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Abstract
The growth of class sizes, the increasing complexity of course content, and the multiplicity of digital
platforms make it progressively harder for instructors to identify, in a timely manner, students
who are at risk of academic failure. This short paper presents the concept of Ogma, a learning
analytics application with artificial intelligence components designed to anticipate signs of academic
decline and suggest personalized recovery measures. The proposal combines heterogeneous data –
student-produced work, grade records, forum messages, and logs from other educational applications
– to build a dynamic risk profile. Based on this profile, the system provides instructors with a
dashboard containing graded alerts, explanations of risk factors, and pedagogical recommendations
generated by a pipeline that combines machine learning, retrieval-augmented generation, and large
language models. The paper presents the motivation for the problem, synthesizes related work, and
describes the design of a reference architecture for Ogma.
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1 Motivation

Early identification of at-risk students is a central problem in higher education. In demanding
courses taught to large and heterogeneous classes, instructors rarely have enough granularity
to closely monitor the individual progression of each student. Even when abundant data
exist, such as learning management system accesses, forum participation, intermediate grades,
and assignment deadlines, these signals are typically fragmented across multiple screens
and systems and are not presented in an actionable way. The learning analytics literature
shows precisely that collecting, measuring, and analyzing student data can support the
understanding and optimization of learning and of the contexts in which it occurs [5, 2].

In real settings, the problem is not merely to predict a low final grade. The pedagogical
goal is to detect patterns of disengagement before failure materializes: fewer Moodle accesses,
repeated delays in assignment submission, reduced participation in forums, signs of frustration
in messages, sudden drops in formative assessment performance, or overload signals observable
in other educational platforms. Early warning systems have shown usefulness in supporting
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more timely interventions [1, 3]. However, many solutions still depend on a limited number
of variables, remain insufficiently transparent to instructors, or are weakly connected to
concrete recovery recommendations.

This is where Ogma emerges. Its central idea is to build a platform capable of aggregating
multimodal and multi-application evidence to produce two complementary outputs. First, an
updated risk score throughout the semester. Second, intervention suggestions contextualized
to the course, the student, and the teaching moment. Instead of showing instructors only a
predictive value, the system should answer operational questions: who is falling behind, why,
with what level of urgency, and which recovery measure makes sense to propose now.

This approach is particularly relevant in complex domains such as programming, math-
ematics, statistics, or engineering, where small early gaps tend to propagate and produce
cumulative failure. In such scenarios, delays in detection may make recovery unfeasible. A
tool such as Ogma can bridge the gap between the abundance of digital data and the need
for fast, sustained, and explainable pedagogical intervention.

2 Related Work

The field of learning analytics has become established over the last decade as an intersection
of data science, educational technology, and pedagogical decision support. Foundational texts
stress that the usefulness of data analysis in education does not depend solely on predictive
performance, but also on its translation into concrete actions in instructional design and
teaching intervention [5, 2]. This concern is especially visible in the research line on early
warning systems, whose purpose is to flag at-risk students early enough for institutions and
instructors to act.

Among the most widely cited early warning systems is Course Signals, developed at
Purdue University, which combined academic and engagement indicators to classify students
into risk levels and communicate status through a simple color scheme [1]. In a similar vein,
the Open Academic Analytics Initiative showed that predictive models can be operationalized
at the institutional level to support scalable alerts and interventions [3]. More recent review
studies confirm the maturity of the field and show that academic performance prediction
increasingly relies on ensemble learning, decision trees, gradient boosting, and deep models,
although challenges of generalization, explainability, and transfer across contexts remain [7, 6].

A second line of work relevant to Ogma concerns the multimodal nature of the data. In
many courses, risk signals are not found only in Moodle clicks, but also in late submissions,
forum messages, frequency of access to materials, communication patterns, and the textual
quality of student productions. Recent reviews show that combining interaction data
with textual and socio-emotional data can improve the sensitivity of models to states of
disengagement and frustration [9]. This observation justifies including sentiment analysis
over forum messages, team channels, or other authorized educational applications in the
Ogma proposal.

A third line concerns the presentation of results. Learning analytics dashboards for
instructors can improve situational awareness about the class, but they are effective only when
they make alerts understandable, actionable, and aligned with real pedagogical decisions [10,
8]. Alerts without explanation tend to generate mistrust; visualizations without prioritization
generate overload. For this reason, the Ogma interface should combine visual simplicity with
explanations of the main risk factors.

Finally, the emergence of large language models creates an opportunity to move from
prediction to recommendation. The retrieval-augmented generation (RAG) architecture
makes it possible to ground text generation in specific document bases and reduce the
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probability of generic or decontextualized answers [4]. In the context of Ogma, this means
that instructors can upload pedagogical materials, course regulations, and previously defined
recovery strategies, creating a knowledge base that supports recommendations better suited
to the local context.

3 Design and Implementation

3.1 Architecture overview
The proposed architecture was designed to support the early detection of academic failure
through the integration of Learning Analytics, Machine Learning, Explainable Artificial
Intelligence (XAI), and Generative AI technologies. The system aims not only to identify
students at risk but also to support teachers through contextualized recommendations and
intelligent decision-support mechanisms.

The architecture follows a modular and layered approach composed of six main compon-
ents:
1. Data collection
2. Data processing and feature engineering
3. Predictive analytics
4. Explainability
5. Retrieval-augmented generation
6. Visualization

3.1.1 Data collection
The first layer is responsible for data acquisition from multiple educational platforms. Moodle
acts as the primary source of learning analytics data, including login frequency, access patterns,
assessment results, assignment submissions, forum participation, and interaction with learning
resources. Additional academic and administrative information, such as previous grades,
completed credits, repeated courses, and student status, may also be integrated. To ensure
interoperability between heterogeneous systems, the architecture incorporates MCP (Model
Context Protocol), allowing the platform to communicate with external systems such as
academic management software, Microsoft Teams, Discord, and other services.

3.1.2 Data processing and feature engineering
After collection, the data is processed and transformed into features suitable for predictive
analysis. This stage includes data cleaning, normalization, aggregation, and feature engineer-
ing. Several behavioral and engagement indicators are generated, such as weekly activity
consistency, delays in submissions, learning regularity, inactivity periods, and academic
performance trends. These features are then stored in a centralized feature repository to
support both training and inference processes.

3.1.3 Predictive analytics
The predictive layer is based primarily on supervised machine learning techniques. Since
the objective is to predict academic risk using historical data, supervised learning represents
the most appropriate approach. Historical datasets from previous academic years are used
to train models capable of classifying students according to different risk levels. Logistic
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Regression may be used as a baseline model due to its interpretability, while ensemble-based
approaches such as Random Forest and XGBoost are expected to provide higher predictive
performance for tabular educational data.

3.1.4 Explainability
To increase transparency and trustworthiness, the architecture integrates an Explainable AI
layer. Techniques such as SHAP (SHapley Additive exPlanations) – a popular Explainable
AI (XAI) framework that uses game theory to explain the output of machine learning models
– are used to identify the contribution of each feature to the prediction outcome. This allows
teachers to understand why a student was classified as being at risk, highlighting factors
such as low engagement, missing assignments, or declining academic performance.

3.1.5 Retrieval-augmented generation
Beyond prediction, the architecture also incorporates a Retrieval-Augmented Generation
(RAG) component combined with Large Language Models (LLMs). While the machine
learning model is responsible for identifying risk, the LLM layer focuses on generating contex-
tualized pedagogical recommendations. The RAG mechanism retrieves relevant information
from institutional regulations, pedagogical guidelines, previous interventions, and scientific
literature before sending the context to the language model. Based on this information, the
system may generate personalized corrective measures, intervention suggestions, summaries,
or teacher-oriented recommendations.

3.1.6 Visualization
Finally, the visualization layer provides an intelligent dashboard for teachers and academic
coordinators. The dashboard presents risk indicators, predictive scores, behavioral trends,
explainability outputs, and recommended interventions using visual alerts and color-based pri-
oritization mechanisms. This approach supports early intervention and facilitates pedagogical
decision-making without replacing the role of the teacher.

3.2 AI Workflow Orchestration
In addition to the architectural layers previously described, the proposed system incorporates
an orchestration layer responsible for coordinating the interaction between predictive models,
explainability services, retrieval mechanisms, generative AI components, and visualization
modules. Since the architecture combines heterogeneous technologies and processing stages, an
orchestration mechanism is required to manage the execution flow and ensure interoperability
between components. Figure 1 summarizes this workflow.

To support this process, the system adopts LangFlow as the orchestration framework.
LangFlow was selected due to its modular and visual workflow capabilities, integration with
LangChain-based components, support for Retrieval-Augmented Generation pipelines, and
suitability for rapid prototyping and research-oriented environments.

The orchestration layer acts as the runtime coordination engine of the platform. Rather
than executing machine learning training processes directly, LangFlow is responsible for
managing the inference and decision-support workflows triggered by new educational events
or user interactions. Predictive models are trained externally using Python-based machine
learning frameworks and deployed as independent services accessible through APIs. The
orchestration layer then invokes these services whenever predictions are required.
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Figure 1 AI Workflow Orchestration of Ogma ecosystem (created by ChatGPT v. 5.3 using as
prompt the content of this section).

The execution flow begins with the ingestion of new data from Moodle or other integrated
systems through the MCP integration layer. After preprocessing and feature extraction, the
student profile is sent to the predictive service, which returns a risk classification score. When
the predicted risk exceeds a predefined threshold, the orchestration workflow automatically
activates additional components, including explainability modules and retrieval pipelines.

The explainability service generates feature importance information using SHAP values,
identifying the main factors contributing to the prediction outcome. Simultaneously, the
RAG pipeline retrieves relevant contextual information from the knowledge base, including
institutional policies, pedagogical guidelines, previous interventions, and scientific literature.
This contextual information is then forwarded to the Large Language Model, which generates
personalized recommendations, corrective measures, or intervention suggestions for the
teacher.

The orchestration layer also supports event-driven workflows. Instead of operating exclus-
ively through manual requests, the system may react automatically to behavioral changes
such as prolonged inactivity, missing submissions, repeated low assessment scores, or sudden
decreases in engagement. These events can trigger prediction pipelines, recommendation
generation, and notification mechanisms in real time.

Finally, the generated outputs are delivered to the visualization layer, where teachers and
academic coordinators can access dashboards containing risk indicators, explanatory insights,
and recommended interventions. This orchestration approach enables the integration of
predictive analytics and generative AI into a unified educational intelligence workflow capable
of supporting proactive pedagogical intervention strategies.

4 Conclusion

In summary, Ogma proposes an evolution of early warning systems toward an intelligent
pedagogical platform oriented to intervention. Its main conceptual contribution lies not only
in predicting academic failure, but in transforming fragmented data into explainable signals
and contextualized recovery measures, supporting instructors in managing complex classes
and mitigating academic failure in a timely way.
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This paper represents only the starting point of a broader work that will be developed
over the next year, in which the goal is to implement and validate this architecture in real
higher education contexts.
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