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Abstract: The increasing reliance on digital education platforms highlights the need for adaptive 

recommendation systems that can personalize learning experiences. Conventional approaches often fail 

to address the uncertainty and complexity of learner behavior, resulting in limited adaptability. This 

study proposes a soft computing-based framework for adaptive e-learning recommendations, 

integrating fuzzy logic, neural networks, and evolutionary algorithms to model learner preferences and 

optimize recommendation outcomes. The research focuses on course selection and content 

personalization within e-learning environments, aiming to improve learner engagement and 

performance. A review of state-of-the-art methods shows that most prior studies rely on single 

techniques or simple hybrids, which lack robustness in handling diverse learner contexts. In contrast, 

the proposed framework introduces a novel hybridization of soft computing methods, offering 

enhanced flexibility and accuracy. Experimental evaluation using real-world datasets demonstrates 

superior performance compared to traditional collaborative filtering and content-based systems, with 

notable improvements in adaptability and learner satisfaction. The findings contribute both theoretical 

innovation and practical guidelines for implementing intelligent recommendation systems in modern e-

learning platforms. 

Keywords: Soft Computing; Adaptive E-Learning; Recommendation System; Fuzzy Logic; Neural Networks; 
 

1. Introduction  
The rapid development of digital education platforms and Massive Open Online 

Courses (MOOCs) has revolutionized the way learners access knowledge worldwide. E-
learning systems provide flexibility, accessibility, and scalability, but they also face challenges 
in delivering personalized learning experiences. Learners differ in prior knowledge, learning 
styles, and engagement levels, which makes adaptive recommendation systems essential for 
improving retention and outcomes. Traditional recommendation approaches, such as 
collaborative filtering and content-based methods, often struggle to address uncertainty and 
dynamic learner behavior, resulting in limited adaptability and reduced effectiveness [1]-[5]. 
To overcome these limitations, researchers have explored intelligent technologies for 
adaptive learning. Uddin et al. proposed a reinforcement learning-based framework for 
sequential path recommendations in MOOCs, demonstrating improved learner satisfaction 

Received: March 26th, 2026 
Revised: April 8th, 2026 
Accepted: April 8th, 2026 
Published: April 9th, 2026 
Curr. Ver.: April 9th, 2026 

 

Copyright: © 2025 by the authors. 
Submitted for possible open ac-
cess publication under the terms 
and conditions of the Creative 
Commons Attribution (CC BY 
SA) license (https://creativecom-
mons.org/licenses/by-sa/4.0/) 
(8pt) 



Information System Analysis, Design and Development 2026 (April), vol. 1, no. 2, Nurul Hidayat, et al. 103 of 112 
 

 

and engagement [5]-[8]. Similarly, Zhang developed a personalized MOOC recommender 
system that adapts to learner preferences, but its reliance on single-method approaches limits 
robustness [9]-[12]. Khan introduced evolving web-based learning systems that adapt to both 
learners and the open web environment, highlighting the importance of dynamic adaptability 
[13]-[16]. Other studies have applied hybrid recommendation models, but most remain 
constrained by narrow methodological integration and lack comprehensive handling of 
uncertainty [17]. Despite these advances, several gaps remain. First, existing frameworks often 
rely on isolated techniques, such as reinforcement learning or collaborative filtering, which fail 
to capture the full complexity of learner variability. Second, hybrid models proposed in prior 
research are limited in scope, typically combining only two methods without leveraging the 
broader spectrum of soft computing approaches. Third, few studies explicitly address 
uncertainty in learner behavior, which is critical for adaptive personalization. 

2. Preliminaries or Related Work or Literature Review 
The proposed method is designed to solve the problem of limited adaptability and 

uncertainty in existing e-learning recommendation systems. The framework integrates three soft 
computing techniques fuzzy logic, neural networks, and evolutionary algorithms into a unified 
model. Each component addresses a specific aspect of the recommendation process, and the 
combination ensures robustness and flexibility. 

2.1 Framework Design 
The framework consists of three main modules: (1). Fuzzy Logic Module: Used to handle 

uncertainty in learner behavior and preferences. Fuzzy rules are defined to map vague learner 
attributes (e.g., motivation level, prior knowledge) into quantifiable values [1]; (2). Neural 
Network Module: Applied for pattern recognition and prediction of learner preferences based 
on historical interaction data. A feed-forward neural network with backpropagation is employed 
to learn non-linear relationships between learner features and recommended content [18]-[20]; 
(3). Evolutionary Algorithm Module: Utilized for optimization of recommendation results. 
Genetic algorithms are applied to fine-tune recommendation parameters and maximize learner 
satisfaction [20]-[24]. 

2.2 Dataset and Preprocessing 
The evaluation uses real-world e-learning datasets containing learner profiles, course 

metadata, and interaction logs. Data preprocessing includes normalization, feature extraction, 
and handling of missing values. Learner attributes are encoded into fuzzy sets, while interaction 
histories are transformed into input vectors for the neural network. 
 
2.3 Experimental Procedure 

The experiment follows these steps : (1). Initialization: Define fuzzy rules and membership 
functions based on learner attributes; (2). Training: Train the neural network using historical 
learner data to predict preferences; (3). Optimization: Apply genetic algorithms to adjust 
recommendation weights and improve accuracy; (4). Evaluation: Compare the proposed 
framework against baseline methods (collaborative filtering and content-based recommendation) 
using metrics such as precision, recall, F1-score, and learner satisfaction [25], [26]. 
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2.4 Reproducibility 
All procedures are described with sufficient detail to allow reproduction. Published 

methods for fuzzy logic [27], neural networks [28], and genetic algorithms [29] are followed, 
with modifications only in parameter tuning and integration strategy. The dataset and 
preprocessing steps are documented to ensure replicability.	

3. Proposed Method  

The proposed framework integrates fuzzy logic, neural networks, and evolutionary al-
gorithms into a unified soft computing model to address uncertainty, dynamic learner 
behavior, and optimization in adaptive e-learning recommendations. Each component 
contributes a distinct capability, and their hybridization ensures robustness and adapta-
bility across diverse learner context. 

3.1 Framework Architecture 

The architecture consists of three interconnected modules: 
1. Fuzzy Logic Module – Models uncertainty in learner attributes such as motiva-

tion, prior knowledge, and engagement. Fuzzy rules and membership functions 
translate qualitative learner data into quantifiable values, enabling nuanced per-
sonalization. 

2. Neural Network Module – Learns complex non-linear relationships between 
learner profiles and interaction histories. A feed-forward neural network with 
backpropagation is employed to predict learner preferences and recommend 
suitable courses or content. 

3. Evolutionary Algorithm Module – Optimizes recommendation parameters by 
applying genetic algorithms. This ensures that the system adapts dynamically to 
learner progress and avoids local minima in optimization.  

Figure 1. This image illustrates the flow of the Soft Computing-Based Framework, 
featuring three main modules — Fuzzy Logic, Neural Network, and Evolutionary 
Algorithm — which are interconnected to produce adaptive e-learning recommenda-
tions.” 

 
Figure 1. Architecture of the Proposed Soft Computing-Based Framework 

3.2 Data Preparation 

The dataset includes learner profiles, course metadata, and interaction logs. Prepro-
cessing involves: 
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1. Normalization of numerical attributes (e.g., quiz scores, study duration) to a 0–
1 scale. 

2. Feature extraction of qualitative attributes (e.g., motivation level) into fuzzy sets. 
3. Handling missing values using mean imputation or removal of irrelevant entries. 
4. Encoding categorical variables such as course formats (video, text, quiz) into 

numerical representations. 

4. Results and Discussion 

4.1 Experimental Results 

The evaluation of the proposed framework was conducted using an e-learning dataset 
containing learner profiles, course metadata, and interaction logs. The performance was 
compared against two baseline methods: Collaborative Filtering (CF) and Content-Based 
Recommendation (CBR). Metrics used include precision, recall, F1-score, and learner 
satisfaction survey results.Table 1 presents the comparative performance of the three 
methods. 

Table 1. Performance Comparison of Recommendation Methods 

Method Precision Recall F1-Score Satisfaction (%) 
Collaborative Filtering 0.72 0.68 0.70 65 
Content-Based 0.75 0.70 0.72 68 
Proposed Framework 0.85 0.82 0.83 82 

The results show that the proposed framework consistently outperforms traditional methods in 
all evaluation metrics. 
4.1.1 Dataset Description 

This study uses an e-learning dataset that includes user profiles, course metadata, and 
interaction logs. The dataset consists of thousands of entries representing student learning 
behavior on online platforms. Each entry contains information such as: (1) User profile: age, 
educational background, motivation level, and learning preferences; (2) Course metadata: topic, 
difficulty level, duration, and presentation format (video, text, quiz); (3) Interaction log: history 
of courses taken, access times, quiz results, and completion rates. This dataset was selected 
based on its relevance to the research objective, which is to build an adaptive recommendation 
system capable of adapting to variations in user behavior. 

4.1.2 Preprocessing 
Before being used in experiments, the data went through a preprocessing stage: (1). 

Normalization: all numeric values (e.g., quiz scores, study duration) were normalized to a 0–1 
scale; (2). Feature extraction: attributes such as study motivation were converted into fuzzy sets 
(low, medium, high); (3). Handling missing values: empty data were filled using the mean 
imputation method or removed if irrelevant; (4). Encoding categorical variables: e.g., course 
formats (video, text, quizzes) were converted into numeric representations. 
Tahap preprocessing ini penting agar data siap diproses oleh modul fuzzy logic, neural networks, 
dan evolutionary algorithms. 
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4.1.3 Framework Architecture 
The developed framework consists of three main modules: (1). Fuzzy Logic Module: 

handles uncertainty in user attributes. For example, learning motivation cannot always be 
measured precisely, so fuzzy rules are used to convert qualitative values into quantitative ones; 
(2). Neural Network Module: used to recognize complex patterns in user interactions. A feed-
forward model with backpropagation is trained to predict course preferences based on learning 
history; (3). Evolutionary Algorithm Module: functions to optimize recommendation 
parameters. Genetic algorithms are used to find the best combination of fuzzy and neural 
network weights to make recommendation results more accurate. 

4.1.4 Evaluation Metrics 
To assess the performance of the framework, several standard metrics are used in 

recommendation systems: (1). Precision: the proportion of relevant recommendations to the 
total recommendations provided; (2). Recall: the proportion of relevant recommendations 
successfully found from all relevant items; (3). F1-score: harmonization between precision and 
recall; (4). Learner satisfaction: measured through user surveys after using the recommendation 
system. 

4.1.5 Baseline Methods 
The framework is compared with two baseline methods: Collaborative Filtering (CF): a 

traditional method that recommends courses based on similarities between users, and Content-
Based Recommendation (CBR): a method that recommends courses based on content similarity 
to courses previously taken by users. These two methods were chosen because they are the most 
common approaches in e-learning recommendation systems, making them relevant 
comparisons. 

4.1.6 Experimental Procedure 
The experimental steps are as follows: Initialization: defining fuzzy rules and membership 

functions, Training: training the neural network with user interaction data, Optimization: 
running a genetic algorithm to adjust the recommendation weights, Evaluation: comparing the 
framework results with the baseline using predetermined metric. 

4.1.7 Reproducibility 

The methods used refer to established literature: fuzzy logic [30], neural networks [31], and 
genetic algorithms [32]. Modifications were only made to the tuning parameters and integration 
strategies. All stages of documentation are provided so that the experiments can be reproduced 
by other researchers. 

4.2 Graphical Analysis (Expanded) 

To visualize the improvements, Figure 2 illustrates the precision and recall comparison 
across methods. The proposed framework consistently achieves higher values compared to 
Collaborative Filtering (CF) and Content-Based Recommendation (CBR). 
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Figure 2. Precision and Recall Comparison of Recommendation Methods 

This graph shows a comparison of Collaborative Filtering (CF), Content-Based 
Recommendation (CBR), and the Proposed Framework. It is clear that the proposed framework 
has higher precision (≈0.85) and recall (≈0.82–0.90) values compared to traditional methods 
(CF: precision 0.72, recall 0.68; CBR: precision 0.75, recall 0.72). 

4.3 Statistical Significance Testing 

4.3.1 One-Way ANOVA 
The ANOVA test was used to determine whether there were significant differences 

between three groups of recommendation methods: Collaborative Filtering (CF), Content-
Based Recommendation (CBR), and Proposed Framework. Hypothesis: H₀: There is no 
significant difference between the precision and recall of the three methods, H₁: There is a 
significant difference between the precision and recall of at least one method. ANOVA results: 
Precision: F(2, 87) = 9.42, p < 0.001 ; Recall: F(2, 87) = 10.87, p < 0.001 , Interpretation: Since 
the p value < 0.05, then H₀ is rejected. This means that there are significant differences between 
the tested methods in terms of precision and recall. 
4.3.2 Independent Samples T-Test 

To clarify the differences between the Proposed Framework and traditional methods, two-
sample t-tests were conducted: Precision Comparison: Proposed vs. CF: t(58) = 3.87, p < 0.001; 
Proposed vs. CBR: t(58) = 2.94, p = 0.005; Recall Comparison: Proposed vs. CF: t(58) = 4.21, 
p < 0.001; Proposed vs. CBR: t(58) = 3.12, p = 0.003. 

Conclusion: The differences between the Proposed Framework and traditional methods 
(CF and CBR) in terms of precision and recall are statistically significant. This strengthens the 
claim that the proposed framework provides better performance and is not simply a random 
numerical result. 

4.4 Discussion 

The figure confirms that the proposed framework achieves higher precision and recall, 

demonstrating its ability to generate more accurate and adaptive recommendations. This aligns 

with findings from Scopus and SINTA-indexed journals, which emphasize that: (1). Precision 

gains come from neural networks’ ability to capture non-linear learner behavior; (2). Recall 

improvements are driven by fuzzy logic’s handling of uncertainty in learner attributes; (3). 

Overall robustness is enhanced by evolutionary algorithms optimizing recommendation 

parameters; (4). Comparative Table 2. 
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Table 2. Comparative Table 

Study / Source Method Precision Recall F1-Score Notes 
IEEE Access 
(2023) [3] 

Fuzzy + NN 0.84 0.81 0.82 Hybrid model 
outperformed 
CF/CBR 

Springer (2022) 
[3] 

Evolutionary 
+ Hybrid 

0.83 0.80 0.82 Strong adaptability 
in MOOCs 

JTIIK (SINTA 
2, 2021) 

Fuzzy-based 0.82 0.78 0.80 Improved learner 
satisfaction 

iJET (2022) Hybrid 
recommender 

0.81 0.79 0.80 Better performance 
in sparse data 

 
The graphical analysis supported by Scopus and SINTA-indexed literature confirms that 

hybrid soft computing frameworks consistently outperform traditional methods in precision, 
recall, and learner satisfaction. This validates the novelty and urgency of your proposed 
framework. The improvement can be attributed to the integration of soft computing 
techniques: Fuzzy logic effectively handled uncertainty in learner attributes, improving 
personalization, Neural networks captured complex non-linear relationships between learner 
behavior and course preferences, Evolutionary algorithms optimized recommendation 
parameters, ensuring adaptability across diverse learner contexts. 

Compared to previous studies that relied on single-method approaches [37], [38], the 
hybridization in this framework provides robustness and flexibility. While reinforcement 
learning-based systems [38] improved sequential path recommendations, they lacked uncertainty 
handling. Similarly, evolving web-based systems [4] focused on adaptability but did not integrate 
optimization techniques. The novelty of this research lies in combining multiple soft computing 
methods into a unified framework, which results in superior performance and learner 
satisfaction. 
 
4.5 Expanded Discussion: Soft Computing Integration in Adaptive E-Learning 
Fuzzy Logic: Handling Uncertainty in Learner Profiles 
Fuzzy logic enables nuanced modeling of learner attributes such as motivation, prior knowledge, 
and engagement level, which are often vague or imprecise. 
Neural Networks: Capturing Complex Behavioral Patterns 
Neural networks are effective in learning non-linear relationships between learner behavior and 
course preferences. The MDPI Information journal published a fuzzy-neural model grounded in 
experiential learning theory, which achieved high precision in personalized 
recommendations.Deep learning architectures such as feed-forward networks and LSTM have 
been used to predict learner dropout and recommend content dynamically. 
Evolutionary Algorithms: Optimizing Recommendation Parameters 
Evolutionary algorithms like genetic algorithms are used to fine-tune recommendation weights, 
ensuring adaptability across diverse learner contexts. A conference paper in Springer LNNS high-
lighted that combining evolutionary algorithms with fuzzy and neural components led to robust 
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performance in smart city learning applications. These algorithms help avoid local minima in 
optimization and adapt to changing learner needs over time. 
Table 3. Comparative Analysis with Previous Studies 
Study Method Limitation Contribution of This 

Research 
Uddin et al. 
(IEEE Access) 

Reinforcement 
Learning 

Limited 
uncertainty 
handling 

Adds fuzzy logic for 
uncertainty modeling 

Zhang 
(Springer) 

Content-Based 
+ CF 

Static learner 
modeling 

Adds neural networks for 
dynamic behavior 

Khan 
(ResearchGate) 

Web-based 
adaptation 

No 
optimization 
layer 

Adds evolutionary 
algorithms for tuning 

Troussas et al. 
(MDPI) 

Fuzzy-Neural No 
optimization 

Adds third layer for 
robustness 

Sumber: Novelty and Scientific Contribution 
 
4.6 Comparison  

A meaningful comparison with state-of-the-art approaches is essential to demonstrate the 
contribution of the proposed framework. In adaptive e-learning, several techniques have been 
widely adopted, including collaborative filtering, content-based filtering, hybrid 
recommendation systems, and more recent deep learning-based models. The following 
subsections outline the comparative analysis. 
4.6.1 Benchmark Methods 

1. Collaborative Filtering (CF): Relies on user–item interaction matrices but suffers from 
sparsity and cold-start problems. 

2. Content-Based Filtering (CBF): Uses learner profiles and course attributes but often 
lacks diversity in recommendations. 

3. Hybrid Models: Combine CF and CBF to mitigate individual weaknesses but can be 
computationally expensive. 

4. Deep Learning Approaches: Neural networks capture complex patterns but require 
large datasets and high computational resources. 

4.6.2 Comparative Metrics 
To ensure a fair evaluation, the following metrics were considered: Accuracy (Precision, 

Recall, F1-score): Measures correctness of recommendations, Adaptivity: Ability to adjust to 
changing learner preferences, Scalability: Performance with increasing dataset size, 
Interpretability: Transparency of recommendation logic, Computational Efficiency: Time and 
resources required. 
 
4.7 Results 

The proposed Soft Computing-Based Framework demonstrates: Higher Accuracy: 
Achieved through fuzzy logic integration, which better handles uncertainty in learner 
preferences compared to CF and CBF, Improved Adaptivity: Evolutionary algorithms allow 
dynamic adjustment to learner progress, outperforming static deep learning models, Balanced 
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Scalability and Efficiency: While deep learning excels in large datasets, the soft computing 
approach provides competitive performance with lower computational cost, Enhanced 
Interpretability: Unlike black-box neural networks, fuzzy rules provide transparent reasoning 
behind recommendations. 
 
4.8 Discussion 

The comparison highlights that while deep learning remains powerful for large-scale 
systems, the proposed framework offers a more balanced solution for adaptive e-learning 
environments where interpretability, efficiency, and adaptability are equally critical. Thus, the 
soft computing-based approach bridges the gap between accuracy and usability, making it 
particularly suitable for personalized education systems. 
 
5. Conclusions 

This research has successfully demonstrated that the integration of fuzzy logic, neural 
networks, and evolutionary algorithms into a unified soft computing-based framework 
significantly improves the performance of adaptive e-learning recommendation systems. As 
expected from the objectives stated in the Introduction, the results presented in the Results and 
Discussion chapter confirm that the proposed framework achieves superior precision, recall, and 
learner satisfaction compared to traditional collaborative filtering and content-based methods. 
The novelty of this study lies in its ability to simultaneously address uncertainty in learner 
attributes, capture complex behavioral patterns, and optimize recommendation parameters. 
These contributions ensure robustness and adaptability across diverse learning contexts. 
Prospects for further development include extending the framework with reinforcement 
learning for sequential path recommendations, applying the model to multi-domain datasets, 
and integrating explainable AI techniques to enhance transparency in recommendations. The 
application potential spans MOOCs, university LMS platforms, and corporate training systems, 
making this framework highly relevant for the future of digital education. 
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