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The integration of mobile technology in higher education has transformed 
traditional learning models into more flexible and student-centered 
approaches. However, challenges remain in effectively engaging students 
and improving learning outcomes. This study aims to examine the impact 
of Mobile BRISMA LMS on student academic performance within a 
Flipped Classroom model. A quantitative research design was employed 
using Structural Equation Modelling (SEM) to analyze the relationships 
among LMS usage, student engagement, teaching effectiveness, and 
academic achievement. The study involved 120 graduate students from 
Universitas Negeri Jakarta, selected through purposive sampling based on 
their enrollment in a flipped classroom course. The Mobile BRISMA LMS 
facilitated pre-class learning via video tutorials, interactive quizzes, and 
discussion forums, while in-class sessions emphasized collaboration and 
application of knowledge. The findings indicate that Mobile BRISMA 
LMS significantly enhances student engagement, which mediates the 
relationship between LMS usage and academic performance. Teaching 
effectiveness also plays a critical role in influencing student outcomes. In 
conclusion, Mobile BRISMA LMS effectively supports the Flipped 
Classroom model by fostering active learning, critical thinking, and 
improved academic achievement. These results offer practical insights for 
educators and institutions aiming to implement mobile LMS platforms to 
enhance learning experiences in higher education. 
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INTRODUCTION 
 

The advancement of digital technology has significantly transformed higher 
education, shifting traditional teacher-centered instruction toward more flexible and 
student-centered learning environments (Zainuddin & Halili, 2016). One of the 
most widely adopted pedagogical innovations is the flipped classroom model, 
which reverses the conventional sequence of learning by delivering instructional 
content before class and utilizing in-class time for active learning and collaborative 
problem-solving (Bergmann & Sams, 2011). This approach has been shown to 
improve student engagement, collaboration, and higher-order thinking skills across 
various disciplines (Akçayır & Akçayır, 2018). 
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However, many studies on flipped classrooms tend to present generalized 
findings without acknowledging the geographical or cultural context in which the 
research was conducted, which limits the transferability and relevance of the 
outcomes to different educational settings (Al-Samarraie, Shamsuddin, & 
Alzahrani, 2020). In Southeast Asia, particularly in Indonesia, the adoption of 
technology-enhanced learning continues to grow, yet it faces unique challenges 
such as unequal digital infrastructure, varying levels of digital literacy, and 
traditional learning cultures that may resist pedagogical change (Nguyen, 2022). 

To address these challenges, mobile-based Learning Management Systems 
(LMS) have been introduced to support independent learning outside the classroom. 
In the Indonesian context, Mobile BRISMA LMS has been implemented to deliver 
pre-class materials through videos, interactive quizzes, and discussion forums while 
also facilitating collaborative in-class activities (Syakdiyah, Wibawa, & Muchtar, 
2018). Despite its growing adoption, empirical evidence on the effectiveness of 
Mobile BRISMA LMS in supporting flipped classroom models in Indonesian 
higher education remains limited. 

This study aims to examine the impact of Mobile BRISMA LMS on student 
engagement and academic performance among graduate students at Universitas 
Negeri Jakarta. By employing Structural Equation Modelling (SEM), the research 
provides context-specific insights into how mobile LMS tools can enhance flipped 
classroom practices in Indonesia. The findings contribute to a broader 
understanding of mobile learning implementations in Southeast Asia and offer 
practical implications for higher education institutions in similar socio-educational 
settings. 
 
Definition and Challenges in Mobile Learning Path Design  

The advancement of mobile learning has introduced new challenges in 
designing structured and effective learning paths, particularly within Learning 
Management Systems (LMS) such as Mobile BRISMA LMS. Mobile learning 
paths must be optimized to ensure accessibility, engagement, and instructional 
effectiveness, especially in student-centered approaches like the Flipped Classroom 
model. The process of designing an optimized learning path involves defining 
appropriate content sequences, ensuring adaptability to student needs, and 
integrating interactive elements to enhance learning outcomes (Doe et al., 2022). 

Designing an optimized mobile learning path within a Learning Management 
System (LMS) presents several challenges that must be addressed to enhance 
student engagement and learning outcomes. One of the primary challenges is 
personalization and adaptability. Students exhibit diverse learning paces, 
preferences, and prior knowledge, making it essential for the Mobile BRISMA 
LMS to provide adaptive learning paths tailored to individual needs. Adaptive 
learning enables a more effective and engaging learning experience, ensuring that 
students receive content suited to their progress and capabilities (Smith & Jones, 
2021; Brown, 2020). 

Another key issue is seamless content delivery. Mobile learning environments 
must ensure that instructional materials are easily accessible while maintaining high 
levels of engagement. Technical challenges such as limited interactivity, poor user 
experience, and device compatibility issues can hinder students from fully 
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benefiting from mobile learning platforms. Addressing these issues requires 
designing intuitive interfaces and interactive elements that enhance user experience 
and learning retention (Lee & Kim, 2019). 

Furthermore, pre-class preparation effectiveness is critical in the Flipped 
Classroom model, where students are expected to engage with learning materials 
before attending in-person sessions. Mobile BRISMA LMS must effectively 
support pre-class learning through video tutorials, quizzes, and interactive 
discussion forums. Without well-structured and engaging pre-class activities, 
students may struggle to grasp foundational concepts, reducing the effectiveness of 
the flipped learning approach (Syakdiyah, et al., 2021; Kardipah, & Wibawa, 2020). 

 
 
 

 

Figure 1. Mobile Brisma LMS User Interface 
 

Another challenge is tracking and assessment mechanisms. A well-designed 
LMS should include advanced analytics and tracking tools to monitor student 
engagement, participation, and progress. Without these mechanisms, instructors 
may face difficulties in identifying students who require additional support, 
potentially leading to learning gaps. Effective tracking systems allow for timely 
interventions, ensuring that students remain engaged and achieve their learning 
objectives (Kumar, 2021). 

Lastly, scalability and integration pose significant challenges in mobile 
learning. As educational institutions expand their digital learning initiatives, LMS 
platforms must be capable of scaling efficiently while integrating with other 
educational tools and platforms. Ensuring seamless interoperability with various 
learning technologies is crucial to maintaining a flexible and efficient learning 
ecosystem (Fernandez, et al., 2020). Addressing these challenges will contribute to 
the development of a robust and effective mobile learning environment. 
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Challenges in Mobile LMS Usage for Flipped Classroom Models 
The integration of mobile Learning Management Systems (LMS) into flipped 

classroom models presents numerous benefits, particularly in promoting flexibility 
and access. However, its implementation also reveals a range of pedagogical and 
technological challenges that affect student engagement, learning outcomes, and 
instructional efficiency. A clearer understanding of these challenges is essential to 
optimize mobile LMS platforms such as Mobile BRISMA LMS for higher 
education settings. 

 
1. Pedagogical Challenges 

Flipped classroom models rely heavily on students’ ability to manage their 
own learning outside the classroom. Yet, self-regulation difficulties remain a 
critical barrier. Many students lack the discipline or strategies required to 
consistently engage with pre-class materials, which negatively impacts in-class 
participation and performance (Zimmerman, 2021). In addition, cognitive 
overload—often stemming from disorganized content or excessive information—
can further diminish learning effectiveness (Brown, 2020). 

Another significant issue is the lack of interactive and motivational elements 
in traditional LMS platforms. The absence of gamification, social learning tools, 
and collaborative features can reduce student engagement and hinder long-term 
knowledge retention (Lee & Chen, 2022; Wilson, 2021). Embedding features such 
as discussion forums, peer activities, and progress tracking can foster deeper 
engagement and more meaningful learning experiences (Davis, 2023; Johnson, 
2023). 

From the instructor’s side, limited technical expertise and insufficient support 
often result in poorly designed multimedia content or inconsistent formatting across 
devices, reducing usability and student satisfaction (Smith, 2022; White, 2023). 
Successful implementation of flipped classrooms thus depends not only on student 
readiness but also on instructor training and institutional investment in digital 
pedagogy. 

 
2. Technological Challenges 

Technological limitations remain a significant constraint in the adoption of 
mobile LMS platforms. Many students encounter device incompatibility, unstable 
internet connectivity, and unfamiliarity with LMS functionalities, which hamper 
seamless access to learning materials (Al-Freih, 2022; Park & Kim, 2021). These 
barriers are particularly pronounced in developing regions, where digital 
infrastructure is inconsistent. 

Moreover, system interoperability poses a challenge for institutions aiming to 
synchronize LMS with existing digital tools. The absence of standardized data 
exchange frameworks complicates real-time performance tracking, adaptive 
learning, and integration with external analytics systems (Martin, 2021; Patel, 
2023). Addressing this requires the adoption of open interoperability standards such 
as Learning Tools Interoperability (LTI) and Experience API (xAPI), which can 
enhance compatibility and system scalability (Thompson, 2022). 

Security concerns also persist, particularly related to data privacy and 
unauthorized access, which can erode trust in the platform and hinder long-term 
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adoption (Nguyen, 2022). Ensuring robust data protection mechanisms is thus 
essential for maintaining institutional credibility and user confidence. 

 
The Role of Mobile BRISMA LMS in Optimizing Learning Paths 

The Mobile BRISMA LMS is designed to overcome the challenges of mobile 
learning by offering a structured and adaptable learning path, particularly within 
the Flipped Classroom model. This platform integrates advanced features to 
enhance student engagement and optimize learning outcomes. One of the key 
functionalities is automated learning path generation, which dynamically sequences 
learning materials based on student performance and engagement analytics. By 
leveraging data-driven approaches, the system ensures that students receive 
personalized content tailored to their progress, thereby improving their learning 
experience (Zhang & Wang, 2022). 

Another crucial feature of Mobile BRISMA LMS is the interactive pre-class 
learning modules. The platform incorporates multimedia content, such as 
instructional videos, interactive simulations, and self-assessment quizzes, to 
enhance students' comprehension before they participate in in-class activities. This 
ensures that students arrive prepared, allowing instructors to focus on higher-order 
learning activities such as problem-solving and critical discussions (Anderson, 
2021). 

Additionally, the LMS includes real-time progress tracking capabilities, 
which provide instructors with detailed insights into student engagement, 
participation, and learning progress. Advanced analytics and reporting tools allow 
educators to identify students who may need additional support and adjust 
instructional strategies accordingly. By leveraging data visualization and predictive 
analytics, the system enhances the ability of instructors to make informed 
pedagogical decisions (Roberts, et al., 2021). 

To ensure seamless accessibility and usability, the Mobile BRISMA LMS is 
optimized for different devices and operating systems. A mobile-first design 
approach ensures that students can access learning materials anytime and anywhere, 
supporting flexible and self-paced learning. This feature is particularly important 
for learners who rely on mobile devices as their primary mode of accessing 
educational resources (Johnson, 2021). 
By addressing these critical factors, the Mobile BRISMA LMS fosters an optimized 
learning path that enhances student engagement, encourages active participation, 
and improves academic performance in mobile-based Flipped Classroom 
environments. Through its integration of adaptive learning, multimedia resources, 
real-time analytics, and mobile accessibility, the platform serves as a 
comprehensive solution for modern digital learning. 

The effectiveness of mobile Learning Management Systems (LMS) in 
Flipped Classroom models depends on analyzing student interactions within the 
platform. Extracting mobile interaction features allows educators to evaluate 
engagement levels, learning behaviors, and academic performance. Mobile 
BRISMA LMS collects diverse user data, including participation in discussions, 
time spent on learning materials, and quiz performance. This section outlines the 
process of extracting, analyzing, and interpreting these features to optimize learning 
outcomes. 
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Mobile Interaction Data Collection 
Mobile interaction data is gathered through system logs, analytics 

dashboards, and embedded tracking mechanisms in Mobile BRISMA LMS. These 
logs capture user activities, including login frequency, content access, participation 
in forums, and quiz attempts (Johnson, 2022). Advanced tracking tools, such as 
Experience API (xAPI) and Learning Analytics Dashboards (LADs), provide real-
time insights into student engagement and behavior patterns (Brown, 2023). Data 
collection ensures that educators can monitor student interactions and tailor 
instructional strategies accordingly (White, 2021) 

While prior studies have explored the general benefits of learning analytics in 
digital education platforms, few have specifically examined how mobile-based 
LMS interaction data can be used to predict or enhance student performance within 
flipped classroom environments in Southeast Asia, particularly in Indonesia. Most 
research remains focused on desktop-based LMS or lacks integration of behavioral 
analysis into instructional decision-making. Therefore, this study seeks to fill that 
gap by analyzing interaction data from Mobile BRISMA LMS in the context of a 
flipped classroom model, aiming to understand how specific behavioral metrics—
such as forum activity and time spent on materials—relate to academic outcomes. 
This context-specific approach offers a novel contribution by linking mobile 
analytics with instructional effectiveness and student success in a developing 
country setting. 

Interaction analysis in mobile LMS environments plays a crucial role in 
assessing student engagement and academic performance. By analyzing various 
interaction features, instructors can gain insights into student behaviors, learning 
preferences, and potential areas for improvement. These features provide a data-
driven approach to enhancing learning experiences and optimizing instructional 
strategies. 

One critical feature is discussion engagement, which includes the number of 
posts, replies, and interactions within online forums. Active participation in 
discussions indicates a student's willingness to collaborate and engage in peer 
learning (Wilson, 2023). Research suggests that higher engagement levels in 
discussion forums contribute to improved conceptual understanding and long-term 
knowledge retention (Lee, & Chen, 2023). This feature helps instructors identify 
students who may need additional encouragement or support to participate more 
actively. 

Another essential metric is time spent on learning materials, such as video 
lectures, reading materials, and supplementary resources. The duration students 
spend interacting with these materials reflects their commitment to self-regulated 
learning (Davis, 2022). Studies indicate that students who consistently engage with 
instructional content for extended periods tend to achieve better learning outcomes 
compared to those with minimal engagement (Zimmerman, 2021). By tracking time 
spent on different materials, educators can assess content effectiveness and identify 
potential gaps in student comprehension. 

Quiz performance and attempts also serve as key indicators of student 
learning. The frequency of quiz attempts, accuracy of responses, and improvement 
over multiple attempts provide valuable insights into knowledge acquisition and 
retention. Adaptive quizzes with personalized feedback can further enhance 
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learning efficiency by addressing individual student weaknesses and reinforcing 
key concepts (White, 2023). This data allows instructors to tailor instructional 
strategies based on student performance trends. 

Lastly, mobile activity patterns offer insights into student learning habits and 
accessibility challenges. Data on peak usage hours, device types, and navigation 
flow within the LMS can reveal how students prefer to interact with the platform 
(Martin, 2021). Understanding these patterns enables instructors to optimize 
content delivery, improve user experience, and ensure accessibility across different 
devices. By leveraging these insights, mobile LMS platforms can create a more 
engaging and inclusive learning environment that accommodates diverse student 
needs. 

Analyzing mobile interaction data enables educators to assess the 
effectiveness of Mobile BRISMA LMS in improving student learning outcomes. 
Machine learning models, such as clustering and regression analysis, can identify 
patterns that predict academic success based on engagement metrics (Patel, 2022). 
Predictive analytics frameworks integrate historical performance data to provide 
early warnings for at-risk students, allowing timely interventions (Nguyen, 2022). 

Furthermore, learning analytics tools generate personalized feedback, 
enabling instructors to adjust course content, improve assessment strategies, and 
enhance student engagement. By leveraging interaction data, institutions can 
optimize the LMS design, making it more responsive to student needs and learning 
behaviors (Thompson, 2022). 

 
Collaborative Mobile Behavior Model for Student Analysis 

The Multiple Mobile Behavior Collaborative Encoder (MMBCE) is an 
analytical framework designed to capture and interpret student behavioral patterns 
in mobile-based Learning Management Systems (LMS), such as Mobile BRISMA 
LMS. This approach leverages collaborative encoding techniques to process large-
scale interaction data, enabling a deeper understanding of student engagement, 
knowledge retention, and learning efficiency. By incorporating machine learning, 
natural language processing (NLP), and network analysis, the MMBCE framework 
facilitates a data-driven approach to optimize digital learning experiences in a 
Flipped Classroom model. 

The collaborative encoder plays a crucial role in understanding student 
engagement by aggregating multiple interaction features and analyzing them in the 
context of peer collaboration. This approach leverages multi-modal learning 
analytics, integrating various data sources to uncover latent behavioral patterns that 
influence learning outcomes. By analyzing student-to-student and student-to-
content interactions, the encoder provides insights into engagement levels and 
academic performance trends. 

One critical aspect of this model is forum discussion networks, which track 
post frequency, response depth, and interaction quality within online discussions. 
Students who actively participate in knowledge-sharing activities tend to develop 
deeper conceptual understanding, fostering a more collaborative learning 
environment (Smith, 2022). Similarly, material interaction sequences analyze 
clickstream data, time-on-task, and content re-engagement, revealing how students 
navigate through instructional resources such as video lectures, quizzes, and 
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readings (Anderson, 2023). These patterns highlight self-regulated learning 
behaviors and engagement consistency. 

Additionally, assessment performance trends are examined through quiz 
attempts, completion rates, and adaptive learning progress across various student 
cohorts. Tracking these indicators helps educators identify knowledge gaps and 
provide targeted interventions (Carter, 2023). Furthermore, device and access log 
analysis offers insights into learning behavior based on device types, access times, 
and geographical trends. This data enables optimizations for mobile accessibility, 
ensuring that learning experiences are seamless across different platforms (Lee, 
2023). 

By encoding these diverse behavioral dimensions, the Multi-Modal 
Behavioral Collaborative Encoder (MMBCE) constructs comprehensive 
representations of student engagement. These representations are utilized to 
personalize learning paths, implement early warning systems for at-risk students, 
and enhance predictive performance analytics, ultimately fostering a more adaptive 
and data-driven learning ecosystem. 

The analysis of student behavioral patterns in mobile LMS environments 
provides valuable insights into engagement trends and learning effectiveness. By 
leveraging interaction data such as login frequency, time spent on learning 
materials, forum participation, and quiz completion, educators can identify 
variations in student activity and adapt instructional strategies accordingly. 

Basic clustering techniques can be used to categorize learners into 
engagement levels (e.g., high, medium, low), which helps instructors recognize 
students who may require additional support (Patel, 2022). These classifications 
also inform personalized feedback and facilitate targeted interventions to prevent 
academic decline. 

Instructors can also examine usage sequences and access logs to uncover 
common learning pathways and detect content areas that hinder progress. Such 
insights enable refinement of course structure and more efficient content delivery, 
improving student navigation and learning flow (White, 2022). 

Despite these benefits, practical limitations such as incomplete data from 
passive users, device compatibility issues, and inconsistent connectivity remain 
significant barriers. Ensuring data quality, accessibility, and privacy is critical to 
effectively applying behavioral analytics in mobile-based flipped classrooms. 

 
Enhancing Learning Effectiveness 

Mobile BRISMA LMS integrates data-informed features that enhance 
learning effectiveness in flipped classroom settings. By tracking student behaviors, 
such as content access, quiz completion, and discussion participation, the platform 
supports personalized recommendations and timely feedback. These insights allow 
educators to identify learning gaps, adjust instruction, and provide targeted support 
to at-risk students early on. 

Instructors can monitor trends in engagement and performance, helping 
ensure students remain on track. This combination of adaptive learning pathways, 
progress tracking, and early intervention contributes to a more engaging and 
effective mobile learning experience, particularly in self-directed environments like 
flipped classrooms. 
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Challenges in Real-World Implementation 
Despite its potential, the application of analytics-driven approaches in mobile 

LMS platforms faces several real-world barriers. Many systems lack the 
infrastructure to support advanced analytics, and educators may be unfamiliar with 
how to interpret or act upon behavioral data (Smith, 2022). Inconsistent definitions 
and measurements of engagement across platforms also hinder interoperability and 
comparative analysis (Patel, 2023). 

Mobile-specific limitations—such as small screens, limited memory, and 
short battery life—can reduce usability and discourage participation in activities 
that require higher interactivity (Park & Kim, 2021). Moreover, students from rural 
or underserved communities often face limited access to reliable internet and 
modern devices, exacerbating digital inequalities (Brown, 2020). 

To ensure equitable and scalable implementation, mobile LMS platforms 
must prioritize accessibility, provide training for educators, and adopt standardized 
analytics frameworks that accommodate diverse technological contexts. 

 
 

RESEARCH METHODS 
 

Evaluating the effectiveness of Mobile BRISMA LMS in enhancing student 
engagement and academic performance required a mixed-methods research design 
with an emphasis on quantitative analysis. This study employed Partial Least 
Squares Structural Equation Modelling (PLS-SEM) to analyze the relationships 
between LMS usage, engagement, instructional effectiveness, and learning 
outcomes. PLS-SEM was chosen due to its suitability for exploratory models and 
small-to-medium sample sizes, providing flexibility in modeling complex 
relationships (Hair et al., 2019). However, it is acknowledged that PLS-SEM has 
limitations in parameter accuracy compared to covariance-based SEM, and may 
overestimate path coefficients while underemphasizing model fit indices (Sarstedt 
et al., 2014). 

The research involved 120 undergraduate students, selected through 
purposive sampling based on their enrollment in a flipped classroom-based 
programming course at a single higher education institution in Indonesia. Data were 
collected over one semester, allowing the capture of rich longitudinal data on 
student behavior, academic outcomes, and engagement perceptions. While the 
sample size met the statistical requirements for PLS-SEM, the study’s scope is 
limited to a single course and institution, potentially constraining the 
generalisability of the findings across other disciplines, learning styles, or 
educational contexts. 

Behavioral interaction data were collected from system logs embedded in the 
Mobile BRISMA LMS. Key metrics included login frequency, time spent on course 
materials, participation in discussion forums, and completion rates of quizzes and 
assignments. These indicators provided a quantitative view of student engagement 
and learning consistency. 

Academic performance was measured using multiple indicators: mid-term 
and final exam scores, assignment grades, and overall course performance. These 
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outcome variables allowed for evaluation of how varying levels of engagement and 
LMS interaction correlated with learning achievements. 

To complement the behavioral and academic data, qualitative insights were 
obtained from student surveys and instructor feedback. The surveys included items 
on perceived engagement, ease of use, and instructional support provided by the 
LMS, while instructors provided observational data on student participation and 
classroom dynamics. 

Despite its methodological strengths, this study acknowledges its contextual 
limitations. Findings may not be directly generalizable to other subject areas or 
institutions without further validation. Future research is recommended to replicate 
the study across multiple disciplines and student populations to enhance the external 
validity of the conclusions. 

 
Structural Equation Modelling (SEM) for Data Analysis 

The evaluation of the impact of the Mobile BRISMA LMS on the 
effectiveness of Flipped Classroom and students' academic performance was 
conducted using Partial Least Squares-Structural Equation Modeling (PLS-SEM) 
with SmartPLS 4. The research model includes three latent variables: 

• Mobile BRISMA LMS (X1): Representation of the use of mobile-based 
LMS in supporting learning. 

• Flipped Classroom (X2): The effectiveness of the flipped classroom 
learning model. 

• Student Performance (Y): Academic outcomes achieved by students after 
interacting with the LMS and flipped classroom method. 

Each latent variable has measurable indicators as follows: 
Table 1. Latent Variable and Indicators 

Latent Variable Indicator Description 
Mobile BRISMA LMS (X1) X1_1 Frequency of student logins to the 

LMS 
 X1_2 Time spent on learning materials 
 X1_3 Participation in discussion forums 
Flipped Classroom (X2) X2_1 Student interaction with material 

before class 
 X2_2 Active participation in class 

discussions 
 X2_3 Utilization of additional learning 

resources 
Student Performance (Y) Y1 Scores from assignments and quizzes 
 Y2 Final exam scores 
 Y3 Students' perception of improved 

understanding 
 
 To ensure the robustness of the measurement model, several validity and 
reliability tests were conducted. Indicator reliability was confirmed as all indicators 
exhibited outer loadings above the recommended threshold of 0.70, indicating that 
each indicator reliably represents its corresponding latent variable. Internal 
consistency reliability was established with Composite Reliability (CR) values 
exceeding 0.70 for all constructs, demonstrating good internal consistency. 
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Convergent validity was supported by Average Variance Extracted (AVE) values 
above 0.50 for all latent variables, meaning that over 50% of the variance in the 
indicators is explained by their respective constructs. Discriminant validity was 
assessed using two complementary criteria: the Fornell-Larcker criterion showed 
that the square root of AVE for each construct was higher than its highest 
correlation with any other construct, while the Heterotrait-Monotrait Ratio (HTMT) 
values were all below the conservative threshold of 0.85. These results confirm that 
the constructs are distinct from one another. Overall, these assessments confirm that 
the measurement model is reliable and valid, thus supporting meaningful 
interpretation of the structural relationships in the research model. 
 
 
Path Model and Hypotheses 

Based on the research hypotheses, the PLS-SEM model includes three main 
relationship paths: 

• X1 → X2 (Mobile BRISMA LMS affects Flipped Classroom): Describes 
how mobile LMS usage enhances the effectiveness of Flipped Classroom 
through improved accessibility to materials and pre-class interaction. 

• X2 → Y (Flipped Classroom affects Student Performance): Tests the 
impact of the flipped classroom model on student academic outcomes. 

• X1 → Y (Mobile BRISMA LMS directly affects Student Performance): 
Analyzes whether the LMS can directly improve student performance 
without mediation from the flipped classroom. 

The structural path diagram generated using SmartPLS 4 is shown below. 
 

 
Figure 2. SEM Path Diagram 

 
 
RESULTS & DISCUSSION 
 
Model Fit and Reliability Assessment 

To evaluate the validity and reliability of the model, an assessment of both 
the outer and inner models was conducted using SmartPLS 4. The outer model, also 
known as the measurement model, focuses on the relationships between latent 
variables and their respective indicators. Several key metrics were analyzed to 
ensure the quality of the measurement. 
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The convergent validity of the model was assessed through the Average 
Variance Extracted (AVE). All indicators had AVE values greater than 0.50, 
confirming good convergent validity. This indicates that the indicators effectively 
measure the corresponding latent variables. Moreover, composite reliability (CR) 
and Cronbach’s Alpha were used to determine the internal reliability of the model. 
The CR values for all latent variables exceeded the threshold of 0.7, demonstrating 
strong internal reliability. Similarly, Cronbach’s Alpha values were also above 0.7, 
indicating good internal consistency among the indicators. 

Table 2. Outer Model 
Latent Variable AVE CR Cronbach’s Alpha 

Mobile BRISMA LMS (X1) 0.685 0.902 0.865 
Flipped Classroom (X2) 0.672 0.894 0.847 
Student Performance (Y) 0.701 0.911 0.872 

 
The results for each latent variable support these findings. The Mobile 

BRISMA LMS (X1) variable achieved an AVE of 0.685, CR of 0.902, and 
Cronbach’s Alpha of 0.865, signifying reliable measurements. The Flipped 
Classroom (X2) variable had an AVE of 0.672, CR of 0.894, and Cronbach’s Alpha 
of 0.847, also meeting the criteria for validity and reliability. Lastly, the Student 
Performance (Y) variable recorded an AVE of 0.701, CR of 0.911, and Cronbach’s 
Alpha of 0.872, ensuring the robustness of its measurement. Overall, the evaluation 
confirms that the outer model possesses strong validity and reliability, providing a 
solid foundation for further analysis. 
 
Inner Model (Structural Model) & Hypothesis Testing 

The inner model, or structural model, evaluates the relationships between 
latent variables and tests the hypotheses within the framework. Path coefficients (β) 
and their significance were examined to determine the strength and direction of 
these relationships. The results revealed that all paths were statistically significant, 
with p-values below 0.05. Specifically, the path from Mobile BRISMA LMS (X1) 
to Flipped Classroom (X2) showed a coefficient of 0.72, a t-statistic of 9.51, and a 
p-value of <0.001, confirming its significance. Similarly, the path from Flipped 
Classroom (X2) to Student Performance (Y) had a coefficient of 0.68, a t-statistic 
of 8.79, and a p-value of <0.001. Lastly, the path from Mobile BRISMA LMS (X1) 
to Student Performance (Y) demonstrated a coefficient of 0.41, a t-statistic of 5.62, 
and a p-value of <0.001. All hypotheses were therefore accepted based on these 
results. 

Table 3. Inner Model 
Path Path Coefficient (β) t-Statistic p-Value Decision 

X1 → X2 0.72 9.51 <0.001 Accepted 
X2 → Y 0.68 8.79 <0.001 Accepted 
X1 → Y 0.41 5.62 <0.001 Accepted 

 
The R-square (R²) values provide insight into the explanatory power of the 

model. The R² value for Flipped Classroom (X2) was 0.518, indicating that 51.8% 
of the variability in the effectiveness of the flipped classroom is explained by 
Mobile BRISMA LMS (X1). Meanwhile, the R² value for Student Performance (Y) 
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was 0.637, suggesting that 63.7% of the variability in academic performance is 
accounted for by Flipped Classroom (X2) and Mobile BRISMA LMS (X1). These 
values suggest a robust explanatory capacity of the model. 

Effect size (f²) was also calculated to determine the practical significance of 
each relationship. The effect of Mobile BRISMA LMS (X1) on Flipped Classroom 
(X2) was found to be large, with an f² value of 0.74. Similarly, the effect of Flipped 
Classroom (X2) on Student Performance (Y) was large, with an f² value of 0.65. 
The effect of Mobile BRISMA LMS (X1) on Student Performance (Y) was 
medium, with an f² value of 0.28. These results highlight the critical influence of 
the variables within the model, reinforcing the practical significance of the 
pathways. 
 
Key Findings and Implications 

The PLS-SEM analysis conducted using SmartPLS 4 revealed several key 
findings that highlight the interconnected relationships among Mobile BRISMA 
LMS, the Flipped Classroom model, and student academic performance. First, 
Mobile BRISMA LMS was found to have a significant positive impact on the 
effectiveness of the Flipped Classroom, with a path coefficient of 0.72 (p < 0.001). 
This suggests that increased usage and integration of LMS tools can enhance 
flipped learning implementation—likely through improved accessibility to learning 
resources and increased student engagement. 

Second, the Flipped Classroom approach demonstrated a strong influence on 
student academic outcomes, with a path coefficient of 0.68 (p < 0.001). This finding 
reinforces previous literature supporting the effectiveness of flipped classrooms in 
promoting active learning and deeper understanding through student-centered, 
interactive instruction. 

Additionally, Mobile BRISMA LMS was found to have a direct effect on 
student academic performance, although to a lesser extent (path coefficient = 0.41; 
p < 0.001). This impact may be attributed to LMS features such as online quizzes, 
multimedia content, and progress tracking, which support independent learning and 
knowledge retention. 

Despite these insights, the study is constrained by the short-term nature of 
data collection, which spanned only a single semester. This limits the ability to 
assess long-term effects or to draw robust causal inferences regarding sustained 
engagement and academic outcomes. A longitudinal research design would offer 
greater potential to examine how mobile LMS usage influences learning trajectories 
over time. 

Moreover, the SEM model used in this study assumes linear relationships and 
unidirectional causality among variables. In real-world educational settings, 
however, learning dynamics are often reciprocal and may exhibit non-linear 
patterns. For instance, improved academic performance might not only result from 
increased engagement but also contribute to higher motivation and more frequent 
LMS use. Future research should consider alternative analytical models, such as 
cross-lagged panel models or agent-based simulations, to better capture the 
complexity of interactions within technology-enhanced learning environments. 

Overall, the findings align with existing evidence that underscores the value 
of Learning Management Systems in supporting flipped classroom strategies. For 
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educators and institutions, this study emphasizes the importance of leveraging 
mobile LMS tools to create more dynamic, flexible, and learner-driven educational 
experiences—while also highlighting the need for ongoing evaluation, scalability, 
and support mechanisms to ensure long-term effectiveness. 
 
 
CONCLUSION 
 

The use of Mobile BRISMA LMS in flipped classrooms significantly 
enhances student academic performance. The PLS-SEM model with SmartPLS 4 
demonstrates that LMS acts as a catalyst in flipped classrooms, increasing pre-class 
interaction and improving learning outcomes. By providing accessible, interactive 
learning materials, Mobile BRISMA LMS fosters greater student engagement and 
supports independent learning, making flipped classroom implementation more 
effective. Additionally, its direct influence on academic performance, though 
smaller than that of the flipped classroom itself, highlights its role in creating a 
supportive digital learning environment. 

To further optimize its impact, it is recommended to enhance Mobile 
BRISMA LMS with AI-driven personalization and real-time engagement analytics. 
These features can improve mobile-based learning effectiveness by tailoring 
content to individual student needs and providing instructors with deeper insights 
into learning progress. Additionally, continuous improvements in user interface 
design, gamified elements, and adaptive learning paths can further enrich the 
student learning experience. Institutions should also invest in training programs to 
ensure educators and students maximize the platform’s potential. 

By embracing these advancements, Mobile BRISMA LMS can play a pivotal 
role in shaping modern education, fostering deeper student engagement, and 
improving academic outcomes in higher education settings. Its integration with the 
flipped classroom model represents a transformative approach to digital learning, 
making education more dynamic, interactive, and student-centered. 
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