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Abstract: Learning Analytics (LA) extracts meaningful behavioral patterns from digital 
learning environments; however, the interpretation and application of its outputs remain 
heavily dependent on data science expertise. While Generative AI (GenAI) offers real-
time dialogue and content generation capabilities, it is constrained by insufficient 
domain knowledge and a lack of individualized learner context. This paper proposes a 
conceptual framework integrating LA, Retrieval-Augmented Generation (RAG), and 
GenAI, with the core innovation of leveraging learners' learning trajectories as a RAG 
knowledge source, thereby enabling GenAI to generate personalized 
recommendations grounded in authentic learning contexts. Grounded in Zimmerman's 
three-phase Self-Regulated Learning model, this paper delineates how the integrated 
framework provides differentiated support across the Forethought, Performance, and 
Self-Reflection phases, forming a dynamic learning support loop. Future work are 
further discussed. 
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1. Introduction 
 
Learning Analytics (LA) systematically collects and analyzes learners’ behavioral data, 
including actions, assessments, and outcomes, throughout the learning process, aiming to 
comprehensively understand and optimize learning. Meanwhile, Generative Artificial 
Intelligence (GenAI) possesses powerful real-time interaction and content generation 
capabilities, offering dialogue-based support approaching human expert levels in educational 
contexts, and has emerged as one of the most significant educational tools of the 
contemporary era (Yan et al., 2024a). Despite this, both technologies have practical 
limitations. LA lacks general-purpose data interpretation capabilities and can only operate 
within structured workflows. GenAI, lacking learner's context, cannot generate feedback that 
is truly contextual, personalized, or situation specific. To address this, Retrieval-Augmented 
Generation (RAG) technology introduces external knowledge bases and domain-specific 
information to produce grounded and targeted responses, offering a solution that 
simultaneously addresses the limitations of both LA and GenAI (Li et al., 2025). Integrating 
the strengths of these three technologies LA, GenAI, and RAG opens new possibilities for 
truly learner-centered, personalized precision learning support. This paper proposes a 
LA+RAG+GenAI integrated framework supporting personalized Self-Regulated Learning 
(SRL), describing the benefits, potential challenges, and future directions of this integrated 
framework.  
 
2. Related work 
 

Koh, E., et al. (Eds.) (2026). Proceedings of the 2nd International Conference on Learning Evidence 
and Analytics. Asia-Pacific Society for Computers in Education.



 

 

2.1 Learning Analytics 
 
Learning Analytics is defined as “the measurement, collection, analysis, and reporting of 
data about learners and their contexts, for purposes of understanding and optimizing 
learning and the environments in which it occurs” (Clow, 2013). Compared with traditional 
educational assessment that focuses on final outcomes or standardized tests, LA places 
greater emphasis on insights into the learning process. LA research focused on mining 
meaningful patterns from log data in digital learning environments (e.g., learning 
management systems) to provide timely feedback and intervention. By analyzing students’ 
clicks, settings, discussion forum posts, and other behaviors within the system, educators 
can gain a more comprehensive understanding of students’ engagement levels and potential 
difficulties. LA possesses several important characteristics, including evidence-driven 
approaches, multidimensional analysis, real-time monitoring and predictive capabilities. 
Despite the opportunities LA presents, its results require teachers and students with a 
certain level of data science literacy to utilize effectively, limited LA's advantages. 
 
2.2 GenAI and RAG 
 
GenAI can simultaneously comprehend graphics, tables, and text, autonomously interpret 
complex analytical results, and generate recommendations in real time, offering a solution to 
these challenges (Ochoa et al., 2025). Furthermore, compared with traditional LMS that 
provide learning support based on pre-defined rules or fixed resources, GenAI possesses 
flexible dialogue and real-time content generation capabilities. These include near-expert 
real-time interaction that breaks the delays and limitations of pre-set question-and-answer 
formats common in traditional intelligent tutoring systems, as well as the generalizability of 
large language model responses, which eliminates the need to develop separate tools for 
each discipline or skill. The diverse educational applications GenAI enables are too 
numerous to enumerate; however, GenAI’s application in educational settings still has 
limitations. The primary challenge is that educational practice relies on reliable knowledge 
frameworks and field-specific knowledge, while GenAI’s text generation operates 
probabilistically, necessitating mechanisms to ensure the reliability of output content. 
Moreover, even though GenAI is capable of responding with domain knowledge, it cannot 
provide truly precise personalized feedback, because its pre-training does not include the 
backgrounds, current situations, and learning context of teachers and students. This is a 
problem that GenAI currently cannot proactively solve. To address these issues, RAG 
technology offers a solution. RAG enables GenAI to retrieve relevant information from 
external or domain-specific knowledge bases before generating responses, thereby 
substantially enhancing the accuracy, specificity, and timeliness of outputs (Lewis et al., 
2020), providing students with more precise and personalized learning support. 
 
2.3 RAG Architectures for Education 
 
The core concept of RAG is that when a large language model generates a response, a 
retrieval module finds information relevant to the query from an external knowledge base 
and uses this information as background knowledge to ground the generated content. 
Through this mechanism, the model’s responses can be based on actual data, understand 
the real world, and improve response appropriateness. In other words, RAG constrains 
GenAI’s generative output. Employing RAG in educational settings enables GenAI to more 
appropriately serve the role of an intelligent teaching assistant. Building upon this 
foundation, numerous advanced RAG architectures have been proposed (Zhao et al., 2024). 
There are common RAG architectures can all enhance GenAI’s potential in educational 
applications, such as Self-RAG (Asai et al., 2024), Corrective RAG (Yan et al., 2024b).Graph 
RAG (Edge et al., 2024). Speculative RAG (Wang et al., 2024) and Agentic RAG (Singh et 
al., 2025). In summary, the emergence of RAG has opened new pathways for integrating LA 
and GenAI. Through RAG, we can structure the insights generated by LA (such as student 
behavioral patterns) into retrievable knowledge and entrust GenAI to understand and utilize 



 

 

them. The following section introduces how LA, RAG, and GenAI can be combined to form 
an architecture supporting self-regulated learning, as well as the roles each plays A three 
phases of self-regulated learning.  
 
 
3. The integrated LA+RAG+GenAI Framework  
 
Building on this, we propose an LA+RAG+GenAI (LARGEN) concept: treating learners’ 
learning logs themselves as part of the knowledge base. A learning system can store and 
vectorize learners’ learning traces (e.g., clickstream records, response performance, and 
resource-use patterns) as well as learning outcomes. At the same time, by using learning 
logs as one source of the RAG knowledge base, GenAI gains concrete learner background, 
enabling it to generate suggestions grounded in the learner’s context rather than generic 
advice, and thereby better support their learning process.  Such an integrated framework 
enables the GenAI to retrieve related concepts and relations (e.g., via knowledge graphs) 
and to tailor the depth and scope of responses based on individual learner characteristics 
and learning portfolios, thus moving GenAI toward truly personalized support for SRL 
(Zimmerman, 2002), i.e., three phases-learning-cycle. Table 1 illustrates example regarding 
learning suggestions for three SRL phases based on different settings. 
 
Table 1. Comparison of personalized SRL support by LA, GenAI, RAG, and LARGEN 

 Forethought Phase Performance Phase Self-Reflection Phase 
LA Your average accuracy on 

the “Limits” unit is 58%, 
which is below your target of 
75%. 

Over the past week, you have 
repeated the same quiz three 
times, but your score 
improvement is less than 10%. 

Weekly learning summary: Total 
time: 60 minutes. Primary 
behavior: repeated quizzes 
(75%). Final accuracy: 62%, 
which reaches 60% of your 
stated target. 

GenAI A study plan to improve 
mathematics performance 
includes: (1) setting weekly 
learning goals; (2) 
scheduling regular practice 
time; and (3) ensuring a 
review of foundational 
concepts. 

L’Hôpital’s rule applies when 
the numerator and 
denominator both approach 0 
or ±∞. Differentiate the 
numerator and denominator 
separately, then compute the 
new limit… (step-by-step 
solution provided). 

It sounds like you have been 
working hard, but the outcomes 
have been limited. Consider: (1) 
What do you think is the biggest 
difficulty? (2) What might you try 
differently next time? 

LARGEN Your data indicate that 
“Limits” is currently the main 
challenge. A senior student 
with a similar profile 
previously set a goal of 
raising the unit-test accuracy 
for “Limits” to 80% within two 
weeks. You may start with 
this proximal goal and adopt 
their successful strategy at 
the time: reviewing error 
notes before practicing. 

I notice you are stuck in a 
repeated quiz loop. This is not 
uncommon. A senior student 
in a similar situation found that 
the issue was an unclear 
understanding of the 
applicability conditions for 
L’Hôpital’s rule. Would you like 
to pause and watch the 2-
minute micro-video on this 
concept in the learning 
materials? (link) 

Let’s review this learning report. 
The data show you spent 
substantial time on immediate 
retakes, but the score gains 
were limited. Remember the 
senior student’s “review error 
notes first” strategy? What 
differences do you think it might 
make if, next time, we switch 
from “immediate retake” to 
“review error notes first”? 

 
In brief, LA extracts behavioral patterns and learning features from multisource data; RAG 
retrieves knowledge sources such as LA outputs, historical similar experiences, literature, 
and teachers’ experiences; and GenAI generates personalized learning supports based on 
retrieved evidence and current learner characteristics. Learners’ subsequent actions 
produce new data that feed into the next loop. 
 
4. Conclusion and Future work 
 
Overall, integrating LA, RAG, and GenAI is not only a technical advance but also a catalyst 
for shifts in educational practice. It provides powerful tools for realizing genuinely learner-
centered support and may become a key approach for technology-enhanced SRL. In this 



 

 

vision, human teachers and AI can jointly serve as mentors: learners are no longer passive 
recipients of knowledge but can actively construct their own learning pathways with AI 
assistance. At a macro level, real-time feedback and dynamic adjustment throughout the 
learning process may become a new norm, and AI-supported SRL is likely to grow in 
importance. Nevertheless, although the LARGEN framework has substantial potential in 
theory, the framework proposed in this paper has several limitations that require attention in 
future work. First, this paper proposes a conceptual framework and has not yet been 
validated through systematic empirical studies. Future research should adopt rigorous 
randomized controlled trials or quasi-experimental designs in authentic educational settings 
to examine the effects of the integrated architecture on learning outcomes, SRL behaviors, 
and learning motivation. Second, at the implementation level, standardizing learning data 
across educational platforms remains an open challenge. Although xAPI and Caliper provide 
mechanisms for cross-platform compatibility, differences in granularity and semantics across 
institutions and systems require further evaluation. 
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