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ARTICLE INFO ABSTRACT

Article History Digitization of education has made education more accessible. With the growing
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Reviewed: January 5, 2026 to the needs and preferences of the learners. The learning can be customised by considering
Accepted: January 12, 2026 features such as persona type, skill level, learning goal, learning style, educational
Published: March 31, 2026 background, past knowledge, and memory span of learners. The tailored learning
Keywords: environments enhance learner engagement and significantly increase the number of learners
Case-Based Reasoning (CBR), who succgssfully achieve their eduqational goal. This work presents a re_commendatign
Collaborative Filtering (CF), system using the Case-Based Reasoning (CBR) and the Rule-Based Reasoning (RBR) with
Content-Based Filtering (CBF), the Bidirectional Encoder Representations from Transformers (BERT) model embedded for
Bidirectional Encoder sentence classification. The proposed integrated system has an F1 score of 0.74, indicating
Representations from the balance between making correct and useful recommendations, and a higher normalised
Transformers (BERT) Model, Discounted Cumulative Gain (nDGC) of 0.81 shows that the system ranks the most relevant
Customized Learning, learning modules at the top of the recommendation list. The classification of learning
Rule-Based Reasoning (RBR). objectives using the BERT model into predefined domains achieved an accuracy of 95%.

The system results in a structured learning path, which is more organized and engaging. The
system is beneficial to novice learners, as it reduces failure rates and improves completion
time of the learning process.

Copyright ©2026 by authors and the Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is
BY licensed under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

A Recommendation system is represented as a Decision Support System (DSS), which is used to support the users in decision-
making by providing the recommendations based on the analysis of crucial features of items, users, or past experiences. There are three
foundational methodologies used in developing a recommendation system: Collaborative Filtering (CF) [1], Content-Based Filtering
(CBF) [2], and Knowledge-Based Recommendation System (KBRS). KBRS is a privileged decision-support tool that provides
recommendations based on the knowledge base designed by domain experts [3]. RBR and CBR are two major reasoning approaches in
the KBRS that are widely used for developing the recommender systems. RBR is a deductive reasoning process, which discovers new
findings from a rule base consisting of logical ‘if-then rules’ based on domain-specific knowledge, and the rule engine executes and
controls the problem-solving process by matching rules of the rule base and facts of the problem.

CBR, on the other hand, utilises the previous experiences gained from the similar users to make the deductions for the new
learner. It may identify past learner profiles similar to a new learner and recommend learning paths that proved successful for past learners.
There are some issues associated with CBR and RBR approaches. CBR faces problems such as overspecialization, cold-start and limited
content analysis, e.g., The overspecialization issue in CBR occurs when a system repeatedly suggests items very similar to the learner
that he has already interacted with. The cold-start problem represents a situation when CBR is unable to provide appropriate suggestions
due to insufficient data. The limited content analysis issue in CBR means that the number and type of features related to learning modules
are limited.
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While this aspect ensures relevance, it reduces novelty and diversity in recommendations, limiting the ability of the system to
introduce new or unexpected items to learners. RBR also suffers from a knowledge acquisition bottleneck that means the process of
designing rules for the knowledge base requires intensive domain expertise, updating the rules as the learner’s needs change over time,
and scalability issues as more learners use the system, resulting in more data, which makes the rule-base more complex and the system
expensive. To address the various issues with standalone CBR and RBR, the integrated form of the CBR engine and RBR engine is
proposed. To develop Knowledge-Based Recommendation Systems, there are four possible approaches for combining the CBR and the
RBR [4], [5] engines. This paper utilises the integrated approach where the method of hybridisation is cascade, in which one engine
refines the recommendations given by the other engine.

Utilizing the combined advantages of both reasoning approaches, the proposed system offers the accuracy possessed by the RBR
engine and the experience adaptability exhibited by the CBR engine. By allowing the system to iteratively improve recommendations,
cascade hybridisation helps to mitigate frequent drawbacks, including modelling complexity, overspecialization, and cold-start problems.
The integration makes the system’s recommendation process more accurate and flexible. The first phase in the proposed approach is the
CBR engine, which uses a customized composite similarity metric called Contextual Persona-Scaled Similarity with BERT (CPSS-BERT)
to retrieve past cases. BERT is an open-source machine learning framework used in natural language processing (NLP). As BERT reads
text in both directions, it understands language better and produces smoother output than one-direction models, resulting in accurate
results.

The learner is asked to create the profile with all essential attributes, such as the earning goal, taken as input in sentence format,
and the BERT model classifies the sentences to the predefined domains using the CPSS-BERT similarity metric. The profile of the learner
is matched to a past successful learner’s case in the case-base. The second phase, which uses RBR, employs a set of rules that take into
account variables, including learner preferences, memory span, content complexity, and prerequisite completion rate. It refines the initial
learning path from the CBR to guarantee that the suggested learning modules are cognitively acceptable, instructionally cohesive, and
pertinent. By using the integrated CBR and RBR approach, the proposed system makes sure that the recommendations to the learner are
systematically structured and customized according to the learner’s preferences.

The integrated approach overcomes the drawbacks of the CBR and RBR by making the recommendations based on the past
cases that were successful in achieving the learners’ goals. In case there are no past learners in the system, some synthetic data is stored
in the case-base database. With the help of a synthetic dataset and rules of the RBR engine, the proposed system generates appropriate
customized recommendations even if there is no past learner’s case in the case-base database to match with the new learners. Through
the profile modelling and custom similarity metric, the system also solves problems such as cold start and data sparsity. Data sparsity
refers to the problem that occurs when the user-item interaction matrix is mostly empty because learners interact with a small number of
items. The proposed integrated recommendation system provides a reliable, flexible, and learner-centred solution for the e-learning
platforms. Key contributions of the proposed recommendation system are as follows:

1. An integrated recommendation framework that combines a CBR and an RBR engines in a layered pipeline. In the proposed
system, CBR first retrieves relevant learning paths based on past learners’ profiles. The output is then refined by RBR with pedagogical
and persona-specific rules to finalize the most suitable path.

2. A solution to the cold-start problem using persona-weighted feature prioritization and BERT-based learning goal similarity
allows interpretation of free-text learner goals.

3. A comprehensive set of pedagogical rules are defined based on memory span, learning goal, learning style, and skill level of
learners. These rules ensure that recommendations are coherent, manageable, and align educational content with the learner’s capability.
4, A progressive profiling mechanism is employed that tracks the learner’s activities over time through assessment scores after
completing each session and every module. Session consistency represents the engagement of the learner, resulting in improved
customization and enhanced quality of the case-base for future CBR retrieval.

The remaining paper presents the following sections: Section Il discusses related work of the previous research that has been
done in the field of Recommendation systems and e-learning; Section Il outlines the methodology of the proposed system with a block
diagram; Section IV discusses the implementation of the system using case study; Section V demonstrates the results of evaluation metrics
used for validation and comparative analysis of CBR, RBR and the proposed integrated system while section VI concludes the paper.

Il. LITERATURE REVIEW

Recommendation systems have gained importance in the field of research over the past few decades. E-learning platforms
especially need these smart systems more than ever, mainly to create customized learning paths based on the performance and habits of
individual learners. The most widely used methods in the field of e-learning are CF, CBF and KBRS, but these methods have several
problems: the cold-start problem, limited control in teaching, and customization of the learning environment. CF systems work with a
large amount of data that is presented in the form of learning items, which is difficult for new learners or matching of new items to the
existing items. Four different approaches to developing hybrid systems are gaining significance as they ensure adaptability and
customization [4], [5].

Hybrid approaches such as weighted, switching, mixed, and cascade to combine the power of multiple recommendations are
outlined [6]. The objective is to enhance the knowledge retention capacity of the learners through the recommended solutions. But
numerous hybrid models still lack transparency and pedagogical correctness. CBR has been proposed as a suitable approach due to its
ability to retrieve and adapt past learner cases that share similar objectives and learning paths. Foundational work outlines the
impactfulness of CBR in problem-solving scenarios, while later studies [7] demonstrated its applicability in areas like tourism
recommendation. However, when applied to education, particularly in structured domains such as cybersecurity, CBR by itself falls short
of providing the necessary pedagogical dimensions.
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To overcome this issue, RBR has been integrated with CBR to incorporate domain-specific rules to solve this problem. A hybrid
system in medical decision-making was reported [8]. A multi-layered architecture [9] in the field of e-learning is proposed, while a hybrid
adaptive system utilising expert rules and ontology matching is presented [10]. The recommendation systems are based on semantic
intelligence, persona awareness, and adaptive path control [11-13], whereas MOOCs and intelligent teaching systems have been outlined,
in which the number of current Recommendation systems uses various features like framework design, learner memory retention, and the
objective of the learning [14], [15].

As the representation of data of knowledge database is crucial to recommend solutions, the study [16] proposed a framework for
a knowledge graph that is multidimensional, in which it models the progress of the learner, prerequisite modules, and content structure
and similarly. ERSDO, which is an ontology-based system [17], is presented that dynamically customise learning modules and their
connections. A Crop Recommendation System [18] using machine learning is proposed that generates recommendations about suitable
crops based on the climate and the soil. The data-driven approach of the work presents how adaptability is enhanced through predictive
modelling. A trust-aware model using Deep Matrix Factorization [19] is proposed that presents the accuracy and reliability of the
recommendation that can be improved by integrating the trust level of the user.

A movie Recommendation system is outlined [20], showing that the adaptability and customization can be improved by using
the hybrid and deep learning approaches. The hybrid recommendation systems using the sentimental analysis is presented [21], which
demonstrates the importance of adaptive profiling and ranking of learning modules in the field of e-learning. The above-mentioned studies
describe that the most common recommendation systems in e-learning are driven by CF, CBF and KBRS, and some of them are semantic-
based, ontology-based or hybrid as well, but they fail to make a recommendation system that is adaptable, transparent, pedagogically
precise and customised and solves the issues such as cold start, data sparsity, overspecialization, etc.

This paper proposes a system that combines CPSS-BERT for semantic learning goal similarity enhanced by persona-weighted
feature mapping, RBR for expert logic enforcement, and CBR for historical learner case retrieval. The BERT model [22], [23] has been
utilised for analysing the learning goal, as it works well with modelling, classification and relevance of textual information. This multi-
layered pipeline ensures that the learners are precisely matched to past successful cases, pedagogically correct, and adaptive to the
learners’ preferences. The proposed system is designed to use an integrated approach that tightly couples the CBR and RBR and ensures
that it is adaptable to any type of domain where accuracy, pedagogy, and adaptiveness are significant.

I1l. RESEARCH METHODOLOGY

With education shifting from conventional classrooms to online platforms, there is a growing need for intelligent systems to help
students reach their goals by providing them with customized educational content based on their individual profiles, including background,
past knowledge, skill level, and so forth. The growing demand for customized learning also presents a significant challenge in the field
of e-learning. This paper outlines an integrated recommendation system for customized e-learning that tightly couples the RBR engine
within the CBR cycle. The proposed system helps the learners to achieve the learning goal through appropriate recommendations
according to the learner’s preferences, goals, and receptiveness. It uses two types of knowledge-based reasoning: CBR and RBR. The
proposed system is deployed within a learning management platform designed to support customized learning paths for each learner.

It provides learner-specific profiles that include information such as persona type, learning goal, prior knowledge, skill level,
memory span, preferred learning style, and content format. After the profile modelling phase, the profile of the learner is given as the
input in the CBR engine, which has four processes. The first process uses a customized similarity function, CPSS-BERT; the system
identifies past learner cases that are similar to the target learner. The similarity function encompasses both the profile’s attribute matching
and the learning goal comparison to the predefined domains using BERT embeddings, which is often used for quality e-learning through
assessment, relevance of domains to the learning goal, and textual analysis [24]. The CBR engine generates initial learning path
recommendations for the RBR engine. After the initial recommendations are made, the initial learning path is given as input to RBR.

A set of rules are applied to validate, refine, and organize the learning path pedagogically. These rules are designed to implement
content prerequisites, align instructional difficulty with the learner’s receptiveness, and ensure a pace that matches the capacity of the
learner. The rules ensure that the learning path is aligned with the learner’s preferences. The system supports adaptive content delivery
by recommending multiple learning styles, such as text, video, labs, and projects, which is based on the learner's given preference of style
and performance history. It also provides time-based estimates of course completion by measuring study sessions on a daily basis, which
help learners to plan lessons more effectively.

With the combined strength of CBR for finding the past similar learner’s case and the RBR engine for rules filtration, which
refines the learning path recommendation, the proposed recommendation system provides a customized, adaptive, and pedagogically
suitable e-learning environment. The integrated approach of CBR and RBR engines improves learner involvement, ensures efficient time
utilization, and improves knowledge acquisition in e-learning environments. The proposed recommendation system is designed to develop
customized learning paths and modules by analysing the learner’s receptiveness, preferences, goal, content duration, session duration,
and session consistency, as illustrated in Figure 1. A detailed explanation of each phase is provided below.

1.1 REGISTRATION AND LOGIN

Learners use the proposed system through an e-learning platform that works for both new and existing learners. Existing learners
can directly log in to the e-learning system and get access to the customized dashboard, which contains progress reports of the previously
chosen learning paths. New learners are asked to complete a registration process before logging in. Login data contains details of the
learner, such as email ID, password, age, gender, and so on. Once the successful authentication is completed, new learners are redirected
to the profile modelling phase.
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Figure 1: Block Diagram of the Proposed Integrated Recommendation System for E-Learning.
Source: Authors (2026).

111.2 PROFILE MODELLING

Following the completion of authentication, new learners are directed to the profile modelling phase, where attributes of the
learner that are most crucial for an online education, such as the learner's persona type, learning goal, skill level, background, memory
span, learning style, and prior knowledge, are gathered through a questionnaire. A quiz is designed to gauge the previous knowledge of
the learner using the learning goal, skill level and background. The content recommendations and a personalised learning path are guided
by the learner's profile. The next phase involves the CBR engine, which is the core of the proposed system.

111.3 CASE-BASED REASONING (CBR) ENGINE

Once the profile modelling phase is complete, then the attributes of the learner’s profile are given as the input to the CBR Engine
as the profile data, as illustrated in Figure 1. The profile data contains the learning goal, the learning preferences, and receptive capacity.
CBR is employed for retrieving and adapting learning paths from previously retained learner cases in the case-base database that are
similar to the new learner. The retrieval in the CBR engine is done by using a customized composite similarity function called Contextual
Persona-Scaled Similarity with BERT Fusion (CPSS-BERT).The CBR engine operates through the CBR cycle, consisting of four steps—
Retrieval, Reuse, Revision and Retain—that systematically align and adapt leaner profiles to generate customized learning path
recommendations. Algorithm 1 for a CBR, which returns the final adapted case, is described below. This helps the system to learn from
past learner experiences while adjusting to the needs of each new user. Each phase of the CBR engine is discussed below in detail.

Algorithm 1

1. Initialize pre-trained BERT-based similarity model, CPSSggpy.
2. Initialize empty list:
Scored_Cases « @
3. For each case ¢ € KB:
a. If c. descriptionis missing, set
Caese < concat(c.module_titles)
b. Compute BERT-based semantic similarity between uand c:
Ju'Yc
1gulllgell
where g, and g.are embedding vectors of uand c.
c. Compute attribute-level similarities (if available):
(i) Categorical attribute:

Simgppr(u,c) =1—

A lindex(u)=index(c)|
Simy(u,c) = 1 — R ndex@)l

”lﬂXV{'“Sl(”l('P
(ii) Set-based (multi-select) attribute:

e luncl|
Sime(u,c) =

luvcl|
(iii) Numerical score attribute:
lu=cl|

Simp(u,c)=1—-

max_score
d. Compute overall similarity by combining structured and semantic similarities:

n
Simeprq(u,c) = az wy - Simg(u,¢) + (1 — @) - Simgggr (4, )
r=1

e. Append cases and its score:
Scored_Cases « Scored_Cases U {(c, Simypa (1, €))}
4. Sort Scored,qesin descending order of Simy,.q, (U, ©).
5. Select top-k similar cases:
Topy = Sorted(Scored_Cases)[1: k]
6. Return Topy.

Source: Authors, (2026).
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111.3.1 Retrieve: CPSS-BERT Similarity Matching

On the completion of the profile modelling phase, the learner’s profile is matched against a case-base of prior learners using a composite
similarity function called CPSS-BERT. Each structured attribute f in the learner profile such as skill level, memory span, background,
learning style, prior knowledge and assessment score, are compared with the corresponding attribute in a previous case ¢, using tailored
similarity functions that return a normalised similarity score Sim(u, c) in the range [0,1], where:

i) u: the new (target) learner's profile.

ii) c: a past learner case from the case-base.

iii) f: a specific feature/attribute.

iv) w: the persona-specific weight assigned to the feature f, based on its relevance to the learner’'s motivational type.

For different types of attributes, this study employs different metrics such as categorical distance, set-based Jaccard, and numerical score
distance [25], [26]. For ordinal features such as skill level, the similarity is computed using a normalized distance metric, as given in (1)
as,

. _ _ |index (u)—index(c)|

Slmf (u,c) =1 max _distance (1)
In the ordinal similarity function, index(u) and index(c) represent the respective index positions of the learner and the historical

case for a given ordinal feature. The variable max_distance denotes the maximum possible index difference in this ordered list, which

ensures normalisation of the similarity score between 0 and 1. When the new learner and past learner case have multi-select categorical

preferences, the Jaccard similarity shown in (2), which works on categorical data, is computed.

Simy(u,c) = LIl 2

luuc|

The Jaccard similarity is used for comparing categorical set-based attributes such as learning styles based on the intersection and
union of preferences between the new learner and a past learner case. In this context, |u N c¢| denotes the count of shared styles of learning
between the learner u and the case c. Conversely, |u U c| denotes the total number of distinct learning styles present across both profiles,
capturing the full diversity of preferences expressed by either case. For numerical attributes such as assessment scores obtained from prior
knowledge quizzes and module test scores, similarity is calculated by normalizing the absolute difference between learner and case scores
using (3).

simy(u,¢) = 1= 2 @

The numerical similarity is calculated using assessment scores, where u represents the quiz score of the learner, ¢ is the score
from a past learner case, and max_score represents the maximum score that is possible (commonly 100). This approach normalizes the
similarity between the two scores on a scale from 0 to 1. Once similarity scores are calculated for features like skill level, learning style,
and memory span, they are scaled using feature-specific weights wy, that are assigned dynamically based on the learner’s persona. For
example, a beginner or new learner may benefit more from features like past knowledge and memory span, while professional may focus
on learning objectives and preferred content type. The retrieve step comprehends the meaning of the learning goal in sentence form given
by the learner, and the similarity between the learner’s and the new learner’s goal is calculated using (4), which is based on the cosine
similarity measure used in Sentence BERT [27].

. _ _ Ju—-9dc

Sime(uc) = 1= 2 g “)
In(4),g, —and g. — representthe semantic embedding vectors of the learner’s and the past learner’s case goals, respectively,

Il g, = |l and || g. — || denote the Euclidean magnitude of vectors. This component ensures adjustment between the semantic intent of

the learner and previous learners, even if text given by the learner differs significantly. The final overall similarity score Sim;,qq; (u, ¢) is

derived in (5) by combining the weighted sum of all structured similarities with the semantic similarity:

Simeorais(u, ) = a Yfoy wp.Sime(u,c) + (1 —a) . Simpggr (u, ) (5)

Where the parameter a € [0,1] is a tuneable weight that controls the comparative importance of the structured feature-based
resemblance and the semantic correlation derived from BERT embeddings. A higher value of a places more emphasis on the structured
attributes such as skill level, memory span, and learning style, while a lower value shifts the focus towards semantic alignment of learning
goals. Here, n represents the total number of structured features, wy is the persona-weighted importance of feature f, and Sim,(u,c) is
the similarity score for feature f between the current learner u and a historical case c. The term Simggrr (1, ¢) quantifies the semantic
similarity between the new learner's stated goal and of the past learner’s case, using cosine similarity on BERT-generated embeddings.
The top-k past learner’s cases with the highest total similarity scores are selected using the CPSS-BERT similarity function for generating
the learning path of the new learner.
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111.3.2 Reuse: Learning Path Retrieval

The learning paths are extracted from the top-k retrieved past learners’ cases. These paths consist of sequences of modules, for
example, videos, texts, labs, etc., associated with the target learner’s goal. Modules frequently appearing among the top-k cases are
prioritized, and their success outcomes, such as completion rate and failure rate, are factored into an initial learning path for the new
learner. Once the initial learning path is generated, it is transferred as input to the next phase—the case-adaptation engine.

111.3.3 Revise: Case Adaptation Engine

After the retrieval and reuse process completed by the CBR Engine, the proposed system presents a Case Adaptation Engine,
which implements the Revise step. The learning paths are adapted according to the new learner profile, which are retrieved from the
previous past cases. The adaptation process considers various major personal characteristics to customize the learned path based on the
current learner's environment, such as the learner's daily study slots available, as they represent typical learning habits that are used to
determine pace and estimated completion time for each module. The learner's memory span, whether short, medium, or long, impacts the
intervals of repetition content and review modules to facilitate efficient learning.

The learner’s learning style preferences are included in the learning path given by the recommendation system. Each module on
the recommended path is thoroughly analysed and tailored to fit the unique attributes of the learner.The duration of each module is
adjusted based on the daily hours offered by the learner. The level of educational content is customised based on the learner's previous
knowledge and capability; individuals with lower evaluation grades or shorter retention capacity are offered basic modules and
supplementary revision-based material. The content format is tailored to the learner’s preferred style; for example, text modules may be
replaced with videos or interactive labs.

Adaptation rules ensure that the retrieved learning path from the case-base is adapted according to the learner's needs and
preferences, which results in the initial learning path. This step is executed before the RBR engine phase, which takes the initial learning
path as input and refines it more. The Case Adaptation Engine follows Algorithm 2 described below. The customized recommendation
contains a studied set of learning modules consisting of theoretical material, videos, labs, and evaluations customized to the ability of the
learner, memory span, learning style, and declared learning goals. It is a basic learning path, maximized for relevance and engagement,
that will be further tested and finalized by the RBR engine to provide pedagogical integration and lesson alignment.

111.3.4 Retain: Case Storage and Update

After the complete representation of the case-base data, rule refinement, learner interaction, and progress tracking, the system
monitors the outcomes and retains the updated learner case, including profile, learning path, and results in the case-base database. This
enables continuous improvement and adaptability of future recommendations. If a learner successfully completes the learning path, the
system stores that learner's case in the case-base database with the learning path for future case-based retrieval, as shown in Figure 1
above.

111.4 ONTOLOGY-BASED KNOWLEDGE MODELLING

The ontology model organizes the knowledge content into a set of interconnected entities that collectively define the pedagogical
and learner-centred aspects of the system. E-learning course strategy is represented as the central entity that connects the four major
components, such as learner’s profile, learner’s behavior, learner performance, and content structure. The entities and their attributes are
stored in the data dictionary that serve as the semantic input source for the RBR engine in the system. The integration of the ontology
model with the RBR engine forms the semantic bridge between structured data and intelligent decision-making. During execution, the
ontology retrieves relevant pedagogical and learner-specific information from the data dictionary and provides it as semantically
structured input to the RBR engine. The RBR engine then applies predefined instructional and pedagogical rules to match ontology
attributes with suitable learning modules. The working of the RBR engine is explained in detail in the following phase.

Algorithm 2

1. Initialize Initial Learning Path «— @ (empty)
2. IF learning_Styles is a single string, THEN convert it into a list.
3. For each (Case, Score) in Extracted_Learning_Paths:
a. Set Modules List «— Case.Modules
b. Initialize Filtered Modules < @ (empty)
c. For each Module in Modules_List:
For each Style in Preferred_Styles:
IF Style partially matches Module.Format (case-insensitive),
THEN Add Module to Filtered_Modules and break the inner loop.
d. IF Filtered_Modules is empty, THEN assign original Modules_List as fallback.
e. Update Case.Modules < Filtered _Modules
f. Append updated Case to Initial_Learning_Path
g. IF optional case limit k is reached, THEN exit loop.
4. Return Initial_Learning_Path
End

Source: Authors, (2026).
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111.5 RULE-BASED REASONING (RBR) ENGINE

The initial learning path that is generated by the CBR engine based on the learner's profile is fed to the RBR engine as input that
further enhances the learning path through pedagogical logic. The RBR engine follows Algorithm 3 described below that fine-tunes the
learning sequence. The role of the RBR engine is to enhance the instructional validity of the learning path by applying domain-specific
rules developed by a domain expert of curriculum principles and prerequisite modules. The refinement process begins with the retrieval
of pedagogical metadata from the case-base database. This metadata covers aspects such as module difficulty level, prerequisite
relationships, learning modules, and memory span indicators. These pedagogical descriptors are organised in the learning modules in a
smart way so that the order of recommended modules matches both the learner’s personal needs and proper educational design principles.
The set of rules defined by the domain expert are applied to the initial learning path generated by the system to refine it iteratively.

111.6 PROGRESS TRACKING MODULE

The proposed system tracks the progress of the learner through learning activities, which helps to observe the performance and
engagement level of the learner. It also suggests areas where the learner can improve. The data of the progress tracking is stored in the
progress database that acts as a centralized hub for containing and maintaining the actions performed by the learners during the
engagement with the proposed system. Data in the progress database contains session-specific metrics like session duration and session
consistency and performance metrics like completion rate, failure rate, and recurrence rate of the learner. Learning preferences are tracked
by observing the formats that the learner interacted with most, such as videos, labs, text, or projects. The database provides validation
checks for the learner’s initially declared preferences. The system also takes into account content structure, such as verifying whether
learners are engaging] well with the structured, and pedagogically accurate modules and whether the content is up to date.

This may flag any system inconsistencies for subsequent revision. Based on these factors, the system calculates an overall
engagement assessment called Engagement Flag. This flag indicates various states of the learners: Success, denoting completion of the
learning path, and Recurrence, reflecting repeated revisits of modules, or Failure: showing the low engagement or incomplete modules.
The results, along with session metrics, are stored in the Progress Database. If a learner successfully completes the learning path, the
system stores that learner's case in the case-base database with the learning path for future case-based retrieval, as shown in Figure 1
above. The refining of the learning path makes sure that the proposed recommendation system evolves as real learner data increases and
ensures the adaptability and correctness of the system.

Algorithm 3

1. Initialize Final_Learning_Path «— &
2. Retrieve Memory_Span, Learning_Style, Skill_Level from Learner_Profile
3. For each Case in Adapted_Cases:
a. Set Modules List «— Case.Modules
b. Initialize Refined Modules — ¢
Rule 1 - Memory Retention:
IF Memory Span is short, THEN add a learning model M with revision frequently.
IF Memory Span is long, THEN add a long duration learning modules.
Rule 2 — Define the difficulty level of the Module:
For each learning module M in Refined Modules,
IF Module.Difficulty > Skill_Level of learner, Then add basic modules in the learning path.
Rule 3 — Structure the content according to the preferred Learning style:
For each M in Refined Modules,
IF Module.Format # Learning Style of the learner, Then insert a different style of modules.
4. Assign Case.Modules < Refined Modules
5. Add the learner’s Case to Final Learning Path
6. Return Final Learning Path
End

Source: Authors, (2026).
IV. IMPLEMENTATION OF THE PROPOSED SYSTEM

To demonstrate the application of the proposed integrated recommendation system, a detailed walkthrough is presented for a
new learner interacting with the e-learning platform offering cybersecurity education. This case study illustrates how each phase of the
methodology is applied to construct a customized and pedagogically precise learning path for the learner, using structured profile
modelling, integrated case-based rule-based reasoning-driven recommendation, and intelligent content sequencing. Python’s
Transformers and TensorFlow 2.0 libraries were used to implement the BERT model along with the Hugging Face library of Python
transformers. The proposed recommendation system is implemented using Python 3.13.0 and React.js is used for the front-end framework.
The case study for the new learner is mentioned below.

IV.1 CASE STUDY

Anew learner, Riya Sharma, visited the e-learning platform for the first time. Upon accessing the registration page, Riya created
an account by entering her name, email, and basic credentials. Once Riya registered and logged in to the system with the valid login
credentials successfully, she was redirected to the profile modelling phase.
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It is the first phase of the proposed system, where the learner gives inputs and answers the various questions like the persona of
the learner; that is, which category the learner belongs to, such as college student, job seeker or professional looking for a career change.
Riya selected the college student as her persona. The next set of questions include the learning goal in the form of a sentence. The system
used the BERT model to classify the learning goal to the predefined domains. For the cybersecurity e-learning, she entered the learning
goal as “I want to become an ethical hacker”, which was then classified to the ‘ethical hacking’ domain of the proposed system. This
classification helps the system to ensure that the learning path only contains the learning modules related to the given learning goal of the
learner. Furthermore, she selected her skill level, which had the three options such as beginner, intermediate or advanced. She selected
the beginner level as her level of skill. She was also asked to choose from which background she belonged, such as tech or non-tech. She
selected tech as her background, as she knew about the computer fundamentals and could complete basic modules without any difficulty.

She was also asked for her preferred learning style, such as text, video, lab or projects. The system presented her a quick test on
the principles of general computing and logic to evaluate her past knowledge. Riya scored 30%, indicating limited baseline knowledge.
This score was recorded and used to tailor the learning path, ensuring she begins with foundational concepts. Subsequently, Riya answered
behavior-based questions to estimate her memory span. Based on her responses, she was classified as having a medium memory span,
suggesting an average retention capacity and a need for moderately paced content review. Upon the completion of the profile modelling
phase, all collected data was stored in the learner profile database. The structured profile was input to the CBR engine, which started the
recommendation pipeline by finding similar past learner cases using Algorithm 1 that employs the CPSS-BERT similarity function using
(5) to combine the similarities of each attribute individually as obtained using (1-4). Overall similarity of learners was obtained using (5)
depending on the weights given by the academicians to the attributes for persona types as shown in Table 1.

Table 1: Weight assigned to attributes according to the Persona of the learner.

Feature Student Career Switcher Enthusiast Professional
Skill Level 0.25 0.30 0.30 0.20
Prior Knowledge (Quiz) 0.30 0.25 0.25 0.20
Memory Span 0.20 0.10 0.15 0.15
Learning Style 0.10 0.15 0.10 0.15
Content Preference 0.10 0.10 0.10 0.20
Learning Goal (BERT) 0.05 0.10 0.10 0.10

Source: Authors, (2026).

As there were 3 past cases stored in the case-base database, namely, Case A, Case B, and Case C. The values of similarity for
each case attribute are given below:

Case A: Skill = 1.00, memory span = 0.50, learning style = 0.50, prior knowledge = 0.98, learning goal = 0.98, background = non-tech
0),

Case B: Skill = 0.50, memory span = 0.50, learning style = 0.25, prior knowledge = 0.65, learning goal = 0.225, background = non-tech
0),

Case C: Skill = 1.00, memory span = 1.00, learning style = 0.25, prior knowledge = 0.95, learning goal = 0.99, background = tech(1).

The system first calculated the similarity of the new learner to Case A, where each attribute was computed and multiplied by the
weights. And the overall similarity score was obtained as 0.795. Similarly, the similarity of Case B and Case C was computed, where the
achieved similarity scores for Cases B and C were obtained as 0.481 and 0.834, respectively. The top similar past learners were Case C
(highest) and Case A (the second highest). From these retrieved cases, top similar cases such as A and C were passed to Algorithm 2,
which extracted the learning paths from the top similar past learners and shortlisted the desired learning modules, which resulted in the
initial learning path as depicted in Figure 2. The resulting initial learning path was fed as input to the RBR refinement engine, where
pedagogical rules were applied. The RBR engine used Algorithm 3 for refining the learning path. The rules of RBR filtered out modules
as per Riya’s current skill level, reordered the content based on prerequisites, and matched content formats to her preferred style.

After rule refinement, a final customized learning path was generated and displayed to Riya on her dashboard as shown in Figure
3. The dashboard also included an introductory message highlighting the estimated duration, content types included, and next phases to
begin the learning journey. As Riya engaged with the system and interacted with learning modules, the system tracked the learner’s
activity and behavior, which helps in computing her performance metrics. The system analysed Riya Sharma's progress data to calculate
the performance metrics, such as completion rate, failure rate, and recurrence rate. Out of 10 learning modules in her ethical hacking
learning path, Riya successfully completed 8, failed 1, and left 1 module incomplete. Furthermore, the system calculated a completion
rate of 80%, indicating a successfully achieved learning goal and strong engagement of the learner.

% Initial Learning Path W # Final Learning Path #

Learning Journey

Intro to Ethical (video)
Linux (Text)
ad {Project)

-Exploitation {Lab}

Se ; ne: Ethical Hacking Video (Project)
Figure 2: The initial learning path extracted and adapted to Figure 3: The final learning path generated according to the
learner’s profile using Algorithm 2. learner's need using Algorithm 3.

Source: Authors, (2026). Source: Authors, (2026).
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The failure rate of the learner was obtained as 20%, representing challenges in advanced topics and leaving the learning journey
in the middle. Revisiting three modules, Riya exhibited a 37.5% recurrence rate, which corresponded to her moderate memory span and
need for reinforcement.

V. RESULTS AND ANALYSIS

In this section, evaluation of the proposed system was performed. A total of 100 participants were considered for the study. The
participant’s learning goals were classified in six predefined cybersecurity domains: web security, bug bounty hunter, network security,
penetration testing, ethical hacking, and Android security, The study may be extended to other domains of different subjects. The
integrated system makes the profiles of a learner, and uses the BERT model to analyse the learning goal to classify it. The evaluation of
the BERT model is given below.

V.1 BERT MODEL PERFORMANCE

The BERT model used the publicly available “Attack Dataset” from Kaggle.com [28]. The dataset was processed to handle
inconsistencies, archive class balance, and ensure relevance for learning goal classification. The performance of the BERT model was
evaluated using the standard classification metrics—Accuracy, Precision, Recall, and F1-score. Here, True Positives (TP) represent
sentences correctly classified into their intended category, True Negatives (TN) denote sentences not belonging to the desired category,
False Positives (FP) indicate sentences incorrectly assigned to a chosen category, and False Negatives (FN) correspond to sentences
belonging to a category but were not correctly classified. The BERT model was trained on a total dataset of 14,134 labelled sentences,
where the values of TP, TN, FP and FN were obtained as 11,800, 1,650, 344 and 340, respectively. The resulting system achieved an
accuracy of 0.95, a precision value of 0.97, a Recall value of 0.971, and an F1-score of 0.971. These results confirm the BERT model’s
robust contextual understanding, enabling accurate and intelligent domain classification. The subsequent section computes the metrics
used for validating the proposed recommender system.

V.2 VALIDATION OF THE PROPOSED SYSTEM

The performance of the proposed system was evaluated through the metrics mentioned below. Metrics such as Precision, Recall,
F1-score, Normalized Discounted Cumulative Gain (nDCG) [24], the Instructional Coherence Rate (ICR) [25], Learning Path
Effectiveness (LPE) [29], and the Engagement Score [30] were utilised to validate the projected system. The three different approaches
of KBRS, such as CBR-only, RBR-only and the proposed integrated system, were compared. The resultant values of the validation metrics
are given in Table 2, which outlines that the proposed integrated system outperforms the standalone CBR and RBR systems. The
integrated system, for instance, obtained the highest precision (top 5 recommendations) score of 0.78, indicating that the top five
suggestions were pertinent. It presented a higher percentage of all appropriate resources for learners, as shown by Recall (Top 5
recommendations) score of 0.70. The value of the F1-score (top 5 recommendations) was obtained as 0.74, which strikes a compromise
between Recall and Precision, representing a balance between suitable recommendations and identifying all useful learning modules.

Table 2: Comparison of CBR, RBR and Integrated System.

Metric CBROnly | RBROnly | Proposed Integrated Recommendation System
Precision 0.68 0.70 0.78
Recall 0.60 0.58 0.70
F1-Score 0.64 0.63 0.74
nDCG 0.69 0.68 0.81
Engagement Score (/10) 6.2 6.5 8.4
ICR 0.72 0.76 0.89
LPE 0.75 0.77 0.91

Source: Authors, (2026).

With a nDCG of 0.81 (Top 5 recommendations), the integrated system had the highest ranking, indicating the most relevant
items were placed higher in the list of recommendations. The comparison of CBR-based, RBR-based and integrated CBR-RBR, using
the set of metrics is illustrated in Figure 4. The results show that both individual models were surpassed by the integrated proposed
approach across the evaluation metrics.

Model Comparison Across Metrics
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= Hybrid (CBR-to-RBR}
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Figure 4: Comparison of CBR, RBR and Integrated System.
Source: Authors, (2026).
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V1. CONCLUSIONS

This study proposed an integrated recommendation system using the BERT model that outperforms the standalone CBR-only
and RBR-only systems. The integrated system overcomes the issues of the traditional recommendation systems like CF, CBF, and KBRS.
The proposed system solves the cold-start problem by integrating the pedagogically and expert-designed rules of the RBR engine in the
CBR cycle for non-existing past learners’ cases. The CBR engine addresses the issue of data sparsity by using the past cases only if
explicit data of the learner was insufficient, and in that case, RBR provides a fallback expert recommendation. The custom CPSS-BERT
metrics used the BERT model to classify the learning goals of the learners, which helped the system to recommend more customised
learning paths that resolved the overspecialization to some extent.

The integrated recommendation system achieved an engagement score of 8.4 out of 10, suggesting that learners showed the
highest engagement and completed most of the modules in the suggested learning path. With an Instructional Coherence Rate (ICR) of
0.89, most of the recommended learning paths followed the right order and fulfilled the necessary requirements of learners. The Learning
Path Effectiveness (LPE) value of 0.91 indicated that a majority of the learners effectively completed the prescribed paths and achieved
high scores in the post-assessment phase. The proposed system provides a consistent and learner-centred solution for the e-learning
platforms.
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