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Abstract 
Nonlinear learning, which aligns with natural thinking and addresses individual needs, has 
great potential for e-learning. However, personalized learning paths in MOOCs through in-
course recommenders remains limited, with only 18% adoption. Therefore, this research 
focuses on reducing learners’ disorientation by creating personalized adaptive learning paths 
in MOOCs using a hybrid recommender system, combining ontology and PrefixSpan-based 
sequential pattern mining. A Moodle-based prototype was tested in a quasi-experimental 
design with three groups: (1) a comparison group using sequential learning without 
recommendations, (2) a nonlinear learning group using an ontology-based recommender 
system, and (3) a nonlinear learning group using a hybrid recommender system. Of 209 
registrants, 102 actively participated and consented to data use. The results show that the 
hybrid recommender group had a higher average efficiency than the ontology recommender 
group, achieved the highest effectiveness in two of three sub-learning outcomes, and had 
higher mean scores on 22 of 30 e-learning satisfaction variables. Hypothesis testing with 
analysis of covariance (ANCOVA) showed no significant differences in efficiency, partial 
support for effectiveness (significant material access patterns but equivalent assessment 
scores), and partial support for satisfaction (significant differences in e-learning usability, 
Moodle preference, and learner behaviour). Visualization using weighted directed graphs of 
learning paths revealed similar forward-linear learning path patterns across all groups, except 
for variations in the first three modules of the comparison group. These findings underscore 
the potential of hybrid recommender systems to reduce learner disorientation, improve 
learner satisfaction and usability, and optimize learning paths in MOOCs. Future research 
should consider potential confounding variables such as course duration and sample size, as 
well as alternative configurations to maximize their benefits across various educational 
settings.  
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 Nonlinear learning refers to an approach in which learners themselves choose the 
learning materials, rather than following a sequence pre-defined by instructors (Blaschke & 
Hase, 2016; Peters, 2002). This approach offers flexibility, enabling learners to explore 
content aligned with their interests and needs. Although nonlinear learning paths can be 
beneficial and hold significant potential (Moore, 2020), they also risk causing learning 
disorientation—a sense of losing direction closely linked to learning outcomes and content 
structure (Correa, 2017). Therefore, some degree of structure remains necessary since the 
absence of structure can be equivalent to the absence of learning (Rootzén, 2015). 

To minimize learning disorientation, learners (individually or in groups) may receive 
emotional support or technical competence reinforcement (Kaplan et al., 2021; Mamun et al., 
2020; O’Brien & Reale, 2021). However, such support generally targets only a few 
individuals. This challenge is amplified in large-scale online learning contexts like Massive 
Open Online Courses (MOOCs). While MOOCs offer broad, inclusive access, their massive 
scale and diverse learner backgrounds make it harder to provide personalized learning 
experiences. Consequently, personalization technologies are crucial for improving learners’ 
experiences in MOOCs. 

Personalizing e-learning is more complex than in domains such as e-commerce, e-
libraries, and e-government (George & Lal, 2019). Two major contributing factors are the 
dynamic nature of learners’ profiles before, during, and after the learning process (Huang et 
al., 2019) and the limited availability of learner ratings for educational content (Lowenthal et 
al., 2015). In response, experts have developed various personalization technologies in e-
learning—such as Intelligent Tutoring Systems, gamification, and recommender systems. 
Compared to other approaches, recommender systems can help learners save time by quickly 
identifying relevant materials from a large content pool (Tondello et al., 2017). Previous 
studies showed that hybrid recommender systems are becoming more common (George & 
Lal, 2019; Rahayu et al., 2023). However, studies specifically integrating ontology and 
sequential pattern mining to adapt to learners’ evolving skills and preferences are still limited. 

The remaining sections of this paper continue as follows: Section 2 provides a 
theoretical background and related works. Section 3 describes the research methods, 
including system architecture, experimentation, and analysis methods. Sections 4 and 5 detail 
the results that address the research questions and provide a discussion, respectively. Finally, 
Section 6 concludes the study. 

Review of Related Literature 

Nonlinear Learning Path 
Learning path refers to the sequence of learning materials (Premlatha & Geetha, 2015; 

Rahayu et al., 2024). There are two types of learning path: linear, where topics are studied in 
a fixed order, and nonlinear, which allows learners to choose the sequence of topics for a 
more flexible approach (Robberecht, 2007). 

Nonlinear learning utilizes hyperlinks (links) to enable nonsequential access to 
materials. In online learning environments, these links enhance cognitive processes by 
creating connections and context among materials, facilitating actions such as navigation, 
browsing, searching, connecting, collecting, annotating, and editing (Peters, 2002). Nonlinear 
students may find themselves disoriented by incoherent learning materials. Therefore, 
personalization is key to prevent such disorientation (Rahayu et al., 2024). 
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Learning Disorientation 
Learning disorientation is the “tendency to lose direction in a nonlinear environment.” 

This phenomenon can arise when learners encounter new uncertainties or perceive a lack of 
progress in their studies (Leroux et al., 2024). Previous research has identified two primary 
internal factors contributing to disorientation in nonlinear learning contexts. The first factor is 
a deficiency in visual-spatial abilities necessary for understanding the structure of 
information. The second factor involves a lack of metacognitive skills required to assess 
one’s current learning position and determine the subsequent direction for learning (Correa, 
2017). 

Disorientation disrupts the learning process, causing learners to take longer to 
complete tasks (Correa, 2017). As a result, disorientation can negatively impact learning 
outcomes. Furthermore, disorientation is often unstable, irregular, and recurring, and it does 
not resolve spontaneously, thereby necessitating external support (Leroux et al., 2024). 

Recommender Systems 
Recommender systems are defined as tools and software techniques that provide 

suggestions to users based on their preferences and behaviors (Klašnja-Milićević et al., 
2015). These systems operate by selecting the most relevant items through user- or item-
based dependency principles (Aggarwal, 2016). In the e-learning domain, recommender 
systems serve as a means of personalization to enhance learner engagement (Huang et al., 
2019), optimize academic performance (Harley et al., 2018), and support learners who are 
facing challenges (Huang et al., 2019). 

Recommender systems can be broadly classified into two categories (Aggarwal, 
2016): (1) basic recommender systems that utilize interaction data or attributes, and (2) 
domain-specific recommender systems that incorporate contextual factors. Basic 
recommender systems include content-based filtering (analyzing item attributes such as 
learning material topics or difficulty levels), collaborative filtering (using learner interaction 
patterns and ratings), knowledge-based systems (incorporating explicit learner preferences), 
and demographic-based approaches (considering learner characteristics). Domain-specific 
recommender systems extend these foundations by incorporating contextual information such 
as location, time sensitivity, spatial data, or social network structures. 

The application of these recommendation techniques can be categorized into two 
approaches: standalone and hybrid. Standalone systems rely on a single technique from the 
basic classification, focusing on one type of data source or recommendation logic. Hybrid 
systems, in contrast, strategically combine multiple techniques to address two critical needs: 
(1) utilizing all available knowledge from diverse data sources (such as learner profiles, 
interaction histories, and contextual information), and (2) compensating for the limitations of 
individual techniques by leveraging their complementary strengths (Aggarwal, 2016). These 
hybrid systems can be designed through three structured approaches: ensemble (combining 
outputs from multiple techniques), monolithic (integrating techniques within a unified 
algorithm), or mixed designs. Research shows a growing preference for hybrid 
recommenders, particularly in learning path recommendations (George & Lal, 2019; Rahayu 
et al., 2023), as they can better address the complexity of personalized learning needs. 

Developing effective e-learning recommender systems, however, remains challenging 
due to the scarcity of learner-provided ratings for educational materials (Salehi et al., 2013). 
This lack of data complicates material ranking (Aggarwal, 2016) and necessitates advanced 
methods to address the gap. Knowledge-based artificial intelligence, such as ontology, has 
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proven valuable for overcoming these limitations and supporting personalized 
recommendations (George & Lal, 2019; Tarus et al., 2018). In the context of learning path 
recommenders, ontology has been used both as the foundation for standalone systems (Hnida 
et al., 2014; Romero et al., 2019) and as a key component of hybrid systems (Colace et al., 
2020; Vesin et al., 2013). 

The performance of recommender systems, evaluated in controlled environments and 
online experiments, is typically measured across three categories (Erdt et al., 2015): system 
performance, which includes the accuracy and coverage of the recommendations provided; 
effects on learning, covering aspects such as efficiency, effectiveness, and learner motivation; 
and user-centric effects, encompassing learner satisfaction and the perceived usefulness of the 
recommendations. 

Related Work 
Based on our systematic literature review of 35 articles retrieved from Google Scholar 

(search conducted July 19, 2024, using keywords: "recommender" in MOOC), we identified 
28 research papers and 7 review papers. Analysis of the research papers revealed that the 
majority (23 out of 28, or 82%) of recommender systems on MOOC platforms focus on 
course recommendations, while the remaining systems (5 out of 28, or 18%) target in-course 
learning components (see Table 1; complete dataset in Appendix A).  

Table 1 

In-Course Recommender Systems on MOOC Platforms 

Recommended Items Recommender Techniques 
Concepts, Meta-concepts Knowledge graph (Wu et al., 2024), a combination of ontology 

and deep learning models (Bidirectional Encoder Representations 
from Transformers or BERT) (Tazi et al., 2023), and a 
combination of knowledge graphs and deep learning models 
(Sentence-BERT) (Alatrash et al., 2024) 

Learning activities Markov Decision Process (Amin et al., 2023) 
Discussion forums Knowledge graphs with LightGBM (He et al., 2023) 

 

Several studies, including those related to learning-path recommendations, have noted 
the increasing use of hybrid recommender systems (George & Lal, 2019; Rahayu et al., 2023; 
Tarus et al., 2018). Even so, developing recommender systems in the e-learning domain faces 
an additional challenge, namely that learners seldom provide explicit ratings for learning 
materials (Salehi et al., 2013). This limited number of ratings complicates ranking-based 
recommendations (Aggarwal, 2016), suggesting the need for knowledge-based techniques 
such as ontology (George & Lal, 2019; Tarus et al., 2018). Referring to the proposed 
recommender-system classification (Aggarwal, 2016), ontology collaborators in hybrid 
recommender systems can be grouped into model-based collaborative filtering (Colace et al., 
2020; Colace & De Santo, 2010; El-Bouhdidi et al., 2013; Vesin et al., 2013), neighborhood-
based collaborative filtering (Vesin et al., 2013), content-based recommender (Capuano & 
Toti, 2019), and others. 

Although collaborative filtering has been widely implemented, this study adopts a 
different perspective by considering findings that learners’ abilities and preferences may 
change over time (Huang et al., 2019). Accordingly, this hybrid recommender model 
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combines ontology as a knowledge base with sequential pattern mining to incorporate time-
based contexts. This combination is expected to produce more adaptive recommendations 
than a single-technique recommender system. 

This study aims to reduce learning disorientation by implementing a hybrid 
recommender system that integrates ontology (knowledge-based recommender technique) 
with sequential pattern mining (time-sensitive recommender technique). By combining these 
approaches, we expect to generate more adaptive recommendations than a single-method 
recommender system could provide. To evaluate this, we conducted an experiment with three 
groups: (1) a comparison group following a sequential learning path without a recommender 
system, (2) a nonlinear learning path group with an ontology-based recommender, and (3) a 
nonlinear learning path group using a hybrid recommender. 

Given that learning disorientation often correlates with low learning outcomes (Shih 
et al., 2012), we assessed the hybrid system’s effects on learning—specifically efficiency and 
effectiveness—as well as user-centric effects such as satisfaction. In addition, we explored 
how learners navigated through the materials, particularly whether they tended toward linear 
or nonlinear paths. Based on these objectives, we address four research questions (RQs): 

• RQ1: Do learners using the hybrid recommender system achieve higher learning 
efficiency compared to those using the ontology-based system or no recommender 
system? 

• RQ2: Do learners using the hybrid recommender system achieve higher learning 
effectiveness than those using an ontology-based system or no recommender 
system? 

• RQ3: Do learners using the hybrid recommender system report higher satisfaction 
levels than those using an ontology-based system or no recommender system? 

• RQ4: How do learners navigate the learning paths when accessing materials and 
completing assessments? 

Methods 

System Architecture 
This study develops and evaluates an e-learning recommender system that supports 

nonlinear learning paths, essential for adapting to learners’ evolving abilities and preferences 
over time (Huang et al., 2019). These dynamics are reflected in time-based learning behavior 
patterns, revealing implicit preferences for specific materials. The system employs ontology 
to manage the coherence of learning materials (Rahayu et al., 2022) and integrates 
PrefixSpan, a sequential pattern mining algorithm, to capture and predict individual learning 
sequences based on temporal behavior (Aggarwal, 2016).  

Recommender systems must be customized to the specific platform they are deployed 
on (Aggarwal, 2016; Oliveira, 2016). In this study, we implement our system within the 
Moodle LMS environment, chosen for its widespread use in many countries (Fernando, 
2020). Moodle’s extensive user base also allows our recommender model to be potentially 
replicated in various learning contexts. 
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Case Study: Database Course 
In this research, the recommender system was adapted and tested to recommend 

learning paths for Database courses. We selected the Database domain because it is a core 
subject in various computer science–related programs (Ishaq et al., 2023),and to date, it has 
not been explored in studies focused on learning paths (Rahayu et al., 2023). Nonetheless, 
choosing the Database domain does not limit the recommender system’s application, as the 
system can be implemented in a wide range of learning environments that support nonlinear 
or nonsequential learning (Hase, 2016). 

The Database materials used in this case study refer to the international curriculum 
document created by ACM/IEEE, namely, the Computing Curricula 2020. The analysis 
results indicate that the most frequently studied topics among six disciplines are data models, 
database systems, SQL queries, and SQL data definitions. These four topics form the basis of 
the course learning outcomes.  

In our implementation, we consolidated these four topics into three sub-learning 
outcomes (Sub-LO) to create a more coherent pedagogical structure, as illustrated in Figure 
1. The mapping is as follows: 

1. Sub-LO-1: This learning outcome combines the topics of data models and 
database systems, focusing on students' ability to design relational database 
models at conceptual, logical, and physical levels. These two topics are integrated 
because students need to understand database system fundamentals before they 
can effectively design data models. 

2. Sub-LO-2: This learning outcome addresses the SQL data definition topic, 
enabling students to create and modify database objects (tables and views) using 
SQL. 

3. Sub-LO-3: This learning outcome covers the SQL queries topic, focusing on 
students' ability to compose correct data queries using SQL. 

These three sub-learning outcomes comprise 11 modules, which include 11 
assessments and 97 pages of material. 
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Figure 1  

Learning Outcome Structure for Database Mini Course  

 

The recommender system was developed as a Moodle plugin to allow direct integration 
without modifying Moodle’s core, thus making updates easier and new features more flexible 
to add (Moodle, 2024). Technically, this recommender plugin runs on the web server; its 
programming code is stored in the dirroot directory, and the plugin-related data is maintained 
in a database (Buchner, 2022) (see Figure 2). 

Figure 2  

Interaction Between Recommender System and Moodle Components (adapted from Buchner, 
2022) 

 

The interfaces of both standalone ontology-based and hybrid recommender systems are 
similarly designed. Figure 3 shows an example where a learner who has not yet passed 
Module B receives recommendations to continue their studies by retaking Module B and 
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studying Modules D and E. These recommendations appear as blue-colored text with 
hyperlinks. 

Figure 3 

Interface of Recommender Plugin 

 

Participants 
A total of 209 learners enrolled and were assigned to three groups: comparison group 

AC (n = 149), ontology-based recommender group B (n = 28), and hybrid recommender 
group D (n = 32). Due to the voluntary nature of the MOOC, participation decreased across 
stages, with 136 learners logging in and 121 providing informed consent for data use. Given 
learner autonomy in selecting materials and assessments, final sample sizes varied by 
measurement as shown in Table 2. This variation reflects authentic MOOC engagement 
patterns where learners independently choose which activities and assessments to complete. 

Table 2 

Participant Flow and Sample Sizes by Measurement 

Stage/Measurement Group AC Group B Group D Total 
Enrolment & Consent     
Enrolled 149 28 32 209 
Logged in 97 17 22 136 
Consented to data use 87 16 18 121 
     
Efficiency Measures     
accessDuration 74 15 13 102 
assessmentDuration 73 14 12 99 
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Effectiveness 
Measures     
materialPercentage 74 15 13 102 
subLO1Score 75 14 13 102 
subLO2Score 54 12 7 73 
subLO3Score 51 11 6 68 
finalScore 73 14 12 99 
     
Satisfaction     
Survey respondents 35 10 8 53 

Note: Sample sizes vary across measurements due to learners' autonomy in completing optional course materials 
and assessments. 

Experimental Design 
The prototype of the nonlinear learning path recommender system was evaluated 

through an online experiment to assess user responses and system effectiveness (Tedre & 
Moisseinen, 2014). This experiment was important due to the limited availability of relevant 
e-learning datasets (Tarus et al., 2017). 

The experiment involved real learners in a database MOOC. A total of 230 learners 
across Indonesia registered voluntarily through an online form. The study included 
participants who were at least 18 years old. The age requirement ensured that learners had 
developed the self-regulation skills necessary for nonlinear learning (Lowe et al., 2013). 
After removing duplicates and invalid entries, 209 registrants were accepted. Despite 
extending the registration period, only 60 learners engaged in nonlinear learning (28 in Period 
I and 32 in Period II).  

Dividing these learners into four groups across the two periods—control and 
experimental groups for each period—resulted in groups that were too small (Vesin et al., 
2013). Therefore, the study utilized one comparison group (Isnawan, 2020) and two nonlinear 
groups without random assignment, classifying it as a quasi-experiment (Field & Hole, 
2002). We implemented a posttest-only nonequivalent group design with covariates 
(Reichardt, 2019; Rogers & Révész, 2019), where the pretest captured stable traits such as 
demographics, and the post-test consisted of module assessments. 

Demographic and participant characteristic variables were collected to serve as 
covariates for statistical control (see Section 3.6 for specific variables used in each analysis). 
Additionally, experimental group participants completed an initial profiling that captured 
their self-perceived competence and content preferences; this profiling informed the 
recommender system's personalized module sequencing but did not serve as a baseline 
outcome measure. The comparison group followed a linear learning path without profiling or 
system recommendations. Module assessments served as the posttest outcome measure for 
both groups.  

Consent for data use was obtained from all learners, who were informed that their 
data would be anonymized for scientific evaluation and publication. Those who did not 
consent were excluded to prevent selection bias. 
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Experimental Procedure 
The experiment was conducted in phases and learners were divided into two periods 

with different schedules, learning methods, and recommender systems. However, three 
aspects remained consistent to ensure controlled results: course content, assessments, and 
instructor interactions. The experiment phases (Jing et al., 2022) are shown in Figure 4. 

Figure 4 

Summary of Experimental Procedure 

 

 

Specifically, the experiment aimed to evaluate the impact of the recommender system 
by comparing three groups: 

1. Comparison group: Learners following a linear (sequential) learning path without 
a recommender system (Period I and II). 

2. Ontology-based recommender group: Learners using an ontology-based 
recommender system (Period I). 

3. Hybrid recommender group: Learners using a hybrid recommender system 
(Period II). 

Recommendations in the hybrid system were generated using learners’ assessment 
results and the successful learning paths of their peers during the first period. To enhance 
learner success, mitigation strategies were implemented that not only adhered to e-learning 
design recommendations (Cagiltay et al., 2020) but also provided additional incentives upon 
successful completion, including e-money balances and certificates (Gong et al., 2021). The 
e-money balance was awarded through a lottery to learners who passed the course, while 
certificates were provided in two categories: 

• Participation certificate (Hasso Plattner Institute, 2023): Given to learners who 
completed at least 60% of the material and 35% assessments. 

• Award certificate (Coursera, 2021): Awarded to learners who completed at least 
60% of the material and all assessments with a minimum score of 70 points. 

Research variables used in the experiment include independent variables (types of 
learning path recommender systems) and dependent variables of effects on learning and user-
centric effects (Erdt et al., 2015). Effects on learning are evaluated based on learning 
efficiency and effectiveness, while user-centric effects are assessed through the level of 
learner satisfaction. The dependent variables for each dimension are detailed as follows: 
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1. Learning efficiency refers to the time required for students to achieve the course 
learning outcomes. It was measured by the access time of the first and last 
materials (accessDuration) (Jerz, 2018) and the duration to complete assessments 
(assessmentDuration). 

2. Learning effectiveness in achieving the learning objectives is measured by the 
number of materials visited and the assessment scores obtained (Rahayu et al., 
2023; Vesin et al., 2013). The assessment scores used include formative scores for 
each sub-learning outcome as well as the final score (Erdt et al., 2015; Sudijono, 
2015). Therefore, effectiveness is measured using five variables: percentage of 
material accessed, scores of sub-learning outcomes, and final score. 

3. Perceived satisfaction: All learners were surveyed on their perceptions of general 
e-learning, while those in both recommender groups also answered additional 
questions about the recommender feature. Therefore, measurement is conducted 
using two types of instruments: 

a. General e-learning satisfaction: Measured using 30 statements in the 
Evaluating E-learning System Success (EESS) model, which includes six 
constructs: Technical System Quality (TSQ), Information Quality (INQ), 
Service Quality (SRQ), Support System Quality (SUP), Learner Quality 
(LER), and Instructor Quality (INS) (Al-Fraihat et al., 2020). 

b. Satisfaction with the recommender systems: Assessed through Recommender 
System (REC) construct which includes one essay question on whether the 
learning experience met learners’ expectations (REC2) and three additional 
questions addressing the frequency of use (REC3), perceived benefits (REC4), 
and overall satisfaction (REC5). 

Analysis Method 
The first three research questions were examined through hypothesis testing using 

inferential statistical methods, while RQ4 was addressed by visualizing the learning paths for 
each group. The three specific hypotheses are outlined below: 

• H1: Learners using the hybrid recommender system achieve better learning 
efficiency than those using an ontology-based system or no recommender system. 

• H2: Learners using the hybrid recommender system achieve better learning 
effectiveness than those using an ontology-based system or no recommender 
system. 

• H3: Learners using the hybrid recommender system achieve better satisfaction 
levels than those using an ontology-based system or no recommender system. 

For RQ1, RQ2, and RQ3, we conducted Analysis of Covariance (ANCOVA) to assess 
the differences in learning efficiency, learning effectiveness, and satisfaction levels, 
respectively, among the three groups. ANCOVA was chosen because it controls for covariate 
variables that might influence the results, providing a more accurate estimate of the treatment 
effect. Following ANCOVA, post hoc tests were performed to identify specific group 
differences where significant effects were detected. 
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The quasi-experimental approach used in this study has limitations regarding internal 
validity, although it maintains strong external validity (Reichardt, 2019). One challenge to 
internal validity is the potential bias arising from natural differences among learners before 
the treatment (i.e., the use of the recommender system). To address this, we identified factors 
that might influence the results (referred to as covariates) to minimize potential selection bias. 

The covariates for the efficiency and effectiveness dimensions differ from those for 
the satisfaction dimension to accommodate the distinct constructs being measured and to 
address variations in data completeness. For efficiency and effectiveness, we used four 
covariate variables collected during registration: age range, field of study, participation 
period, and province. In contrast, the satisfaction dimension included six covariates collected 
through the survey: age range, field of study, participation period, gender, activity or job, and 
experience using the Moodle platform. 

As a supplementary analysis, we examined prior knowledge as an additional covariate 
for RQ1-RQ2. Prior knowledge was measured through a self-assessment of competency 
across three course topics (data modeling, data definition language, and SQL queries) using a 
three-level scale (Beginner = 1, Intermediate = 2, Advanced = 3). A composite prior 
knowledge score (range 1-3) was calculated as the mean across topics. This analysis was 
limited to the two recommender groups (n = 24) who completed the optional assessment, as 
the comparison group did not. This supplementary analysis could not be conducted for RQ3 
due to anonymous survey administration. 

Our analysis began by testing the assumption of data homogeneity. When this 
assumption was met, we used Analysis of Covariance (ANCOVA). If the homogeneity 
assumption was not satisfied, we employed the Kruskal-Wallis test to handle data that do not 
meet parametric assumptions. We also used a significance level (p value) of 0.05 for our 
statistical analysis. This means that results with a p value less than 0.05 are considered 
statistically significant, indicating a meaningful difference or relationship unlikely to have 
occurred by chance. In addition to the p value, we reported effect sizes to show whether the 
differences were not only significant but also substantial in magnitude. 

We addressed RQ4 by applying visualization techniques that employ weighted 
directed graphs to uncover patterns in learners’ behaviors. The learning path graphs were 
created using navigation log data, which included records of accessed materials and 
completed assessments. This data was subsequently organized into inter-module matrices. To 
enhance clarity, matrices were based on the number of modules (11 × 11) rather than the 
number of material pages (97 × 97). Internal module transitions were normalized by dividing 
the total accesses by the number of materials within the module. 

The size of the nodes and the thickness of the edges in the graphs correspond to the 
matrix values, reflecting the number of accesses to each material or assessment. Additionally, 
the directionality in the graphs helps reveal whether learners followed linear or nonlinear 
paths in their learning. 
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Results 

Demography 
Figure 5 illustrates the trend of decreasing learner numbers in each group: comparison 

(Class A Period I, Class C Period II), nonlinear learning path with ontology-based 
recommender (Class B), and nonlinear learning path with hybrid-based recommender (Class 
D). Class AC experienced a reduction in login learners by up to 34.9%, with 10 learners 
withholding data consent. Class B recorded only a 60.7% login rate, while Class D achieved 
68.7%. By the end of the experiment, 136 learners had logged in at least once, and 121 of 
them consented to data. 

Figure 5 

Participant Flow Showing Declining Enrollment Across Stages for Comparison (AC), 
Ontology-based (B), and Hybrid (D) groups.  

 

Note: Sample sizes for efficiency and effectiveness measurements are detailed in Table 2. 

Of the 121 learners, the majority (77%) were aged 18–24 years, followed by those 
over 40 years old (11%), then 25–30 years (6%), and 31–40 years (6%). Additionally, 85.1% 
of learners were from the Design and Engineering disciplines. In the nonlinear groups (Class 
B and D), 74.3% of learners reported being beginners in Database learning. A total of 102 out 
of 121 learners were recorded as actively engaging in learning activities. Recapitulation of 
Moodle log data reveals varied participation, from accessing materials to completing 
assessments. Of all learners, 53 completed the satisfaction survey, with most being 
undergraduate students (n = 33). 
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Figure 6 

Research Model with Hypothesis Testing Results 

 

 

Figure 6 presents the overall hypothesis testing results across the three dimensions. 
H1 (efficiency) was not supported, while H2 (effectiveness) and H3 (satisfaction) received 
partial support. Detailed analyses for each research question are presented in the following 
subsections. 

RQ1: Do learners using the hybrid recommender system achieve higher learning 
efficiency compared to those using the ontology-based system or no recommender 
system? 

This study measures efficiency based on study time usage, specifically using the 
variables accessDuration (n = 102) and assessmentDuration (n = 99), as detailed in Table 2. 
Class B (M = 9953.5; SE = 1117.7) accessed materials for the longest duration, whereas Class 
AC (M = 7574.9; SE = 459.5) and Class D (M = 7591.5; SE = 851.7) had nearly identical 
access durations. Additionally, Class B (M = 52.9; SE = 9.5) completed assessments in the 
longest time compared to Class D (M = 44.3; SE = 10.7) and Class AC (M = 42.7; SE = 6.5). 
Since efficiency is inversely related to access duration or assessment duration, the ontology-
based recommender group exhibited lower learning efficiency compared to the other two 
groups. 
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Table 3 

ANCOVA Results for Group Differences in AccessDuration and AssessmentDuration 

Dependent variable F df p ηp² Significant covariates 
accessDuration 0.822 2, 95 .443 .017 Period (p = .038) 
assessmentDuration 0.124 2, 92 .883 .003 none 

Note. All group effects tested with df = (2, residual df). Covariates controlled: Age, Field of Study, Period, and 
Province. Only significant covariates are reported in the table. 

Statistical significance tests on learning efficiency using ANCOVA (Table 3) revealed 
that: 

1. The comparison group, ontology-based recommender group, and hybrid-based 
recommender group did not show significant differences in material reading 
access duration (p = .443; ηp² = .017). 

2. The comparison group, ontology-based recommender group, and hybrid-based 
recommender group also did not exhibit significant differences in assessment 
completion duration (p = .883; ηp² = .003). 

3. The participation period in the experiment had a significant effect (p = .038; ηp² = 
.045) on material access duration. 

These results indicate that there are no significant differences in material access 
duration and assessment completion duration among three groups. Therefore, the hypothesis 
addressing RQ1 (“Do learners using the hybrid recommender system achieve higher learning 
efficiency compared to those using the ontology-based system or no recommender system?”) 
is not supported. 

RQ2: Do learners using the hybrid recommender system achieve higher learning 
effectiveness than those using an ontology-based system or no recommender system? 

Learning effectiveness was measured using five variables: materialPercentage (n = 
102), subLO1Score (n = 102), subLO2Score (n = 73), subLO3Score (n = 68), and finalScore 
(n = 99), as detailed in Table 2. The effectiveness levels across the three groups varied. First, 
the hybrid recommender group achieved the highest average scores in sub-learning outcomes 
of subLO2Score (M = 7.786; SE = 0.535) and subLO3Score (M = 7.758; SE = 0.601). 
Second, the ontology-based recommender group obtained the highest material access 
percentage (M = 0.786; SE = 0.094), subLO1Score (M = 7.371; SE = 0.552), and finalScore 
(M = 6.588; SE = 0.734). 

To address potential confounding effects of prior knowledge, we conducted 
supplementary analyses for RQ1 and RQ2 using only the two recommender groups with prior 
knowledge data (n = 24). Prior knowledge was measured as a composite score (range 1-3) 
based on self-assessed competency across three course topics. Results showed that prior 
knowledge was not a significant covariate for any efficiency or effectiveness outcomes (all p 
> .05). Specifically, for efficiency: accessDuration (p = .648, ηp² = .010) and 
assessmentDuration (p = .873, ηp² = .001). For effectiveness: materialPercentage (p = .424, 
ηp² = .031) and other measures similarly showed no significant effect. Group differences 
between the two recommender systems remained non-significant, consistent with the main 
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three-group analysis. These findings suggest that prior knowledge did not substantially 
influence the observed treatment effects (see Appendix B). 

Table 4 

ANCOVA Results for Group Differences in Learning Effectiveness 

Dependent variable F df p ηp² Significant covariates 
materialPercentage 3.872 2, 95 .024* .075 Period (p = .009) 
subLO1Score 1.836 2, 95 .165 .037 none 
subLO2Score 0.170 2, 66 .844 .005 Age (p = .030) 
subLO3Score 2.061 2, 61 .136 .063 none 
finalScore 2.440 2, 95 .093 .049 none 

Note. All group effects tested with df = (2, residual df). Covariates controlled: Age, Field of Study, Period, and 
Province. Only significant covariates are reported in the table. 

Table 5 

Post Hoc Comparisons - Group  
  Mean Difference SE t ptukey  

AC  B  -0.151  0.112  -1.350  0.371  
   D  0.286  0.117  2.444  0.043 * 
B  D  0.438  0.163  2.689  0.023 *  

 

Analysis of learning effectiveness through statistical significance testing (Table 4 and 
Table 5) showed that: 

1. ANCOVA results revealed a significant group difference in material access 
percentage (p = .024; ηp² = .075), with Period as a significant covariate (p = .009). 
Post-hoc Tukey tests indicated that the hybrid recommender group (Group D) 
accessed significantly less learning material compared to both the comparison 
group (Group AC, p = .043) and the ontology-based recommender group (Group 
B, p = .023). No significant difference was found between the comparison and 
ontology-based groups (p = .371). 

2. The comparison group, ontology-based recommender group, and hybrid 
recommender group did not show significant differences in sub-learning objective 
1 scores (p = .165; ηp² = .037). 

3. The three groups also did not exhibit significant differences in sub-learning 
objective 2 scores (p = .844; ηp² = .005), although Age was a significant covariate 
(p = .030). 

4. Similarly, no significant group differences were found for sub-learning objective 3 
scores (p = .136; ηp² = .063). 

5. The comparison group, ontology-based recommender group, and hybrid 
recommender group did not demonstrate significant differences in final course 
scores (p = .093; ηp² = .049), though the result approached significance. 



577 
 

Online Learning Journal – Volume 30 Issue 3 –September 2026 

Based on the above data, the hypothesis addressing RQ2 (“Do learners using the 
hybrid recommender system achieve higher learning effectiveness compared to those using 
the ontology-based system or no recommender system?”) is partially supported. While the 
hybrid recommender system significantly influenced material access patterns (1 of 5 
effectiveness measures), it did not result in superior learning outcomes as measured by 
assessment scores. The recommender system appeared to facilitate more efficient material 
selection without demonstrably improving learning effectiveness.  

RQ3: Do learners using the hybrid recommender system report higher satisfaction 
levels than those using an ontology-based system or no recommender system? 

RQ3 examined learner satisfaction through two complementary analyses (see Table 2 
for sample sizes). First, general e-learning satisfaction was assessed across all three groups 
using the EESS model (six constructs: TSQ, INQ, SRQ, SUP, LER, INS) with reliability 
analysis, radar charts, and ANCOVA (n = 53). Second, recommender-specific satisfaction 
was evaluated using the REC construct (n = 18), comparing only the hybrid and ontology-
based groups through radar charts and qualitative feedback.  

Reliability analysis using Cronbach's alpha (N= 53) indicated high internal 
consistency for four constructs: INQ (Information Quality, α = .857), TSQ (Technical System 
Quality, α = .846), SRQ (Service Quality, α = .845), and INS (Instructor Quality, α = .837). 
The LER (Learner Quality) construct demonstrated acceptable reliability (α = .741), while 
SUP (Support System Quality) showed questionable reliability (α = .659). All constructs 
except SUP met the acceptable reliability threshold of α ≥ .70. Detailed item-level statistics 
are presented in Table 6.  

Table 6 

Satisfaction Items: Reliability, Descriptive Statistics, and ANCOVA Results Across Three 
Groups 

Construct Item Group 
AC 

Group 
B 

Group D Cronbach 
alpha 

F p ηp² Sig. Covariates 

TSQ TSQ1 4.54(0.61) 4.3(0.68) 4.25(0.71) 0.846 .684 .510 .030 Gender (p = .038) 
 

TSQ2 4.29(0.67) 3.9(0.74) 4.25(0.46) 
 

.426 .656 .019 
 

 
TSQ3 4.26(0.74) 4.1(0.88) 4.63(0.52) 

 
.647 .528 .029 

 

 
TSQ4 4.2(0.72) 3.9(0.74) 4.13(0.64) 

 
.657 .523 .029 

 

 
TSQ5 4.17(0.82) 3.8(0.92) 4.38(0.52) 

 
.254 .777 .011 

 

INQ INQ1 4.29(0.57) 4.1(0.74) 4.13(0.64) 0.857 .668 .518 .029 
 

 
INQ2 4.14(0.65) 3.6(0.7) 4.13(0.64) 

 
.804 .454 .035 Gender (p = .023) 

 
INQ3 4.23(0.73) 4(0.67) 4.5(0.54) 

 
3.003 .060 .120 Period (p = .033) 

 
INQ4 4.23(0.69) 3.8(0.63) 4.5(0.54) 

 
2.266 .116 .093 

 

 
INQ5 4.23(0.84) 3.9(0.88) 4.13(0.64) 

 
.290 .749 .013 

 

 
INQ6 4.37(0.6) 3.9(0.88) 4.5(0.54) 

 
2.244 .118 .093 

 

 
INQ7 4.03(0.82) 3.8(1.03) 4.38(0.52) 

 
1.168 .320 .050 Field of study (p = .035) 

SRQ SRQ1 4.09(0.82) 3.9(0.74) 4.13(0.84) 0.845 .083 .921 .004 
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SRQ2 4.14(0.69) 4.1(0.74) 4.38(0.52) 

 
1.727 .019 .073 

 

 
SRQ3 4.43(0.56) 4.2(0.63) 4.25(0.46) 

 
.670 .517 .030 Employment status (p < .001) 

 
SRQ4 4.31(0.63) 4.1(0.74) 4.25(0.46) 

 
1.102 .341 .048 

 

 
SRQ5 4.23(0.65) 3.9(0.74) 4.25(0.46) 

 
1.155 .325 .050 

 

SUP SUP2 4.17(0.71) 3.8(0.63) 4.38(0.52) 0.659 2.218 .121 .092 
 

 
SUP3 4.38(0.7) 4.1(0.57) 4.38(0.52) 

 
1.270 .291 .056 

 

 
SUP4 4.2(0.68) 3.6(0.7) 4.38(0.52) 

 
4.799 .013 .179 

 

LER LER1 4.29(0.67) 3.8(0.63) 4.63(0.52) 0.741 4.292 .020 .016 
 

 
LER2 4.34(0.73) 4.1(0.32) 4.5(0.54) 

 
.175 .840 .008 

 

 
LER3 4.43(0.66) 4.1(0.57) 4.63(0.52) 

 
1.072 .351 .046 

 

 
LER4 4.29(0.8) 4.4(0.52) 4.25(0.71) 

 
.137 .873 .006 

 

 
LER5 4.29(0.52) 4.1(0.99) 4.5(0.54) 

 
1.134 .331 .049 

 

INS INS1 4.49(0.56) 4.4(0.52) 4.75(0.46) 0.837 .974 .386 .042 
 

 
INS2 4.43(0.61) 4.4(0.52) 4.75(0.46) 

 
.860 .430 .038 

 

 
INS3 4.46(0.66) 4.1(0.74) 4.5(0.76) 

 
.596 .555 .026 

 

 
INS4 4.31(0.72) 4.2(0.63) 4.63(0.52) 

 
1.038 .363 .045 

 

 
INS5 4.46(0.66) 4.5(0.53) 4.75(0.46) 

 
.707 .499 .031 

 

 

Average construct scores were plotted in radar charts using Microsoft Excel 16.82, with 
the following explanations: 

1. The hybrid recommender group provided the highest satisfaction perception for 
TSQ (Figure 7a) in the variables of "Meeting learner needs" (M = 4.63) and 
"System component integration" (M = 4.38). The comparison group gave the 
highest satisfaction score for "Ease of learning" (M = 4.25). 

2. The hybrid recommender group dominated INQ (Figure 7b) in the variables of 
usability (M = 4.50), content clarity (M = 4.50), up-to-date content (M = 4.50), 
and content design quality (M = 4.38). 

3. Similar findings were obtained for SRQ (Figure 7c), especially in the variable of 
online support availability (M = 4.38). 

4. Satisfaction perceptions of the hybrid recommender group and the comparison 
group regarding SUP were relatively similar (Figure 7d). 

5. The hybrid recommender group provided the highest satisfaction perception for 
four out of five variables in the LER construct (Figure 7e), namely, learner 
behavior (M = 4.63), learner attitude (M = 4.50), learner anxiety (M =4.63), and 
self-efficacy (M =4.50). 

6. The hybrid recommender group (Figure 7f) excelled in the INS construct. 
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Figure 7 

Radar Charts of General E-Learning Satisfaction Constructs: (a) TSQ, (b) INQ, (c) SRQ, (d) 
SUP, (e) LER, (f) INS 

 
(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

 

 
(e) 

 
(f) 

 

The results in Table 6 and the radar chart in Figure 7 indicate that the hybrid 
recommender group achieved higher average satisfaction compared to the ontology-based 
recommender group. However, most of the satisfaction comparisons between three groups 
did not show significant differences, except for: 

1. A significant difference was found between Class D (hybrid recommender group) 
and Class B (ontology-based recommender group) in the following variables: 

0
0,5

1
1,5

2
2,5

3
3,5

4
4,5

5
TSQ1

TSQ2

TSQ3TSQ4

TSQ5

Technical System Quality (TSQ)

AC B D

0

0,5

1

1,5

2

2,5

3

3,5

4

4,5
INQ1

INQ2

INQ3

INQ4INQ5

INQ6

INQ7

Information Quality (INQ)

AC B D

3,6
3,7
3,8
3,9

4
4,1
4,2
4,3
4,4
4,5

SRQ1

SRQ2

SRQ3SRQ4

SRQ5

Service Quality (SRQ)

AC B D

0
0,5

1
1,5

2
2,5

3
3,5

4
4,5

SUP2

SUP3SUP4

Support System Quality (SUP)

AC B D

0
0,5

1
1,5

2
2,5

3
3,5

4
4,5

5
LER1

LER2

LER3LER4

LER5

Learner Quality (LER)

AC B D

0
0,5

1
1,5

2
2,5

3
3,5

4
4,5

SUP2

SUP3SUP4

Support System Quality (SUP)

AC B D



580 
 

Online Learning Journal – Volume 30 Issue 3 –September 2026 

INQ3 (usability of e-learning; t = 2.431, p = .049), SUP4 (preference for Moodle; 
t = 2.885, p =.016), and LER1 (learner behavior; t = 2.902, p = .016). 

2. Class B (ontology-based recommender group) significantly differed from Class 
AC (comparison group) in the SUP4 variable (preference for Moodle; t = -2.857; 
p =.018). 

Several variables also influenced learners’ satisfaction with the recommender system: 

• Gender had a significant effect on TSQ1 (ease of use; p = .038; ηp² = .094) and 
INQ2 (accessibility of e-learning; p = .023; ηp² =.112). 

• The participation period had a significant effect (p = .033; ηp² = .099) on the 
usability of e-learning (INQ3). 

• Field of study had a significant effect (p = .035; ηp² = .097) on content design 
quality (INQ7). 

• Learners’ activity or employment status had a significant effect (p< .001; ηp² = 
0.222) on IT team readiness (SRQ3). 

Figure 8 shows a radar chart comparing the hybrid and ontology-based groups across 
the REC construct. Satisfaction specific to the recommender-assisted groups was measured 
using the Recommender System (REC) construct, with 80% of learners in Class B and 100% 
in Class D willing to respond. All learners also provided positive feedback to the essay 
question “Does non-sequential learning align with your expectations?” although the wording 
of the responses varied (Table 7). 

Figure 8 

Radar Chart of Perceived Satisfaction Across REC Constructs 

 

Table 7 

Alignment with Learners’ Learning Expectations (REC2) 

No Category Number of 
learners 

Responses 

1. Agree 14 • Satisfactory 

0,00

0,50

1,00

1,50

2,00

2,50

3,00
REC3

REC4REC5

Recommender System (REC)

7 ?
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• Effective enough as I don’t really like learning in a 
sequential manner. 

• In general, satisfactory. 
• Overall, it matches my expectation. 
• Yes, I can start with the easiest tasks first, and it’s 

more enjoyable. 
2. Strongly 

agree 
2 • Perfectly meets my expectations because I can 

access it anytime and anywhere. 
• Perfectly matches my expectations as the 

recommendations are helpful. 
 

Based on the above data, the hypothesis addressing RQ3 (“Do learners using the 
hybrid recommender system report higher satisfaction levels compared to those using the 
ontology-based system or no recommender system?”) is supported by the INQ3, SUP4, and 
LER1 variables in comparisons between the recommender groups, but not by other variables. 
Additionally, in comparisons between the ontology-based recommender group and the 
comparison group, the hypothesis is only supported by the SUP4 variable but not by others. 

RQ4: How do learners navigate the learning paths when accessing materials and 
completing assessments? 

Graph-based analysis was conducted to identify patterns in learners’ paths. These 
learning path graphs were generated from navigation log data for materials and assessments. 
While material navigation logs were readily available in Moodle, assessment logs required a 
custom plugin specifically developed for this experiment. 

A complete set of normalized frequency matrices for all classes is shown in Figure 9. 
Class A and Class C served as comparison groups for Periods I and II, respectively, while 
Class B and Class D represented the ontology-based and hybrid recommender groups. 
Navigation graphs for materials in each class are shown in Figure 10. 

Figure 9 

Navigation Data: (a) Class A and (b) Class C (comparison groups); (c) Class B and (d) 
Class D (recommender groups). 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Learning path patterns in the recommender groups slightly differed from those in the 
comparison group. This indicates that, besides frequently accessing materials within the same 
module, learners in the comparison group navigated both forward (e.g., from Module A to 
Module B) and backward (e.g., from Module B to Module A) between modules. Some 
learners even alternated directions; for example, after reading Module B, many moved 
forward to Module C, while others returned to Module A. 

Learning path graphs for the recommender groups show that, in general, learners 
moved forward to other modules in alphabetical order (referred to as linear forward). For 
example, learners in the ontology-based recommender group typically progressed from 
Module A to Module B and read Module J after Module I. Similarly, learners in the hybrid 
recommender group exhibited a similar pattern. This visualization (Figure 10) also shows that 
the graph of the ontology-based recommender group appears slightly more complex. 
However, both recommender groups followed the same linear progression: Module A to 
Module B to Module C, and so on. Overall, navigation data and graphs show similar linear 
forward learning paths across all four classes, except for the first three modules in the 
comparison group. 

Figure 10 

Learning Path of Accessed Materials: (a) Class A and (b) Class C (comparison groups); (c) 
Class B and (d) Class D (recommender groups). 

 
(a) 

 
(b) 
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(c) 

 
(d) 

 

Note: Edge thickness represents navigation frequency between modules, with arrows indicating direction. Bold 
black rings indicate within-module navigation (self-loops). Legend shown in (a) applies to all subplots. 

This study presents matrices for the two experimental classes, with learning paths 
recorded using the recommender system plugin. Navigation matrix data (Figure 11a and 11b) 
highlight frequencies in specific table cells, where cells with more than five assessment 
attempts are marked in orange. These orange cells indicate repeated attempts on the same 
assessment. For instance, cell [B, B] in Class B has a value of 6, showing that six learners 
repeatedly attempted Module B’s assessment. Overall, Class B and Class D differ in 
repetition patterns: assessments for Modules B, C, and K are frequently repeated in Class B, 
while Modules B, C, F, H, I, J, and K are popular for repetitions in Class D. 

Figure 11 

Assessment Completion and Learning Patterns for Classes B and D (recommender groups).  
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(b) 
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(c) 

 

(d) 

Note: (a,c) Class B; (b,d) Class D. (a,b) Assessment completion matrices; (c,d) assessment navigation graphs. 
Edge thickness indicates completion frequency; arrows indicate direction; bold black squares = self-loops. 
Legend shown in (c) applies to all subplots.  

Visualization of assessment learning paths (Figure 11c and 11d) shows that 
assessment completion patterns in Classes B and D resemble material access navigation, 
following a linear forward order. The result shows that learners in the recommender groups 
generally completed assessments for Module A, then proceeded sequentially to Module B, C, 
and so on, until reaching Module K. However, matrix data indicate that learners in the 
ontology recommender group completed assessments 5% more frequently by using 15.2% 
more varied paths. Thus, the conclusions are: 

1. Most learners in the recommender groups accessed materials and completed 
assessments in a linear forward path. 

2. The ontology-based recommender group completed assessments with more varied 
nonlinear paths. 

3. The hybrid recommender group more frequently repeated assessments for the 
same module, resulting in a 21% shorter average assessment completion duration. 

Discussion 

Evaluating recommender systems is a complex domain (Erdt et al., 2015), and the 
performance of different recommender systems in e-learning is difficult to compare  (da Silva 
et al., 2023; George & Lal, 2019). Therefore, this study has aimed to employ more detailed 
evaluation metrics than previous studies by specifying measurement constructs, utilizing 
learner performance data recorded in the system, and adopting a more comprehensive e-
learning evaluation framework (Al-Fraihat et al., 2020). 

Recommender systems can be evaluated through offline experiments with datasets, 
user studies in controlled settings, or online experiments (real-life testing) involving real 
learners. Previous studies indicate that most recommender systems are assessed using offline 
methods and user studies (da Silva et al., 2023; Erdt et al., 2015; Rahayu et al., 2023). This 
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study, evaluated through online experiments and employing a quasi-experimental design, 
contributes to understanding system performance in real-life conditions. 

The experiments measured the recommender system’s performance in terms of 
efficiency, effectiveness, and satisfaction. These metrics were analyzed using descriptive 
statistics and hypothesis tests (ANCOVA or Kruskal-Wallis), depending on data distribution. 
The diverse evaluation approaches, variable dimensions (Erdt et al., 2015), and different 
statistical techniques compared to previous studies (e.g., t tests (Jevremovic et al., 2017), 
ANOVA (Jeng & Huang, 2019)) provide a comprehensive perspective on recommender 
system performance. 

Descriptive statistics revealed that the hybrid recommender group had the second-
highest efficiency after the comparison group. However, hypothesis testing after controlling 
for covariates showed no significant differences among the three groups. In the 
assessmentDuration variable, the hybrid group completed assessments 21% faster than the 
ontology recommender group, likely due to improved assessment layouts based on feedback 
from Period I. Clearer assessment questions facilitated easier retakes for the hybrid group, 
aligning with findings that unclear instructions hinder online learners (Kelly et al., 2024; Roy 
et al., 2020). 

The results show no support for H1 (efficiency) and partial support for H2 
(effectiveness). The hybrid group accessed significantly fewer materials (p = .023) but 
achieved equivalent assessment scores, indicating the system influenced learning behavior 
without improving outcomes. These findings partially contradict research showing hybrid 
recommender systems enhance learning effectiveness outcomes (Colace & De Santo, 2010; 
Deschênes, 2020; Jevremovic et al., 2017; Vesin et al., 2013), while aligning with studies 
showing varied outcomes (Murad et al., 2020). Factors such as short course duration and 
small sample size may have influenced results. The findings suggest that advantages of the 
hybrid approach are contextual and depend on measured variables; thus, the hybrid approach 
is not universally superior to single-method approaches (ontology-based). 

The satisfaction evaluation showed the hybrid recommender group scored highest in 
22 out of 30 e-learning satisfaction variables. This may be attributed to learning path 
suggestions and progress tracking features, which reduce extraneous cognitive load by 
simplifying module selection (Premlatha & Geetha, 2015; Sweller et al., 2011) and visually 
clarifying learning progress. These features likely made learners feel their progress was 
important and navigable, leading to higher satisfaction (Sartor et al., 2020; Smith, 2018). 
Specifically, the hybrid group scored an average of 2.5 out of 3 on benefits (REC4) and 
overall satisfaction (REC5) in the recommender system variables (REC2 - REC5). 

Additionally, 89% of learners in both recommender groups reported that the system 
met or exceeded their expectations, surpassing 65–65.6% satisfaction rates in other studies 
(Colace et al., 2020; Vesin et al., 2013). The hybrid recommender group also achieved higher 
overall satisfaction scores (REC5), though perceptions of frequency and benefits were lower 
than the ontology-based recommender group. This suggests that satisfaction may be 
influenced by other factors, such as cognitive styles (Betoret, 2007) or learner needs (Al-
Azawei et al., 2016). 

The analysis of the learning path graph for course materials reveals that the patterns 
across the three groups are similar, exhibiting a forward linear path, except for the first three 
modules in the comparison group. Consequently, although the system provides the option to 
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select materials nonlinearly, learners in the experimental groups accessed the materials in an 
order comparable to that of the comparison group. One possible explanation for this 
phenomenon is B.F. Skinner’s theory of operant conditioning (Huang et al., 2019). This 
theory suggests that learners, all over 18 years old, have previously experienced sequential 
learning processes during their primary and secondary education years (Rohman & 
Muhtamiroh, 2022). This established condition makes it difficult to alter such habitual 
behaviors. 

Another significant finding is the presence of several confounding variables that 
influenced the measurement results: 

1. Period of Participation: significantly affects access duration (efficiency 
dimension), the percentage of materials accessed (effectiveness dimension), and e-
learning usability (satisfaction dimension). 

2. Participant Age: significantly influences the score of sub-learning outcome II 
(effectiveness dimension). 

3. Gender: impacts the ease of use and accessibility of e-learning (satisfaction 
dimension). 

4. Field of Study: affects the quality of content design (satisfaction dimension). 

5. Participant Activity or Occupation: influences the IT team’s readiness 
(satisfaction dimension). 

These findings align with previous research on the effects of participation period  
(Sibanda & Donnelly, 2014), age (Kintu et al., 2017), gender (Aliyu et al., 2019), field of 
study (Li et al., 2018), and learner activity (Alnaji & Karsu, 2016) on learning outcomes. 
However, it is noteworthy that these five confounding variables only influenced 1–3 out of 
the 40 dependent variables measured in this study. As a result, the overall impact of these 
confounding factors on the research outcomes remains inconclusive. 

Implications 
This study highlights important insights into designing and applying hybrid 

recommender systems in e-learning environments. While the collaboration between ontology 
and sequential pattern mining did not deliver the expected performance gains, the findings 
reveal practical considerations for educators and system designers. Specifically, aligning 
recommender systems with specific learning approaches, selecting appropriate artificial 
intelligence techniques, and ensuring robust experimental setups are critical for improving 
system efficacy. These results offer actionable guidance for personalizing learning paths. 

The observed similarity in learning path patterns despite the availability of nonlinear 
material selection options suggests that habitual learning behaviors, as explained by operant 
conditioning, may persist even in more flexible learning environments. This has important 
implications for the design of e-learning recommender systems, indicating that merely 
providing nonlinear options may not be sufficient to change established learning behaviors. 
Future systems should consider incorporating strategies that actively encourage exploration 
and deviation from linear paths to fully utilize the potential of nonlinear learning 
environments. 
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The identification of confounding variables highlights the complexity of evaluating e-
learning recommender systems. The significant impact of participation period, age, gender, 
field of study, and learner activity or occupation suggests that these factors should be 
carefully controlled or accounted for in future studies to isolate the effects of the 
recommender systems themselves. Additionally, understanding how these variables interact 
with system performance can inform more personalized and adaptive recommender strategies 
that cater to diverse learner profiles. 

Limitations and Future Directions 
This study was limited by several factors, including a small sample size, the presence 

of confounding variables, and a constrained experimental duration. These limitations affected 
the hybrid system’s performance and the generalizability of the findings. To address these 
challenges, future research should investigate larger learner cohorts, test diverse 
combinations of recommender techniques, and extend the duration of experiments. Reducing 
confounding variables and improving the experimental setup will also enhance the reliability 
of results and provide deeper insights into hybrid recommender systems’ effectiveness in 
real-world e-learning contexts. 

Prior knowledge data were not systematically collected across all experimental 
groups, limiting our ability to control for this factor in the main three-group comparisons. 
Supplementary analyses with the two recommender groups (n = 24) showed no significant 
effect of prior knowledge, though the reduced sample size limits generalizability. 
Additionally, satisfaction surveys were administered anonymously to protect privacy, 
preventing linkage with prior knowledge or demographic data and limiting examination of 
individual-level factors. Future studies should implement systematic prior knowledge 
collection across all conditions while maintaining privacy protections through alternative 
means such as secure linking codes. 

This study involved learners aged over 18 years, based on the assumption that 
individuals at this age generally possess self-regulated learning skills (Lowe et al., 2013). 
However, not all learners in this experiment exhibited strong self-regulation levels, which 
may have affected the performance of the recommender system. Initial screening could be 
conducted to ensure learners have sufficient self-regulation abilities. This step is expected to 
enhance the relevance and accuracy of experimental results regarding nonlinear learning path 
recommender systems. 

The hybrid recommender systems combine learning path suggestion and progress 
tracking features. To increase learner engagement and completion rates, progress tracking 
features can be developed into gamification elements in e-learning (Meşe & Sevilen, 2021; 
Strmečki et al., 2015), as gamification has been shown to enhance motivation and sustained 
participation. Additionally, these features can be expanded into knowledge tracing to measure 
learners’ knowledge status as it evolves over time (Huang et al., 2019; Shen et al., 2022). 

Conclusion 

This study assessed the effectiveness of e-learning recommender systems within a 
Database MOOC, comparing a comparison group, a single-method ontology-based 
recommender group, and a hybrid recommender group combining ontology and sequential 
pattern mining. The experimental results demonstrate that the hybrid recommender system 
surpassed the ontology-based system in efficiency, achieved the highest effectiveness in 
several sub-learning outcomes, and obtained the best scores in 22 out of 30 general e-learning 
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satisfaction variables. Furthermore, ANCOVA revealed significant differences in user 
satisfaction across three variables: e-learning usability (INQ3), Moodle preference (SUP4), 
and learner behavior (LER1), providing partial support for the satisfaction hypothesis. The 
effectiveness hypothesis was also partially supported, with the hybrid group accessing 
significantly fewer materials (p =.023), though this behavioral difference did not translate 
into superior assessment scores. No significant differences were observed in efficiency. 
These findings suggest that while hybrid recommender systems can influence learning 
behaviors and enhance specific aspects of user satisfaction, their impact on learning outcomes 
may be limited or contextual. The results emphasize the importance of tailoring recommender 
systems to specific learning environments and learner profiles, and distinguishing between 
process-level improvements and outcome-level effectiveness in evaluating recommender 
system performance. Future research should consider the identified confounding variables 
and explore alternative configurations for hybrid recommender systems to maximize their 
benefits across various educational settings. 

Furthermore, the study identified five confounding variables (period of participation, 
age, gender, field of study,and learner activity or occupation) that affected a subset of the 
dependent variables. This highlights the complexity of evaluating e-learning systems and the 
need to account for diverse learners’ characteristics in future research. 
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Appendix B 

Supplementary ANCOVA Results with Prior Knowledge 
 

Variable N Group effect Prior knowledge effect 

F p ηp² F p ηp² 
Efficiency        
accessDuration 24 1.453 .242 .010 .214 .648 .010 
assessmentDuration 24 .063 .804 .003 .026 .873 .001 
Effectiveness        
materialPercentage 24 .960 .338 .044 .666 .424 .031 
subLO1Score 24 .254 .619 .012 .954 .340 .043 
subLO2Score 18 .836 .375 .053 .016 .901 .001 
subLO3Score 17 .003 .954 2.439x10-4 1.457 .247 .094 
finalScore 24 .681 .418 .031 .315 .581 .015 
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