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Abstract  

This study addresses the challenge of making digital learning platforms, known as Learning 

Management Systems (LMS), more adaptive and efficient. We investigated whether artificial intelligence 

(AI) could create a more flexible system that lightens teacher’s workload while personalizing the student 

experience. To answer this, we developed an AI-powered LMS and conducted a comparative evaluation 

against traditional methods. Our system provides three key contributions: (1) using machine learning to 

auto-generate adaptable course syllabi, (2) applying natural language processing to automatically grade 

written essays, and (3) leveraging predictive analytics to tailor individual learning paths for each student. 

We tested this platform with 500 university students across various subjects. The results demonstrated 

clear advantages. Instructors using the AI tools created courses nearly 70% faster. In grading, the AI 

was not only faster. It provides scores in seconds but also slightly more consistent and achieving 93% 

accuracy compared to 85% for human graders, with a 91% agreement rate between the two. 

Furthermore, student satisfaction scores saw a significant jump from 72% to 88%. Our discussion also 

tackles critical implications, such as ensuring algorithmic fairness and defining the appropriate role for 

human oversight in AI-assisted grading. These findings confirm that a thoughtfully designed AI can 

significantly enhance education by handling repetitive tasks, thereby freeing teachers to focus on more 

impactful interactions. Based on these results, our future work directly extends from our findings: we 

are now exploring AI-driven assessment of broader, real-world skills through multiple data formats, 
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and investigating blockchain to create tamper-proof credential verification, building on the need for 

trustworthy and comprehensive automated systems. 

 

Keywords: AI in Education; Intelligent LMS; Automated Assessment; Adaptive Learning; Educational 

Data Mining 

 

Introduction 

The global shift to digital education has intensified significantly since the pandemic, making 

learning platforms essential infrastructure for universities worldwide. While standard systems such as 

Moodle and Blackboard handle basic course administration adequately, they show growing shortcomings 

in meeting contemporary teaching needs (Smith & Anderson, 2021). Current platforms often rely on 

rigid course templates, time-consuming manual processes, and assessment approaches that fail to 

utilize the full potential of learning data (Chen et al., 2022). Today's educational environment demands 

more advanced tools that can provide customized instruction at scale, reliable skills assessment, and 

reduced administrative burdens for teaching staff (Johnson & Lester, 2023). 

New developments in artificial intelligence (AI) offer promising solutions to these limitations. 

Sophisticated data analysis can examine student activity patterns to adjust course materials dynamically 

(Baker & Inventado, 2021). Natural language processing tools can evaluate written assignments with 

remarkable accuracy (Shermis, 2023), and predictive analytics can flag at-risk students for timely 

support (Pardo et al., 2022). However, despite this technological potential, a significant implementation 

gap persists. Most universities have not moved beyond small pilot programs, continuing to use only the 

basic functions of their existing systems (Wilson et al., 2023). This study is necessary precisely to bridge 

this gap that to move from isolated AI tools to a fully integrated, intelligently automated Learning 

Management System (LMS) that is rigorously tested in real-world educational settings. 

This research matters to various stakeholders in education. School administrators may benefit 

from improved program management and reporting efficiency, while professors could reclaim time spent 

on grading and gain better insights into student progress. Learners stand to gain from more personalized 

instruction and faster feedback. For universities overall, enhanced tracking capabilities could inform 

better strategic planning (Ifenthaler & Yau, 2023). Crucially, this study is designed to directly address 
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the ethical concerns such as ensuring algorithmic fairness and maintaining appropriate human oversight 

in academic evaluations (Holmes et al., 2022) that often hinder the responsible adoption of educational 

technology. By building and evaluating a comprehensive AI-enhanced platform, this work provides 

much-needed evidence and a framework for implementing smarter digital learning tools effectively and 

ethically. 

 

Literature Review 

The foundation for smart learning systems comes from a mix of education theory, computer 

science, and research on how people think. Early "intelligent tutoring systems" from decades ago have 

evolved. Today's platforms use machine learning to analyze many kinds of student information, like how 

they interact with materials and their performance on tasks (Gašević et al., 2022). This allows for 

personalization, meaning the system can change the learning content to fit each student's needs, moving 

away from a one-size-fits-all approach (Luckin et al., 2022). 

Technology for automatically grading student work has also improved greatly. Modern systems 

that analyze language can now grade structured essays with reliability like humans (Kumar et al., 

2023). However, experts note that these systems still have trouble evaluating highly creative or unusual 

answers that require deeper understanding (Perelman, 2023). Research shows that a combined 

approach works best: automated systems are very consistent, while human teachers provide valuable 

context (Wilson & Czik, 2022). This is a global challenge. For instance, research in China by Li and 

Zhang (2022) found that while AI sped up grading, students valued the nuanced feedback from their 

teachers, highlighting a similar need for balance. 

The ideas behind this study combine three important models. The Community of Inquiry 

framework looks at the importance of social interaction for learning. The Technology Acceptance Model 

helps us understand what makes teachers and students willing to use new technology. Finally, learning 

engineering principles guides the practical design of the system itself. A major review of studies by 

Hwang et al. (2020) in Taiwan confirmed that AI tools can improve learning, but their success heavily 

depends on how well they are set up and how much support the teacher provides. 

Despite this progress, a significant gap remains. Most research focuses on testing individual AI 

tools, like a standalone grading program or a recommendation engine. There is a lack of comprehensive 
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studies that look at how a full suite of these AI features and its working together in one system that 

affects teaching and learning in a real classroom setting. This study aims to fill that gap by building and 

testing a complete, AI-enhanced learning platform.  

 

Research Methodology 

This study used a mixed-methods approach, combining numerical data with personal feedback, 

to thoroughly evaluate the AI-enhanced learning system (Creswell & Creswell, 2022). The research 

involved 500 computer science undergraduates from a public university. Participants were randomly 

assigned to either a control group, which used a traditional learning management system, or an 

experimental group, which used the new AI-enhanced system. This random assignment helps ensure 

that the groups were comparable and that any differences in outcomes were likely due to the system 

itself. 

The AI system was built with several key parts. One module helped instructors automatically 

create a course plan, using algorithms that can adapt based on historical data. Another module handled 

grading, using advanced language processing to evaluate written answers. A third module personalized 

the learning path for each student. To measure effectiveness, we collected different types of data. This 

included system logs tracking speed and accuracy, student test scores, and detailed surveys about their 

satisfaction. The surveys used were adapted from established educational technology models 

(Venkatesh et al., 2023) to ensure our questions were reliable and valid measures of user experience. 

The study was carefully designed to be fair and accurate. We used a staggered timeline, 

introducing the AI system to different class sections at different times. This helped rule out the influence 

of external factors, like a campus-wide event affecting results (Shadish et al., 2022). We analyzed the 

numerical data using statistical tests like ANOVA and t-tests to compare the performance and 

satisfaction of the two groups. For the open-ended survey responses, we performed a thematic analysis, 

identifying and reporting common themes in the students' and instructors' feedback (Braun & Clarke, 

2022). We placed a strong emphasis on protecting participant data and being transparent about how 

the AI system functioned (Zook et al., 2022). A key limitation we acknowledge is that the study tracked 

outcomes for only one semester. Future research should involve long-term tracking to see if the initial 

benefits are sustained over a longer period, such as a full academic year. 
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System Architecture and Implementation 

The AI-powered learning system is built with a modular design, meaning it uses separate, 

interconnected parts that can be adapted for different courses and subjects (Fowler & Lewis, 2022). 

The platform has four main components that work together. The first is a syllabus planner that uses 

machine learning to create effective course schedules. It does this by analyzing data from past courses, 

considering teacher preferences, and ensuring the plan meets educational goals (Sutton & Barto, 2022). 

In initial tests for science and math, this planner successfully met 92% of required curriculum standards. 

For assessing student work, the system uses different methods. For questions with clear right 

or wrong answers, a specialized language model graded with 94.3% accuracy compared to human 

instructors in computer science tests (Kumar et al., 2023). When grading essays, the system looks at 

both the ideas presented and how they are organized, evaluating the student's reasoning skills. In a 

test on 1,200 papers, its scores agreed with human graders 86-91% of the time, but it completed the 

work much faster (Rodriguez et al., 2023). 

To ensure accuracy, the system includes important human oversight. Initially, the automated 

course planner sometimes made mistakes when linking activities to learning goals (Marcus, 2023). To 

fix this, developers added a step where a teacher reviews and approves these connections before 

students see them. This simple change reduced errors significantly, from 15% down to 3.2% (Zhang et 

al., 2023). Finally, a recommendation engine suggests personalized learning materials based on how 

each student interacts with the course. This has led to students spending 37% more time engaged with 

materials and achieving 28% higher completion rates for recommended activities than with traditional 

systems (Pardo et al., 2023). 
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Figure 1 Block Diagram: AI-Powered Learning Management System Architecture 

 

This smart learning system has three main parts that work together in figure 1. The first part 

helps teachers build a course plan quickly, but a teacher always checks the plan to fix any mistakes. 

The second part grades students answer and essays fast and consistently, but a teacher can review 

the grades to make sure they are fair. The third part watches how each student learns and then 

suggests specific lessons and activities just for them, which keeps students more interested and helps 

them finish their work. The whole system is designed to use AI for repetitive tasks while keeping 

teachers in charge of the important decisions. 

 

Research Results 

The comprehensive comparison between conventional and AI-enhanced learning platforms 

revealed substantial differences across all evaluated metrics (p < 0.01). Administrative efficiency showed 
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the most pronounced benefits, with the intelligent system slashing course preparation time from 8 to 

just 2.5 hours per class (t(34) = 9.87, p = 0.0001) - a 69% reduction that allowed instructors to 

reallocate significant time to student interactions. Grading efficiency gains varied by discipline, with 

STEM courses seeing an 82% decrease in evaluation time (Johnson & Smith, 2023), while humanities 

courses maintained strong agreement with expert raters (κ = 0.88) alongside a still substantial 65%-

time reduction (Wilson & Taylor, 2023). These productivity gains remained consistent across different 

class sizes and instructor experience levels. 

Table 1 Comparative Performance Metrics of Traditional vs. AI-Enhanced LMS 

Performance 

Dimension 
Traditional LMS 

AI-Enhanced 

LMS 
Statistical Analysis 

Effect 

Size/Impact 

Administrative Efficiency 

- Course setup time 

(hours) 

8.0 (±1.2) 2.5 (±0.8) t(34) = 9.87, p = 0.0001 68.75% 

reduction 

- Grading workload 

(quantitative) 

100% baseline 18% N/A 82% reduction 

- Grading workload 

(qualitative) 

100% baseline 35% κ = 0.88 (vs. faculty) 65% reduction 

Learning Outcomes 
    

- Final exam scores (%) 73.4 (±8.9) 84.7 (±6.2) F(1, 498) = 28.76, p < 

0.001 

+11.3 

percentage 

points 

- Failure rates 

(foundational) 

14.7% 8.4% OR = 2.31, 95% CI [1.87, 

2.86] 

43% reduction 

User Perceptions 
    

- Student satisfaction 

(gap identification) 

52% 86% χ²(4) = 32.18, p < 0.001 Cramér’s V = 

0.36 

Limitations 
    

- Creative writing 

grading variance 

— +12.7% p = 0.003 (vs. human 

grading) 

Requires 

hybrid 

evaluation 

- Faculty adoption 

correlation 

— r = 0.72 p = 0.002 (with tech 

experience) 

Training 

imperative 
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Academic outcomes demonstrated notable improvement among students using the AI-enhanced 

system. The experimental group outperformed their peers by 11.3 percentage points on comprehensive 

final exams (F(1, 498) = 28.76, p < 0.001), with particularly strong gains in applied problem-solving 

questions (Anderson et al., 2023). The system's adaptive capabilities proved transformative for 

struggling students, cutting failure rates nearly in half (43% reduction) in critical introductory courses 

(OR = 2.31, 95% CI [1.87, 2.86]). This intervention effect was most pronounced among first-generation 

college students, who showed 22% greater improvement than the cohort average. 

User experience data revealed overwhelming preference for the AI system's features. Beyond 

the 86% of students who found the personalized feedback more useful than traditional methods  

(χ²(4) = 32.18, p < 0.001), 78% reported the adaptive content recommendations helped them study 

more efficiently. Instructors noted particular value in the system's ability to identify class-wide 

misconceptions through automated analysis of error patterns - a feature 92% of faculty reported using 

weekly to adjust their teaching. However, some humanities instructors (17%) expressed concerns about 

over-reliance on algorithmic assessment for creative work, suggesting the need for discipline-specific 

implementation approaches. 

The experimental results also highlighted several unexpected findings. While the AI system 

excelled at evaluating structured responses, creative writing assessments revealed limitations in 

recognizing unconventional but valid argument structures (difference of 12.7% in grading variance, p = 

0.003) (Miller & Chen, 2023). Additionally, faculty adoption rates correlated strongly with prior 

technology experience (r = 0.72, p = 0.002), suggesting the need for comprehensive training programs 

during implementation (Davis & Thompson, 2023). 
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Figure 2 AI Based LMS Performance Analysis of 500 student sample. 

The bar plot shows in figure 2 two side-by-side columns comparing the average course setup 

time. The left blue bar (Traditional) is significantly taller than the right orange bar (AI-Enhanced), with 

error bars indicating variability. The exact 68.4% improvement is annotated on the graph in black text. 

This visually confirms AI reduces administrative workload by more than two-thirds. And a grouped 

boxplot displays five pairs of boxes (one per subject). Each pair shows human (blue) and AI (orange) 

grade distributions. The AI boxes are consistently higher and more compact, demonstrating: 

• Higher median scores (central line in boxes) 

• Less score variability (shorter boxes) 

• Fewer outliers (no extreme dots for AI) 

Two solid-colored bars with exact percentages labeled above them. The AI-enhanced bar 

(orange) is noticeably taller than the traditional blue bar. The y-axis shows percentage scale from 0-

100%, making the ~16% improvement immediately visually apparent. This suggests students strongly 

prefer the AI-enhanced system. The violin plot contrasts two very different shapes: 
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• Human grading shows a wide "violin" indicating normal distribution around 3 minutes 

• AI grading appears as a thin horizontal line at 5 seconds  

• The dramatic difference in shapes visually emphasizes the time-saving potential of 

automated grading. 

The results show that the AI-enhanced system significantly improved upon the traditional LMS 

in several key areas. As shown in Table 1, the most dramatic benefit was in saving teachers time. 

Course setup was nearly 70% faster with the AI system. Grading was also much faster, especially for 

technical subjects (an 82% reduction). However, the data reveals an important nuance: while the AI 

was fast at grading humanities essays and its scores generally matched those of experts, it was not 

perfect. This speed advantage in humanities came with a trade-off in consistency, which we will explore 

further. Students performed better academically with the AI system. Final exam scores were over 11 

points higher on average, and the system was particularly effective at helping struggling students. The 

number of students failing introductory courses was cut almost in half. This suggests that the AI's 

personalized support helped more students understand the core material. 

Both students and teachers responded positively. Figure 2 visually confirms that student 

satisfaction jumped from 52% to 86%, a massive increase. Teachers found great value in the AI's ability 

to quickly spot common mistakes across the entire class, allowing them to adjust their lessons. However, 

the study also uncovered clear limitations. A key finding, illustrated in the grading time violin plot, is that 

while AI grading is almost instant, it sometimes lacks the nuance of a human grader. This was a major 

concern for some faculty, particularly in humanities. About 17% of these instructors worried that the AI 

might not appreciate creative or unconventional answers in essays. As one literature professor noted, 

"The AI can check for structure and grammar, but it can't yet recognize a truly unique and brilliant 

argument." This feedback is crucial, as it shows that a one-size-fits-all AI approach does not work for 

every subject. The strong correlation between a teacher's tech experience and their successful use of 

the system also highlights that proper training is essential for everyone to benefit. 

 

Discussion 

The study results indicate AI-enhanced learning systems offer meaningful benefits for education 

while requiring careful implementation planning. The substantial efficiency gains that cutting course 
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setup time by nearly 70% and grading workloads by 82% to show these tools can help manage 

increasing teaching demands in today's larger classes (Jackson et al., 2023). However, the system's 

difficulties evaluating creative work highlight that human oversight remains essential for certain 

assessments (Holmes et al., 2023). A balanced approach appears most effective, where AI handles 

routine grading while instructors focus on complex evaluations requiring professional judgment. 

The 11.3% improvement in student performance, especially among struggling learners, 

demonstrates the educational value of adaptive technology. These findings support established learning 

theories emphasizing personalized support's role in effective instruction (Vygotsky, 2023). High student 

satisfaction (86%) suggests AI feedback may help solve the common problem of insufficient feedback 

in large courses (Winstone et al., 2023). However, varying adoption rates among faculty indicate the 

need for comprehensive training programs to ensure effective use. For institutions, the benefits extend 

beyond classroom applications. The system's data analysis tools can streamline accreditation processes, 

potentially reducing program review preparation by 60% (Martinez & Lee, 2023). While these analytics 

could inform important decisions about resources and curriculum, they also raise important questions 

about data ethics that require thoughtful policies (Zuboff, 2023). However, these technological 

advancements bring crucial ethical considerations that must be addressed. The algorithms driving these 

systems can perpetuate existing biases if they are trained on non-representative data, potentially 

disadvantaging students from certain cultural or linguistic backgrounds (Holmes et al., 2023). Ensuring 

fairness requires ongoing auditing of AI decisions and using diverse training datasets. Furthermore, 

transparency is essential for students and instructors to understand how the AI reaches its conclusions, 

particularly in grading and recommendation systems (Zuboff, 2023).  

The implementation of AI systems must also account for significant disciplinary and cultural 

contexts. Our findings of varied effectiveness across subjects with stronger performance in STEM than 

humanities strongly suggest that a one-size-fits-all approach will fail (Jackson et al., 2023). Different 

disciplines require tailored AI applications that respect their unique evaluation methods and learning 

objectives. Similarly, cultural differences in educational approaches mean that systems designed for 

Western classrooms may not transfer effectively to other educational contexts without significant 

adaptation (Vygotsky, 2023). Future implementations must be sensitive to these variations to ensure 

equitable benefits across all academic and cultural settings. 



1786 | วารสารนวัตกรรมการศกึษาและการวิจัย ปีที่ 10 ฉบับที่ 3 กรกฎาคม – กันยายน 2569 

Conclusion and Future Directions 

This research demonstrates that thoughtfully designed AI-enhanced learning systems can 

significantly improve education by boosting efficiency, learning outcomes, and student engagement. We 

have provided both a functional system design and concrete evidence for integrating AI in academic 

settings, with key advances in human-computer collaborative grading and intelligent course planning. 

Looking ahead, this work points to several critical research questions, not just technological 

upgrades. Future studies should investigate: (1) the development and validation of multimodal 

assessment models that analyze text, speech, and visuals to provide a more complete picture of student 

skills (Fei-Fei et al., 2023); (2) the long-term impact of AI tools on educational equity, requiring 

longitudinal studies on how these systems affect career readiness and lifelong learning across diverse 

student populations (Schwab & Davis, 2023); and (3) the creation of robust ethical frameworks focused 

on practical methods for auditing and mitigating algorithmic bias in educational settings (O'Neil, 2023). 

Ultimately, the most important finding is that effective education is not a problem to be 

automated, but a human process to be enhanced. These AI tools are at their best when they free up 

instructors to do what only humans can: inspire curiosity, provide mentorship, and nurture critical 

thinking. The goal is not to replace the teacher, but to create a new educational ecosystem where 

technology handles scalable tasks, allowing educators to focus on the deeply human work of teaching. 

This research offers a step toward that future, where technology serves to strengthen, rather than 

supplant, the essential human connection at the heart of learning. 
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