. CONCLUSION AND FUTURE WORK

This research proposed and confirmed a smart learning
assistant that incorporates transformer-based Natural
Language Processing, concept mapping based on ontology
and mastery-driven adaptive sequencing to improve student
learning results. The suggested modular design integrates a
NLP processing pipeline, adaptable decision engine and
analytics system to provide contextual instructional help. The
experimental assessment revealed statistically significant
individual academic indicators improvement. Mean post-test
score of experimental Group was 81.5 against 69.3 of the
control group (p < 0.001). Normalized learning gain
increased from 6.9 to 18.4, reflecting a 166.6% improvement,
while retention rates improved from 83.5% to 94.1%.
Additionally, time-on-task decreased by 14.7%, indicating
greater learning efficiency. The significant effect size (Cohen
d=1.19) proves the great educational contribution of the
proposed system. All these findings show that the
combination of intent-detecting, semantic-mapping, and
mastery-driven adaptation generates quantifiable cognitive,
behavioral, and performance improvements compared with
the traditional e-learning settings.

Even though the findings can be described as encouraging,
there are some limitations that give future studies an
orientation. The research involved a short intervention period
and specific fields of academics and this may limit the
application of research to the long run. Further studies will
incorporate longitudinal assessments of different fields and
institutions of practice to determine long-term retention and
generalizability. More improvements will be made by adding
reinforcement  learning to  support personalization
dynamically, multimodal interaction support such as speech
and affective inputs, and privacy-preserving federated
learning dynamics to be deployed at scale. The increased
real-time predictive analytics and optimization of adaptive
feedback will also enhance system responsiveness. In sum,
this study lays out a scalable and empirical groundwork in the
next-generation adaptive learning systems and outlines the
radical potential of NLP-enabled personalization in the
intelligent educational systems.
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