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Abstract

Personalized learning pathways in digital education platforms have become essential for addressing the unique
needs and behaviors of individual learners. However, traditional adaptive systems often fail to account for the
uncertainty, ambiguity, and inconsistency inherent in educational data. This paper proposes a novel neutro-
sophic decision-support framework that models learner profiles using truth (7"), indeterminacy (1), and falsity
(F') scores derived from student interaction and performance data. Utilizing the Open University Learning
Analytics Dataset (OULAD), we compute neutrosophic learner vectors based on assessment outcomes, en-
gagement patterns, and virtual learning environment (VLE) activity. A rule-based decision engine then rec-
ommends adaptive learning pathways—ranging from remedial to advanced—by interpreting the T/I/F distri-
butions through a neutrosophic logic framework. Experimental results demonstrate that the proposed model
enhances pathway assignment accuracy and provides better support for learners with incomplete or uncertain
data compared to traditional fuzzy and crisp models. The neutrosophic approach also ensures interpretability
and flexibility, making it well-suited for real-world educational platforms aiming to achieve adaptive learning
at scale.

Keywords: Neutrosophic logic; Adaptive learning; Decision support system; Educational data mining; Un-
certainty modeling; OULAD dataset

1 Introduction

The transformation of education through digital platforms has created unprecedented opportunities for per-
sonalized and adaptive learning. As education shifts from traditional classrooms to data-driven online envi-
ronments, understanding and addressing individual learner needs has become a critical research challenge.
Adaptive learning systems attempt to tailor content, pace, and difficulty to the learner’s profile; however, these
systems often rely on precise and complete input data—an assumption that fails in real-world learning scenar-
ios where ambiguity, incompleteness, and conflicting indicators are prevalent.

The data generated in digital learning environments can form enormous learner streams in the form of clicks,
evaluation outcomes, course participation, and attendance. Although such data are helpful, in most cases,
they are also problematic because such students can miss the tests, procrastinate on viewing materials, or even
present inconsistent activity given external circumstances. Such data uncertainty cannot be well absorbed
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in classical machine learning and fuzzy logic approaches resulting in less than optimal recommendations of
learning pathways.

This study develops a new decision-support model in the form of neutrosophic logic to overcome these weak-
nesses. The extension of fuzzy logic, known as the neutrosophic theory, is the only theory that can model the
uncertainty via three independent levels of memberships namely the truth (7°), indeterminacy (/), and falsity
(F). This description as a triplet can be viewed as more nuanced view of student learning behaviors when
there might be missing data, late data or conflicted data. The proposed framework has the benefit of robustness
and flexibility due to the integrative use of neutrosophic sets into the adaptive learning pipeline which allows
a flexible and robust stratification and pathway assignment to learners.

This study is based on the empirical background of the Open University Learning Analytics Dataset (OULAD).
It provides a complete picture of student activities in various dimensions which include their performance
during assessment, virtual learning environment (VLE) interactions as well as history of course enrolment.
The complexity of such data makes it possible to create attenuated learner profiles (neuroticism) that would
not only show their observable performances but also their latent doubts.

In this paper, the learners are formulated as vectors of the performance and engagement measures. These vari-
ables are converted into aneutrosophic triplet (7', I, F'), representing the success, ambiguity and disengagement
levels of the learner respectively. An interpretive mechanism in the form of a rule-based decision system is
then invoked to derive personalised learning pathways-e.g. remedial, intermediate or advanced. Such a prac-
tice not only accommodates the needs of successful and struggling learners, but also considers the existence
of learners with less certain or fixed profiles, always an item forgotten by more conventional systems.

The trial of the suggested framework is executed by several experiments involving the comparison of the
proposed cerebral neutrosophic model with classical rule-based systems and fuzzy systems. Such performance
measures as classification accuracy, interpretability as well as robustness to data loss are examined. The
findings support the hypothesis to prove that the adaptability and relevance of the learning path suggestions
are considerably enhanced by setting up the model of neutrosophic.

In addition to its technical contributions, this research underscores the importance of uncertainty modeling in
educational decision-making. By embracing the complexity and imperfection of real learner data, the neu-
trosophic approach paves the way for more human-centric and effective educational technologies. It holds
promise not only for online education but also for hybrid and classroom-based learning systems that aim to
support personalized instruction at scale.

The rest of the paper is organized as follows: Section [2] reviews the literature on adaptive learning and neu-
trosophic decision models. Section [3]describes the OULAD dataset and preprocessing techniques. Section 4]
presents the proposed neutrosophic modeling framework, including equations and algorithmic structure. Sec-
tion@ discusses experimental results, followed by conclusions and future directions in Section

2 Literature Review

Recent advances in neutrosophic theory have led to its increasing application across domains where uncer-
tainty, imprecision, and incomplete information dominate, including education, finance, healthcare, and in-
telligent systems. The core motivation behind neutrosophic modeling lies in its ability to separately capture
degrees of truth, falsity, and indeterminacy, thereby enabling more expressive decision-support systems.

Alnagbi and Fouda? in the field of educational improvement have studied the question of combining ChatGPT
and feedback via social media by using neutrosophic sets in order to analyze and individualize educational
strategies in the context of higher education. They showed in their analysis that vague responses of students
could be captured by the use of neutrosophic logic that would result in more adaptive rating of the faculty
teaching styles. On the same note, Usmanova'l used the neutrosophic theory and time series analysis to
study the effects of economic growth and fiscal policy on poverty to empower policy-makers to understand
the effectiveness of the policy when faced with indeterminate trends in the data: a strategy highly similar to
adaptive education interventions where the nature of learners is changing over time.

DOI: https://doi.org/10.54216/1JNS.270114 148



International Journal of Neutrosophic Science(IJNS) Vol. 27, No. 01, PP.147-165, 2026

In the preparation of the smart forecast and classification, Abdelfattah et al.,” presented the neutrosophic-based
sentiment analysis which is designed to enhance stock market prediction. They handled contradictory signals
in financial news well with the strength of wrapping the neutral space logic in the case where fuzziness and
ambiguity are embedded. The same conceptual basis was used in the comparative research by Sulaymanov”
as the analyst based his assessment of the multi-year financial performance of banks with the help of a neu-
trosophic method. His contribution focused on the reliability of the method in benchmarking in conditions of
inconsistency in economic indicators.

The usefulness of neutrosophic advances has also been used in healthcare and bio-medical applications. Sert
and Avci® proposed the method of brain tumor segmentation based on the combination of neutrosophic and
fuzzy-based entropy model, which resulted in the accuracy of the tumor identification that was improved even
on the basis of uncertain imaging data. Following this direction, Bedair et al? applied the CNN-LSTM
structure with the contribution of the neutrosophic theory of sets in the framework of predicting the presence
of dorsalgia by the shape of the spine. Their system exhibited robustness to both noisy and missing clinical
features, which can be related to the education-based problems concerning incomplete response history of
activities of a student. On the same note, a similarity analysis was conducted by Saeed et al” to identify
fertility patterns caused by infection via using Fermatean neutrosophic sets, demonstrating that neutrosophic
logic could be used to interpret complicated human behavior based on partial and recessive data.

Engineering and control systems-wise, Fayed et al* showed the occupation detection based on sensors by
means of neutrosophic feature fusion. Their model was superior to the traditional techniques because it em-
braced vague sensor outputs, which can be applied to online learning sites where the engagement information
could not be exhaustive or even conflicting. Kadali et al offered a three-staged method of boosting the iden-
tification of crime clusters by implementing neutrosophic logic. Such a strategy was very flexible, in recording
regional uncertainty and spatial inconsistency, which were also evident characteristics of student geographic
engagement behavior within virtual campuses.

Rivieccio® gave some theoretical background on neutrosophic logics, and investigated its theoretical potential-
ity and the technical constraints. It is this independence of T I and F components that his work critically looked
at and formed the basis of the interpretability of neutrosophic decision models in dynamic environments. In
the meantime, Abduvaliev et al!¥ offered a neutrosophic analytical tool to evaluate innovation drivers as the
aspect of the development in Uzbekistan. This work put great stress on the modeling of qualitative properties
such as ambiguity in government reforms- a line of inquiry that also reflects uncertainty in the educational
reforms that are policy driven.

Together, these studies demonstrate the versatility of neutrosophic logic across technical, social, and cogni-
tive domains. However, few works have fully operationalized this theory for personalized learning pathway
decisions in digital education systems. The current research addresses this gap by integrating neutrosophic
entropy, cosine similarity-based classification, and interpretive modeling to support adaptive decisions under
learner uncertainty.

3 Dataset Description

The experimental validation of the proposed neutrosophic decision-support framework is conducted using the
Open University Learning Analytics Dataset (OULAD).” This publicly available dataset provides comprehen-
sive, multi-dimensional educational data from the UK-based Open University. It contains records for over
32,000 students enrolled in various online and blended courses across multiple academic terms.

3.1 Files and Attributes Used

For this research, we utilize seven core files from the Open University Learning Analytics Dataset (OULAD),
each contributing unique and interlinked information about students’ demographic profiles, behavioral data,
academic progression, and engagement with the virtual learning environment. The integration of these files
enables the generation of rich learner vectors suitable for neutrosophic transformation.
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* studentInfo.csv
This file provides a comprehensive overview of each student’s demographic and academic background.
Key attributes include:

id_student — Unique identifier for each learner.

- gender, region, highest_education — Sociodemographic variables.

imd_band - Socioeconomic deprivation index.

disability — Indicates whether a student reported any disability.
— final_result — The final outcome of the course, which serves as the ground truth label (Pass,

Fail,Withdrawn,orDistinction).

These variables help in segmenting learners and evaluating how background characteristics relate to
performance and pathway assignment.

* studentAssessment.csv
Contains students’ detailed performance on individual assessments. Key attributes:

id.assessment — ID linking to assessment type and schedule in assessments.csv.

id_student — Maps to learner information.

date_submission — Days since course start the submission was made.

score — Numeric grade (out of 100) earned in the assessment.

This file forms the basis for computing the truth membership 7; by analyzing average, max, and variance
in assessment scores.

* studentVle.csv
Captures detailed log data about learner activity in the online learning platform. Attributes include:
— id_student, id_site — Map student access to specific learning resources.
— date — Days since course start that the interaction occurred.
— sum_click — Total number of clicks recorded on the resource for that day.

Used to calculate engagement scores F; and behavioral consistency (e.g., regular access, spikes or inac-
tivity).

* assessments.csv
Provides metadata on all assessments used across courses. Attributes:

- id-assessment — Primary key.
— assessment_type — Type of assessment (TMA, CMA, or Exam).
— date — Scheduled due date of the assessment (in days since course start).

— weight — Weight of the assessment toward the final grade.

It complements studentAssessment.csv to determine lateness and weighting in performance
aggregation.

* courses.csv
Lists metadata about course offerings:

— code_module, code_presentation — Course and semester identifiers.

— length — Duration of the course in days.

Serves as a reference table for structuring timelines and normalizing time-based metrics (e.g., time-to-
first-submission, inactivity windows).

« studentRegistration.csv
Logs enrollment and withdrawal data for each student-course combination. Attributes:

- id_student,date_registration, date_unregistration
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Used to identify gaps between registration and actual course start, voluntary withdrawal behavior, and
duration of engagement.

* vle.csv
Describes the learning resources and content types available in the VLE. Attributes include:
— id_site — Unique identifier of the resource.
— activity-type — Nature of the resource (e.g., forum, lecture, quiz, reading).
— week_from, week_to — Content availability duration.

Enables categorization of student interaction by content type, which can be later linked to performance
features or engagement variability.

These files were merged using relational keys such as id_student, code_module, and id_assessment
to create a longitudinal and multidimensional dataset. This enriched dataset was the foundation for construct-
ing the neutrosophic learner profile vectors, facilitating uncertainty-aware analysis and classification.

3.2 Feature Extraction

To model learner behavior and performance in a neutrosophic context, we extracted and engineered a set of
features from the unified dataset. These features are mapped into the neutrosophic domain as triplets (7', I, F),
which represent the degrees of truth, indeterminacy, and falsity for each learner profile. The extracted features
are as follows:

Final Result:

Extracted from student Info. csv, this categorical feature (Pass,Fail,Withdrawn,orDistinction)
is treated as the ground truth label. It is used for validating the classification accuracy of the proposed
neutrosophic pathway assignment model.

Assessment Score Metrics:

Derived from studentAssessment . csv, this includes the mean, maximum, and standard deviation
of the scores obtained in tutor-marked assignments (TMAs), computer-marked assignments (CMAs),
and exams. These statistics are normalized to [0, 1] and used to compute the truth membership value
T;, representing the learner’s academic reliability and success level. Late submissions are penalized in
scoring to increase realism.

Engagement Metrics:

Extracted from studentVle. csv, these include the total sum of clicks on all VLE resources, average
clicks per week, and most recent activity timestamp. These metrics reflect the student’s level of digital
participation and are used in the computation of T; (as a proxy for learning effort) and F; (as a signal of
disengagement when clicks are very low or sparse).

Registration Gaps and Behavior Timing:

Calculated using studentRegistration.csv and assessments. csv, this includes:
— Delay between course start and actual registration (registration lag).
— Days to first assessment submission.
— Early or late withdrawal patterns (if any).

These behavioral timing features indicate irregular learning behavior and are incorporated into the inde-
terminacy score [; and occasionally into falsity F; if the patterns suggest intentional disengagement.

Missing Data Ratios:

Computed by detecting nulls, zero click days, skipped assessments, and unsubmitted TMAs. These con-
tribute to the indeterminacy component [;, as missing or sparse activity creates ambiguity in modeling
learner intent or ability.
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* Behavioral Variability:
Measured using the standard deviation in weekly activity levels and variation in assessment scores.
High variability is interpreted as instability or inconsistency and is partially weighted into I;, reflecting
uncertainty in predicting student behavior over time.

Each of these features is normalized (min-max scaling or z-score normalization, depending on distribution),
and then aggregated to form the inputs for the neutrosophic transformation phase. The output is a structured
learner profile represented as:

L, =(T;,I;,F;)

This profile serves as the core input for the rule-based classification engine that recommends adaptive learning
pathways.

3.3 Preprocessing Steps
Several preprocessing procedures were applied to prepare the dataset for neutrosophic modeling:

* Data Cleaning: Records with incomplete student identifiers or missing assessment IDs were removed.

* Imputation: Null values in engagement and assessment fields were replaced with feature-specific means
or marked for indeterminacy weighting.

¢ Normalization: Numeric features such as click counts and scores were min-max scaled to ensure con-
sistent neutrosophic transformation across metrics.

¢ Temporal Feature Engineering: Registration duration, time-to-first-assignment, and days since last

activity were derived to enrich the learner behavior model.

These features serve as input variables in constructing the neutrosophic learner profile vectors, defined as
triplets (75, I;, F;), which are further used for adaptive pathway classification.

Table 1: Sample Features Extracted from OULAD for Neutrosophic Profiling

Feature Source File Description

Final Course Result studentInfo.csv Pass/fail/withdraw labels used for evaluation
Avg. Assessment Score studentAssessment.csv Performance across TMAs and exams

VLE Click Count studentVle.csv Measure of learning engagement

Click Gaps / Spikes studentVle.csv Temporal behavior during course
Registration Lag studentRegistration.csv Delay between registration and first activity

3.4 Dataset Source

The dataset is publicly accessible at:

https://analyse.kmi.open.ac.uk/open_dataset

4 Methodology

This section outlines the proposed neutrosophic decision-support methodology for assigning adaptive learning
pathways to students based on uncertainty-aware profiles constructed from educational activity and assessment
data. The methodology includes data transformation, neutrosophic modeling, rule-based classification, and
decision generation.

DOI: https://doi.org/10.54216/1JNS.270114 152


https://analyse.kmi.open.ac.uk/open_dataset

International Journal of Neutrosophic Science(IJNS) Vol. 27, No. 01, PP.147-165, 2026

4.1 Overview of the Framework

The proposed architecture takes raw learner interaction and assessment data as input and processes it through
four stages: (1) Feature extraction and preprocessing, (2) Neutrosophic transformation, (3) Pathway classifi-
cation, and (4) Decision recommendation. A schematic view of the system is shown in Figure [T}
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Figure 1: Methodology diagram of the proposed neutrosophic decision-support framework.

4.2 Neutrosophic Set Representation

Traditional logic-based models assume binary or fuzzy truth values for decision-making, which limits their
ability to handle uncertainty and incompleteness common in real-world educational environments. To address
this, we adopt a formal **neutrosophic set-based representation** that extends classical and fuzzy set theo-
ries by incorporating three independent membership components: **truth (T)**, **indeterminacy (I)**, and
**falsity (F)**. This section defines the mathematical foundation for modeling learner profiles using **Single-
Valued Neutrosophic Sets (SVNS)** and optionally **Interval-Valued Neutrosophic Sets (IVNS)**.

Definition: Single-Valued Neutrosophic Set (SVNS)

Let X be a universal set. A Single-Valued Neutrosophic Set A in X is defined as:
A= {(z,Ta(z), Ia(z), Fa(z)) |z € X}
where:
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o Ta(zx) : X — [0,1] is the truth-membership function.
* I4(z) : X — [0,1] is the indeterminacy-membership function.

o Fy(x): X — [0,1] is the falsity-membership function.

Each component 7', I, and F' is independent and satisfies:
0< TA(LB) + IA(.')S) + Fy(z) <3

This allows more expressive modeling compared to fuzzy or intuitionistic fuzzy sets, especially when some
data is missing, incomplete, or contradictory.

Learner Modeling using SVNS

Let L; be the feature vector representing the i-th student:
L; = [Si, Ei, M;, 0]

where:

¢ S;: Normalized mean assessment score.
* E;: Normalized engagement score (clicks, activity).
* M;: Missing data ratio.

* o;: Behavioral variability (standard deviation of activity).

Using this, each student is mapped into a **Single-Valued Neutrosophic Learner Vector**:

N; = (T3, 1;, F)

The components are computed using weighted combinations of educational metrics as:

Ti=01-Si+as - E; (D
Ii=p1- M+ B2 -0y 2
F=1-T,-(1-1,) 3

with:
O[1+O[2:17 61+52:17 andOSnthFZSl

Empirical tuning in our implementation used: a; = 0.6, as = 0.4 (more weight to academic performance),
and 51 = 0.7, B2 = 0.3 (higher penalty for missing data over variability).

Optional Extension: Interval-Valued Neutrosophic Set (IVNS)

In environments with high ambiguity, we optionally extend to Interval-Valued Neutrosophic Sets:

A= {2, [Ty (2), T ()], [[; (2), I (2)], [F (%), Fi (@)]) | = € X }

This allows each learner’s neutrosophic membership to be represented as confidence intervals based on vari-
ability or measurement error, enhancing robustness in adaptive decisions.
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Interpretation in Education Context

¢ A student with high T; (e.g., 0.85), low I; (e.g., 0.1), and low F; (e.g., 0.2) is considered confident,
consistent, and likely successful — suitable for an advanced learning track.

* A student with moderate T; (e.g., 0.6), high I; (e.g., 0.5), and moderate F; (e.g., 0.4) indicates unstable
behavior with conflicting signals, best suited for an intermediate path.

* A student with low T} (e.g., 0.3), high F; (e.g., 0.8), regardless of I;, is flagged for remedial learning
intervention.

This formalization ensures that indeterminacy is not just “noise” but a measurable component of the decision
logic, crucial for real-time personalization in digital education platforms.

4.3 Mathematical Model for Membership Calculation

To operationalize the neutrosophic learner profiles defined in Section we construct a mathematical model
to compute the truth-membership (7;), indeterminacy-membership (I;), and falsity-membership (F;) values
for each student 7. These components are calculated based on observed educational behavior and performance,
and they serve as the basis for subsequent adaptive decision-making.

Let each student i be represented by the normalized feature vector L; = [S;, E;, M;, 0;], where:

S; € [0, 1]: Average assessment score (scaled).
* E; €0, 1]: Normalized engagement score (e.g., total VLE clicks or log-in activity).
* M; € [0, 1]: Missing data ratio (fraction of unsubmitted assessments or skipped weeks).

* 0; € [0, 1]: Behavioral variability (standard deviation of activity or performance).

Computation of Neutrosophic Components

We now define the neutrosophic membership functions as follows:

1. Truth Membership Function (7;) The truth degree quantifies the extent to which the student shows
clear signs of success and consistency. It is derived as a weighted linear combination of performance and
engagement:

Ti=a1-Si+a- E; “4)

Where:
ar+ay =1, aj,ay€l0,1]

In our experiments, we used a; = 0.6 (assessment performance) and as = 0.4 (engagement), reflecting the
assumption that academic results are a stronger success indicator than interaction frequency.

2. Indeterminacy Membership Function (I;) The indeterminacy degree models uncertainty or ambigu-
ity in the learner’s behavior. It is influenced by: - **Data incompleteness (e.g., missing assessments)** -
**Behavioral inconsistency (e.g., variable submission times)**

Ii = B1- M+ B2 - 0y ()

Where:
Pr+p2=1, B1,p2€[0,1]

Default values used: 81 = 0.7, 82 = 0.3, prioritizing missing data over behavioral volatility.
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3. Falsity Membership Function (F;) Falsity represents the student’s potential disengagement or failure
risk. We use a nonlinear coupling between T; and I; to compute F;:

F=1-T;-(1-1,) (6)

This function behaves as follows: - When 7; is high and I; is low — Fj is low. - When 7} is low and I; is high
— Fj is high.

This nonlinearity ensures that even a seemingly strong performer (7}) is penalized if indeterminacy is high.

Constraints and Validity Conditions

To satisfy the neutrosophic formulation:

0<T;,I;;F;<1 and 0<T,+IL+F <3

We apply the following: - All input variables are normalized to [0, 1]. - Weight parameters o1, e, 81, B2 are
set to ensure total convex combinations.

Example Calculation

Consider a student with: - S; = 0.7, E; = 0.6, M; = 0.2, 0; = 0.3
Using the model:
T,=0.6-0.7+0.4-0.6 =0.66
1;,=0.7-02+0.3-0.3=0.23
F;,=1-066-(1—-0.23) =1—0.66-0.77 = 0.4918

Resulting in a neutrosophic profile:
N; = (0.66,0.23,0.49)

This student is moderately successful, with low ambiguity and borderline falsity — suitable for an intermediate
learning pathway.

Extension: Neutrosophic Confidence Score (Optional)

We define a **Neutrosophic Confidence Score** C; to aggregate the membership degrees into a single inter-
pretable metric:
C;=T-1-1L) - 1-F) @)

This metric favors high truth, low uncertainty, and low failure risk. It can be used as a supplementary tool for
instructors or visualizations.
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4.4 Neutrosophic Pathway Classification

Once a student’s neutrosophic learner profile N; = (T;, I;, F;) is constructed using the model described in
Section[4.3] the next step is to classify the student into one of the three adaptive learning pathways:

1. Advanced Pathway: For confident, high-performing, and stable learners.
2. Intermediate Pathway: For average performers or inconsistent learners.

3. Remedial Pathway: For learners at risk of disengagement or failure.
While a rule-based approach offers interpretability, we enhance it with neutrosophic logic by introducing:

¢ A Neutrosophic Decision Matrix (NDM)
¢ A Neutrosophic Similarity Measure

* An optional Neutrosophic Entropy Score

We define ideal neutrosophic membership vectors for each pathway based on desired learner characteristics:

Table 2: Neutrosophic Decision Matrix for Learning Pathways

Pathway Ideal Truth 7" | Ideal Indeterminacy /* | Ideal Falsity ™
Advanced 0.85 0.10 0.05
Intermediate 0.60 0.30 0.30
Remedial 0.35 0.40 0.70

Each student’s neutrosophic vector is compared against these ideal class vectors using a similarity metric.

We use a cosine similarity function to compute the closeness between learner N; = (T}, I;, F;) and each ideal
class vector Cy, = (T, Ix, F):

Sim(N;, Ci) LTy + Lily + FiFy,
im(N;, =
F VIZ+I2+F?\/T? + I? + F?

The student is assigned to the class k with the highest similarity:

P, = arg max Sim(N;, Cy)

This method accommodates learners whose profiles don’t fit cleanly into crisp thresholds and leverages all
three components jointly.

For baseline and interpretability, we also retain the original rule-based classifier:

e Advanced: If T; > 0.75 and I; < 0.20
¢ Intermediate: If 0.5 < T; < 0.750r 0.20 < I; < 0.50
¢ Remedial: If 7; < 0.5 and F; > 0.5
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While interpretable, this method lacks the granularity of similarity-based classification and does not account
for cases with mixed memberships or close proximity between classes.

To measure the degree of uncertainty or dispersion in a student’s neutrosophic vector, we define an entropy-like
function:

E;, = —(T;logT; + I;log I; + Fjlog F;)

Higher entropy indicates less confidence in any specific class and signals that the learner’s pathway should be
reviewed periodically. This score is useful for flagging ambiguous learners for manual academic intervention.

Consider a student with:
N; = (0.62,0.28,0.35)

We compute:

Sim(N;, Advanced) = 0.78, Sim(N;, Intermediate) = 0.95, Sim(/V;, Remedial) = 0.62

Thus, P; = Intermediate

This ensures that even if 7T; is borderline, the combination of I; and F; is considered holistically in pathway
determination.

Each learner : is finally labeled with a predicted pathway P; and optionally accompanied by:

* Their neutrosophic profile (T3, I;, F;)
 Similarity scores to each pathway
* Neutrosophic entropy E; (if used)

This enriched classification output supports both automated system decisions and transparent human interven-
tion when necessary.

Compared to traditional deterministic or even fuzzy methods, neutrosophic modeling:

» Explicitly captures indeterminacy caused by missing submissions, irregular logins, or erratic scores.
* Allows dynamic adaptation to uncertain or contradictory learner signals.
* Offers a scalable structure for integration into LMS platforms for real-time personalization.
The proposed framework relies on transforming learner activity and performance metrics into neutrosophic

triplets (7', I, F'), followed by a rule-based classification mechanism to assign adaptive learning pathways.
The algorithm below outlines the complete process.

Algorithm 1 Neutrosophic Adaptive Pathway Assignment
Input: Learner dataset D = {Ly, Lo, ..., L, }
Output: Pathway labels { Py, P, ..., P, } for each learner
1 foreach learner L; € D do
2 Extract normalized features: S;, F;, M;, o0; Compute neutrosophic truth value: Ti=o1-S;+as- E;
Compute neutrosophic indeterminacy: I; = B1-M;+B5-0; Compute falsity: F,=1-T;-(1-1,)
if T; > 0.75 and I; < 0.2 then
‘ Assign P; <+ Advanced
elseif 0.5 < T; < 0.750r 0.2 < I; < 0.5 then
‘ Assign P; < Intermediate
else
L Assign P; < Remedial

® N A N AW

9 return { Py, P», ..., P,}
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5 Implementation

This part expounds the entire implementation pipeline of the proposed adaptive learning pathway assignment
neutrosophic decision-support scheme. The implementation process will involve implementation of structured
data preprocessing, calculation of the values of neutrosophic membership, monitoring using entropy, classi-
fication based on similarity, and benchmarking of model. The individual stages have been configured in a
manner that makes them interpretable, and capable of standing the test of uncertainty within the data of learner
behaviors.

5.1 Environment and Tools

All of the experiments were carried out in a Jupyter Notebook kingdom in Python 3.10. The data integration
and model computing on the computing platform was set up to run on an Intel Core i7 processor and 16 GB
RAM. The following open-source libraries were utilized: Pandas was used to work with structured data and
merge tables; NumPy was used to create efficiency in terms of performing numerical operations, such as fea-
ture transformation and entropy calculation; Matplotlib and Seaborn were implemented to generate heatmap,
scatter plot, and entropy figure using bold-style font; and, Scikit-learn was implemented to provide utilities to
normalize data, establishing a baseline classifier, and assessment metric such as the performance of the model.

5.2 Data Ingestion and Integration

Multiple components of the Open University Learning Analytics Dataset (OULAD) were utilized. The file
studentInfo.csv supplied demographic features and final results, while studentAssessment.csv
contributed individual assessment scores and submission timestamps. Engagement data were extracted from
studentVle.csv, which recorded the number of clicks and the type of VLE material accessed. Ad-
ditional structural metadata such as course presentation timing and assessment types were sourced from
courses.csvand assessments. csv, respectively. All datasets were integrated using the keys id_student,
codemodule, code_presentation, and id_assessment, ensuring that each learner’s profile was
consistently represented across all features.

5.3 Feature Engineering for Neutrosophic Transformation

From the integrated dataset, four key features were extracted for each student: normalized average assessment
score (.5;), normalized engagement score measured via VLE clicks (F;), proportion of missing records (M;),
and the standard deviation of temporal engagement behavior (o;). These features capture both academic
performance and behavioral patterns. Each feature was scaled to the [0,1] range using min-max normalization.
To reduce the influence of noise from extreme behavioral outliers, features like click counts were capped at the
95th percentile. The resulting feature vector formed the basis for transforming each learner into a neutrosophic
profile.

5.4 Neutrosophic Transformation Engine

Each student was transformed into a neutrosophic triplet N; = (T}, I;, F;) based on the features extracted.
The truth membership value 7; was computed as a weighted combination of academic performance and en-
gagement: 1; = «a15; + asFE;, where the weights oy = 0.6 and ay = 0.4 emphasized performance over
raw interaction. The indeterminacy membership I; reflected uncertainty in learner behavior and was com-
puted as I; = (1 M; + PBa0;, with weights 57 = 0.7 and S = 0.3, placing higher importance on missing
data. Finally, the falsity membership F; was derived using the nonlinear interaction between 7; and I;, as
F, =1—1T;-(1—I;). This formulation ensures that high falsity is generated when both truth is low and
indeterminacy is high, consistent with the behavior of uncertain or at-risk learners.
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5.5 Similarity-Based Classification Module

The similarity-based classification strategy has also been used to group each learner as either Advanced, Inter-
mediate or Remedial pathway. A set of ideal neutrosophic vectors was determined in advance on each pathway,
representing ideal combinations of truth, indeterminacy and falsity. These vectors in each class were then com-
pared to neurostophic profile of each student using cosine similarity. The similarity score was computed as dot
product between the neutrosophic vectors of the learner and the class, and dividing by their respective mag-
nitude. The learner was posted to the class where he or she had the most similarity. This led to making sure
that there were no cases of misclassification because of strict borders and also facilitated seamless changes
between pathway boundaries.

5.6 Entropy-Based Indeterminacy Monitoring

The uncertainty of classification of each student, as well as to be able to determine the vague profiles of learn-
ers, neutrosophic entropy was calculated employing the formulation of E; = —(T;logT; + L;logl; + FilogF;)
where i is the number of students. The presence of high values of entropy denoted that there were more
balanced values of T/I/F components which meant that no characteristic membership proved to be dominant
in a profile of a learner. Students that had entropy greater than 0.9 also had manual academic review, since
automated systems could not give sufficiently confident advice about their behavior.

5.7 Baseline Comparison Models

To use as benchmarks, two more models of classification were carried out. The former was a sharp threshold-
based classifier that was simply based on assessment scores (i.e., S;) and channeled pathways based on pre-
determined cutoffs. The second was a fuzzy inference system with triangular membership functions on the
variables S i and E i which imitated intermediate behaviour between deterministic and neutrosophic logic. Ac-
curacy, the mean absolute error (MAE), root mean square error (RMSE), and resistance to missing information
were used to test these models and the neutrosophic classifier.

5.8 Output Format and Logging

The system output at the final stage involved the provided unique ID of the learner, the computed neutrosophic
triplet D, estimated pathway and the score of each predicted pathway as well as entropy score- E. These
values were written in CSV format with structure which was later used to create visualizations like heatmap,
histogram of entropy and 3D scatter. It is these outputs that have been used to represent the analytical results
to be presented in Section [6]

6 Results and Discussion

This section suggests an exhaustive analysis of the given neutrosophic decision-support framework regarding
an adaptive learning pathway classification. Theorethical presentation with evaluation of the performance
relative to common threshold-based and fuzzy logic-based models, with focus on interpretability, precision
under uncertainties on the data, and neutrosophic modeling accuracy are provided.
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6.1 Evaluation Metrics

To assess the effectiveness of the classification outcomes, the following standard and neutrosophic-specific
metrics were used:

¢ Accuracy (ACC): The percentage of correctly classified students when pathway prediction P; matches
the final course result group.

e Mean Absolute Error (MAE): Measures the average absolute deviation of the predicted class index
from the true class index, treating pathways as ordinal values (Remedial = 1, Intermediate = 2, Advanced
=3).

* Root Mean Square Error (RMSE): Quantifies the square root of the average squared deviations.

* Neutrosophic Entropy Index (NEI): The average entropy score of all classified students to assess
model uncertainty handling.

* Coverage of High-Uncertainty Cases: Proportion of students with I; > 0.4 and/or E; > 0.9 that were
still confidently classified (similarity > 0.8).

6.2 Experimental Setup

A total of 3,725 student records from the OULAD dataset were used after preprocessing. The dataset was
stratified across modules and final outcomes to ensure representative distribution. The data was split as follows:

* 70% for training the neutrosophic decision profile thresholds.
* 30% for validation and evaluation of classification performance.
6.3 Comparative Analysis

Table 3| shows a comparison between the three classification models.

Table 3: Performance Comparison Between Classification Models

Model Accuracy (%) | MAE | RMSE | NEI | Coverage (%)
Crisp Threshold (Score only) 68.4 0.76 0.94 - 62.1
Fuzzy Logic (Score + Engagement) 72.1 0.61 0.88 - 68.4
Neutrosophic Model (T/1/F) 79.3 0.43 0.69 0.52 91.7

The neutrosophic model significantly outperforms both crisp and fuzzy models in terms of accuracy and ro-
bustness, especially in high-uncertainty cases. Its ability to explicitly quantify and incorporate indeterminacy
makes it highly effective in handling incomplete learner data.
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6.4 Visualization of Neutrosophic Distributions

Figure illustrates a heatmap of neutrosophic values (T, I, F') for a random sample of 100 students. Clusters
with high indeterminacy and falsity align with learners who withdrew or failed.

Neutrosophic Membership Heatmap (T, I, F)
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Figure 2: Heatmap of neutrosophic values (T, I, F) for sampled learners.

Figure [3] displays a 3D scatter plot of learners in neutrosophic space. Decision boundaries between pathway
classes are visible, highlighting the separation achieved via cosine similarity classification.
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Figure 3: 3D scatter plot of learners in the T-I-F space with color-coded class assignments.
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6.5 Entropy and Ambiguity Detection

Students with high indeterminacy often occupy ambiguous zones in T-I-F space. Entropy scores were com-
puted using:

Figure [4] shows the distribution of entropy across the dataset. Learners with entropy E; > 0.9 were flagged
for periodic reassessment. The system demonstrated consistent classification performance even among these
cases, achieving over 90% confidence scores (similarity > 0.8) for most.

Neutrosophic Entropy Distribution of Learners
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Figure 4: Distribution of neutrosophic entropy scores E; across students.

6.6 Case-Based Interpretability

Table [ highlights individual learner profiles and pathway assignments:

Table 4: Sample Neutrosophic Profiles and Classifications

ID T; I; F; | Entropy Predicted Pathway
S101 | 0.84 | 0.10 | 0.14 0.46 Advanced
S224 | 0.63 | 0.29 | 0.35 0.72 Intermediate
S307 | 041 | 0.44 | 0.71 0.92 Remedial
S509 | 0.55 | 0.51 | 0.42 0.97 Intermediate* (manual review)

The above example demonstrates how high-entropy cases (e.g., S509) can still be classified but may be flagged
for academic review.

6.7 Discussion and Implications

The proposed neutrosophic framework enhances digital education platforms by:

» Allowing granular classification even with sparse or ambiguous input.
» Supporting explainable Al (XAI) with interpretable T/I/F logic.

* Reducing reliance on deterministic labels for adaptive learning.
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Unlike fuzzy models that collapse uncertainty into spread, neutrosophic modeling provides a **three-dimensional
decision surface** where each axis (T, I, F) contributes to understanding learner state and trajectory.

The high classification accuracy, resilience under data gaps, and entropy-based warning mechanism offer a
robust foundation for deployment in real-time learning management systems.

7 Conclusion

This study proposed a novel neutrosophic decision-support framework to address the challenge of uncertainty
in adaptive learning systems. By integrating the principles of neutrosophic logic—specifically the modeling
of truth, indeterminacy, and falsity—the framework offers a robust, interpretable, and data-resilient approach
for personalized learning pathway assignment.

Using the Open University Learning Analytics Dataset (OULAD), we demonstrated how heterogeneous learner
data—such as engagement patterns, assessment performance, and behavioral irregularities—can be trans-
formed into neutrosophic representations. These representations support fine-grained reasoning even under
incomplete or ambiguous data conditions, which are typical in large-scale digital education platforms.

The experimental results show that our proposed system outperforms conventional crisp and fuzzy models in
terms of classification accuracy and robustness to data missingness. Notably, the framework maintained high
accuracy even for students with sparse or erratic learning behaviors, which validates its capacity for real-world
applicability in uncertain environments.

The proposed model also offers strong interpretability, making it useful not only for automated systems but
also as a decision-support tool for educators and academic advisors. The rule-based nature of the classifica-
tion engine ensures that pathway recommendations can be traced and explained, supporting transparency and
accountability in educational interventions.

In future work, we plan to integrate deep learning architectures with neutrosophic modeling to enable auto-
mated T/I/F estimation from raw behavioral data. Moreover, real-time integration into learning management
systems (LMS) will be explored to support dynamic reclassification of learners as new data becomes avail-
able. Expanding the model for multilingual and cross-cultural datasets is also envisioned to enhance its global
relevance.

Overall, this research contributes a foundational step toward uncertainty-aware educational systems that are
equitable, interpretable, and effective in personalizing learning at scale.
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