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ABSTRACT: Online course forums possess significant pedagogical potential but remain underutilized due to the
difficulty and expense of their maintenance. Without meaningful, thought-provoking, and timely responses, student
interest wanes, negatively impacting the effectiveness of the learning environment for both teaching staff and students.
To address this challenge, this study introduces a framework for the automatic curation of subject matter questions in
online course forums. The proposed framework consists of three macro functions: a curation engine, post classification,
and an instructional Retrieval-Augmented Generation (RAG) module. The automatic curation engine is designed as a
reflex agent with an internal state. The post classification process is multidimensional and employs domain adaptation
to mitigate distributional deviations. Additionally, the RAG module leverages carefully curated pedagogical resources
specific to the course to adjust the focus and grounding of Large Language Models (LLMs). These components were
evaluated both independently and comprehensively as an integrated system. An end-to-end experiment conducted with
a university technology course demonstrated broadly satisfactory performance for practical application. Quantitatively,
the domain-adapted classifier achieved an 87.50% overall accuracy in question detection. Furthermore, the instructional
RAG module attained a mean Context Recall of 0.988 and a Faithfulness score ranging from 0.62 to 0.95 across five
evaluated LLMs. These findings indicate that the proposed automated curation framework can effectively identify and
address student inquiries, significantly reducing the manual burden on educators. Ultimately, this approach enhances
the viability of online course forums as active, responsive, and scalable pedagogical tools.
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1 Introduction

In online learning settings, discussion boards are essential for enabling communication between
learners and instructors. Yet, if they aren’t thoughtfully managed, these spaces can become cluttered and
less successful at supporting learning. Strong curation includes ongoing moderation, encouraging focused
conversations, and incorporating useful instructional materials. For instance, the MOOC Uniform Identifier
for Resources (MUIR) framework suggests cross-linking MOOC resources to enhance forum discussions
and improve participants’ overall learning experience [1].

Online pedagogical forum curation is the practice of choosing, structuring, and providing context
for content and exchanges in virtual learning settings, in order to foster substantive dialogue, encourage
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active participation, and support collaborative knowledge building. This work is crucial for turning digital
spaces into effective learning communities, particularly within distance education and Massive Open Online
Courses (MOOCs).

Moreover, curation in online teaching forums entails fostering conditions that sustain a community of
inquiry, in which participants take part in thoughtful, reflective dialogue. Recommendations for nurturing
a community of inquiry in online discussion forums emphasize the value of approaches that encourage
students’ critical thinking and collaborative engagement [2-4].

Digital curation is widely viewed as a key practice within media and digital literacy education. Treating
curation as a central competency in these fields highlights the importance of teaching students how to curate
information so they can effectively navigate and critically assess the enormous volume of online content [5].

In sum, curation within online teaching forums is a complex activity that entails deliberately guiding
content and participation to foster meaningful, collaborative learning. It calls for a blend of instructional,
technical, and moderation approaches to build online learning spaces that are both effective and engaging.

Online learning environments increasingly rely on discussion forums as the primary channel through
which learners raise doubts about course content, yet managing these learner questions manually poses
substantial challenges: the volume of posts grows faster than instructor availability, response latency
discourages engagement, and the cognitive effort required to triage urgent, confused, or off-topic messages is
rarely accounted for in course workload. These challenges in managing learner questions motivate the need
for automated curation mechanisms that can identify, prioritize, and respond to learner questions without
compromising pedagogical quality.

In this work, we adopt the notion of a subject-matter question as a forum post in which a student
expresses doubt, confusion, or a request for clarification about course content, as opposed to posts that
are purely social, administrative, or unrelated to the subject matter, following the question and confusion
dimensions defined by [6]. Distinguishing these posts from the broader stream of forum activity is the first
step toward any automated curation strategy.

Courses are pedagogical events with carefully planned objectives and resources, losing effectiveness
when discussions lose focus or deviate from these goals. The introduction of resources beyond the planned
scope can also act as a dispersive factor. Previous efforts to automate course forum curation have relied on
the capabilities of LLMs; however, even some RAG-based proposals employ open-web resource searches,
generating an overwhelming diversity of information that makes it difficult for students to keep up.

In this research, we designed a framework for the automatic curation of subject matter questions in
online course forums, which consists of three macro functions: a curation engine, post classification, and
instructional RAG. These components were evaluated both separately and as an integrated system. The end-
to-end experiment, conducted with a university technology course class, demonstrated broadly satisfactory
performance for practical application.

The contributions of this paper are:

o We designed a framework for the automatic curation of subject matter questions in online course
forums, which consists of three macro functions: a curation engine, post classification, and instruc-
tional RAG.

o We adopted a novel Markovian approximation to represent both the mental state of the active forum
participant and the overall forum state, factored by individual participants.

o We implemented a data schema for unsupervised domain adaptation tailored to our data-deficient
scenario. This approach improves the classification performance of posts, which typically consist of
short texts conveying minimal semantic information regarding the target class;
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o We evaluated the framework components separately on public datasets, achieving state-of-the-art
performance for the targeted tasks;

o We evaluated the end-to-end system on subject-matter questions in a real-world experiment, with
results indicating satisfactory performance for practical deployment.

Paper organization: Section 2 reviews the main works and datasets related to this research. Section 3
presents the methods that comprise the proposed and evaluated curation engine. Section 4 presents and
analyzes the main results of this paper. The paper concludes in Section 5.

2 Related Works

Since our proposed framework is composed of three macro functions—the curation engine, the post
classification function, and the RAG module—this section reviews relevant prior work in each of these areas,
focusing on online forum performance. An additional subsection details the datasets utilized in this study.

2.1 Online Forum Automation

The automation of student support in educational discussion forums has been the subject of increasing
interest in the literature, evolving from traditional recommendation systems to complex architectures based
on LLMs. In initial studies focused on this domain, ref. [7] investigated the fundamentals for building support
systems in MOOC:s, proposing a framework aimed at the automatic recommendation of answers. The central
objective of this approach was to mitigate the information overload inherent in massive forums, assisting
students in the rapid identification of existing relevant solutions in the discussions.

With the advancement and popularization of generative models, the research focus expanded to strate-
gies that combine the ability to generate text with the retrieval of contextual information. In this sense, ref. [8]
developed RetLLMe, a question-answering strategy for student forums. This work introduces a technique
that combines context retrieval and prompt engineering (retrieval-prompt strategy), demonstrating the
effectiveness of anchoring Large Language Model (LLM) generation in previously validated information to
improve the accuracy of automated support.

As the use of LLMs consolidates as a support tool in these online learning environments, new demands
arise related to the quality, ethics, and transparency of interactions. Ref. [9] critically explored these
dimensions, analyzing the support generated by LLMs from the perspective of fairness and explainability.
The research highlights that, in addition to providing correct answers, it is imperative that online support
systems operate in an equitable and transparent manner, ensuring that the reasoning behind the generated
guidance is understandable and unbiased for students.

Seeking to further improve the fidelity and structuring of knowledge in support systems, very recent
research has adopted more sophisticated information retrieval architectures. Ref. [10] proposed the applica-
tion of Graph RAG in the context of MOOC:s. By leveraging the representation of educational knowledge
in graph format, the approach aims to overcome the limitations of purely semantic retrieval, offering more
robust and interconnected support to help learners understand complex concepts.

The role of LLMs such as Chat Generative Pre-trained Transformer (ChatGPT) in learning has also been
examined from a broader educational-theory perspective. Ref. [11] showed that combining activity-based
learning strategies with ChatGPT support improves student performance, reinforcing that the pedagogical
value of LLM-based assistance depends not only on model capability but also on how it is integrated with
established learning theories. Complementing this, ref. [12] synthesized educational theories with virtual
reality technologies to enhance educational experiences, illustrating a parallel trend of grounding emerging
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educational technologies in established pedagogical frameworks, a principle that also underlies our RAG
design choice to constrain generation to curated course material.

2.2 Post Classification

Using the identical MOOC dataset as this study, ref. [13] investigated the feasibility of developing cross-
domain classification models for forum posts. The author categorizes posts into functional taxonomies (e.g.,
questions, answers, opinions) to create domain-independent classifiers. The study highlights the challenges
of transferring knowledge across disciplines like Education, Medicine, and Humanities, employing feature
engineering and machine learning to enhance model robustness. Findings indicate that while linguistic
and structural features support cross-domain classification, model performance remains sensitive to the
specificities of distinct educational contexts.

Ref. [14] presented a comprehensive text classification process using state-of-the-art Natural Language
Processing (NLP) models. The authors describe an end-to-end architecture that integrates modern natural
language processing techniques, including preprocessing, feature extraction, and deep learning algorithms
for text classification. The work provides a comprehensive overview of the steps required to implement
robust classification systems, demonstrating the applicability of contemporary NLP models in automatic text
categorization tasks.

Ref. [15] proposed a method for classifying question texts in the tourism domain using deep learning
models. Their work applies deep learning techniques to automatically categorize questions related to the
tourism sector, demonstrating the effectiveness of neural networks in classifying domain-specific texts.

Driven by the rapid evolution of LLMs, recent research has actively explored the integration of
these advanced tools into educational text classification. For instance, ref. [16] proposed the Annotation
Guidelines-Based Knowledge Augmentation (AGKA) approach, which leverages GPT-4 to distill insights
directly from coding guidelines. This methodology significantly enhances the categorization of student
engagement in educational corpora while circumventing the computational overhead typically associated
with extensive model fine-tuning.

MOOC forums are dynamic environments where new courses and student profiles continually emerge,
often lacking exact historical data for supervised classifier training. This reality motivates recent efforts
to improve the generalization of classifier performance. For instance, ref. [17] sought transferability based
on semantic similarity; ref. [18] explored neural attention mechanisms; ref. [19] investigated weighted
Bidirectional Encoder Representations from Transformers (BERT) features and multi Convolutional Neural
Network (multi-CNN) models for this purpose; and ref. [20] utilized linguistic modeling to identify
content-related MOOC discussion threads across domains.

2.3 Retrieval-Augmented Generation (RAG)

The underlying architecture of much of contemporary automated support solutions is based on RAG,
fundamentally introduced by [21]. The proposal to integrate pre-trained generative models with document
retrieval mechanisms established a new paradigm for handling knowledge-intensive NLP tasks, mitigating
hallucinations and ensuring that responses are based on reliable textual sources.

Building on this technological foundation, ref. [22] improved the application of RAG architectures
specifically for course forums. The authors demonstrated that fine-tuning LLMs combined with the use of
multiple chain-of-thought reasoning strategies substantially increases the system’s ability to process complex
reasoning and generate more detailed and assertive answers to student questions.
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Alongside strictly semantic vector retrieval, information representation through Knowledge Graphs has
emerged as a powerful alternative for modeling the complexity of the educational domain. Ref. [23] proposed
a multi-view knowledge graph with the aim of offering explainable content recommendations based on
forum discussions. The use of this relational topology allowed mapping explicit connections between course
concepts and student questions, ensuring greater transparency in the system.

Taking this structuring to the state of the art of generative architectures, ref. [24] conducted a rigorous
evaluative study comparing the performance of traditional RAG systems with graph-based approaches
(GraphRAG). The study, focused on question-and-answer tasks with page-level retrieval using a mathe-
matics textbook, outlined the trade-offs between the strategies, highlighting scenarios where relational and
topological retrieval of dense academic material outperforms purely semantic methods.

Although the presented works demonstrate significant advances in the automation of student support,
ranging from recommendation systems to sophisticated architectures based on LLMs and GraphRAG, most
assume that the analyzed posts have already been identified as questions or requests for clarification. This
work contributes to this field by proposing a two-step architecture that integrates classification and response
generation: first, a Domain-Adversarial Neural Network (DANN) is used to classify whether a post is indeed
a question, and then RAG is used to provide contextualized and accurate answers to the identified questions.
This approach aligns with recent trends in combining information retrieval and text generation, while
introducing a screening step that improves the system’s robustness, avoiding unnecessary attempts to answer
non-questions and allowing for a more efficient allocation of automated support resources.

2.4 Research Gaps and Limitations

Despite the breadth of prior work reviewed above, three gaps remain. First, most forum-automation
systems (Section 2.1) assume that candidate posts have already been filtered as questions, leaving the
upstream detection problem underexplored. Second, post-classification approaches (Section 2.2) are typ-
ically evaluated within a single course or domain, with limited attention to the unsupervised domain
adaptation required when a system is deployed on a new course lacking labeled data. Third, RAG-based
support systems (Section 2.3) are rarely evaluated end-to-end alongside the upstream classification step
that decides which posts should trigger a response in the first place. This work addresses these gaps by
combining domain-adapted question detection with instructional RAG within a single curation engine,
evaluated both separately and end-to-end. More broadly, this work is also connected to the Educational
Data Mining and Learning Analytics literature, which studies how behavioral and textual traces from online
learning environments can inform pedagogical decision-making; the curation engine proposed here can be
seen as an applied instance of this broader research program, focused specifically on forum question triage.

3 Method
3.1 The Curation Engine

The curation engine is built as a reflex agent with internal state [25]. Fig. | presents our proposed
framework for online discussion forum curation. A curation engine, inserted as a forum member, interacts
with the forum by reading posts and reacting to the forum’s state. The engine responds with resource or
action recommendations, or even direct responses via dialogue, based on the combination of two sources
of information: local knowledge bases (resources), specific to the course and its context, and support from
pre-trained LLMs, via a RAG procedure. From this figure, it can be seen that if the engine’s confidence does
not exceed a threshold ¢4, it forwards the situational state to a human tutor for resolution. The design goal
is to refer less than 2% of intervention situations to humans.
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Figure 1: Functional structure of the online course forum curation agent software framework.

Before presenting a formal and abstract definition of the functions required to build the curation engine,
it is instructive to provide a high-level overview of its operation.

The pedagogical objective of the forum is to promote the exchange of information and knowledge
among participants, monitored by a tutor, and thereby foster the group’s intellectual growth. Therefore, it is
not desirable for the curation engine to immediately respond to every published post for which the sender
expects a response. It is necessary to give participants the opportunity to discuss among themselves. With
this objective in mind, the engine examines and acts on the forum periodically, once every 7 hours (in this
implementation, 7 = 24 h, see Section 4.3), and in each time slot, it selects only f% of eligible learners to
receive a response. To allow other participants time to express their opinions, the engine bases its intervention
decisions solely on the states from the previous time slot.

Learner questions in course forums typically share a set of characteristics that shape the design require-
ments of a curation system: they are short, informal texts with limited semantic context; they may express
varying degrees of urgency, confusion, or sentiment; and they arrive continuously and asynchronously, with
no guarantee of a labeled history for the specific course or student population. Automatic curation of such
questions must therefore operate under real-time constraints (bounded response latency), data scarcity (little
to no course-specific labeled data), and a human-in-the-loop safety requirement (escalation to a tutor when
the system’s confidence is insufficient). These requirements motivate the formal model presented next.

Formalization of the problem: A model is an approximation of reality. We hypothesize that Markovian
dynamics can serve as a good approximation of forum dynamics, provided that appropriate state and
transition functions are defined. The letters i, j, k, and ¢ index active learners, messages (posts) in a
sequence, messages in a priority list for responding, and time slots, respectively. We define the “state”
of an active learner in the forum as their “expectation state” regarding the set of posts they have pub-
lished. Let s{ be the expectation state of learner i with respect to aspect a. In our framework, aspect
a € {urgent, confusion, sentiment, engagement}. Here we adopt the definitions of [6], where urgent
refers to messages reporting technical problems that require immediate attention, and con fusion refers to
posts reporting doubts or questions about the subject matter.

Forum configuration at time ¢, C;, refers to the message configuration, that is, the set of post sequences
associated with each forum participant ID. The configuration can be thought of as a list of lists: a list of IDs,
each mapped to a chronological sequence of messages with associated timestamps. The forum state at time t,
denoted as Sy, refers to a compact, internal representation developed in this project that stores all information
critical for curating the forum. The concepts of configuration and state are designed to encapsulate the
essential data needed for effective forum curation.

LetC; = {Ti,...,Tj>..., Tn} be a forum configuration for time slot ¢, where N is the number of active
learners (or IDs) in the forum and each 7; is the string of messages (posts) posted in that forum by the
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j-learner, and where each message is composed of text, a timestamp, and possibly associated meta-symbols,
such as emojis, likes, or other indicators from a predefined vocabulary.

The state of each active ID in the forum is represented internally by the agent with a 4-tuple: urgent
(u), confusion (c), valence sentiment (v), and engagement (e). The overall forum state utilizes a factored
representation, where each component corresponds to the state of an active ID.

Lets; = [u;, ¢;, i, e; ] be the state of the i-th active learner, and let S = [sy,...,s;, ..., sy] be the forum
state, where {u;, ¢;,v;, e; } € [0,1]. Note that it is optimal for u; and ¢; to be close to zero, and for v; and e;
to be close to 1.

Let R also be the set of available pedagogical resources, a subset of which, R{ , must be selected as
the context for the response to post p; of learner i during the RAG procedure. With the notation already
established, forum curation requires constructing the following sequence of processing functions.

o A post classification function w{ = fo( post{ ) which assigns a class probability w to post j of learner i.
Alternatively, f. can be a binary classifier with hard decision. This classifier is trained offline on a labeled
course post database, such as the one in [6].

« A function that selects and prioritizes the list of posts to be addressed in the current time slot, denoted
asL={L;,Ly,...,Lg,... } = f,(S,C).

o  Afunction to select a subset of the resources (retrieval) from R, Ry, to be used as context for the response
to post L.

+ A function to generate the response to the k-th post in list L, Y = f,(S, C, Ry).

« A state update function S using reply posts represented by S = f;,(S, {w]});

+ A state update function S using query posts (confusion) represented by S = f,,(S, {w{ .

In the implemented prototype, the binary output of the question-detection classifier f. (Section 3.2) is
used as an operational proxy for the confusion component c; of the state update f;,.

States and state transition functions: The volume of forum configuration data (reality) encoded within the
state representation dictates the fidelity of the modeled environment. This fidelity, in turn, determines the
complexity of both the transition function and the message classification function. For example, for a binary
state representation (ID with a pending or not pending response), the post analysis function is a simple
classifier with three classes: question, response, and neutral (with respect to being a question). Conversely,
if the state incorporates richer information—such as multiple pending questions for a single learner
ID—semantic post analysis becomes necessary to accurately associate responses with their corresponding
questions, thereby increasing the complexity of the state transition function.

Algorithm 1 shows the macro steps of the framework’s operation. In each action cycle with period 7, the
engine reads new forum posts, categorizes and prioritizes a fraction f of posts to answer, retrieves context
resources, and generates and publishes responses. Note that the forum status update occurs after the actions
of responding to the forum, which means that 7 is the waiting time for responses from active participants.

Algorithm 1: Pseudocode for the curation agent

Require: X-Current forum configuration
Require: S-Forum state (Permanent)
Require: th-Confidence threshold
Ensure: Y-Posts for intervention

(Continued)
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Algorithm 1 (continued)

1: function CURATION_AGENT(S, X)
2 X « Acquires_current_configuration( forum)

3: C < Retrieves_post_contexts(X)
4: w « Classifies_new_posts(X, C)
5: S « Updates_the_forum_status_for_reply_posts(S, w)
6: L < Selects_and_sorts_to_respond(w, S)
7: for post =1to L do
8: conf « Evaluates_confidence(post, )
9: if conf < th then
10: Escalates_to_human_tutor(post)
11: else
12 Crac < Retrieves. RAG_context_resources(post, w)
13: P « Builds_prompt(post, w)
14: Y (post) < Generates_response(LLM, P, Crac)
15: end if
16: end for
17: S < Updates_the_forum_status_for_query_posts(S, w)
18: forum <« Publishes_to_forum(Y)
19: return Y

20: end function

The functionalities of Algorithm 1 were implemented as Python procedures. The RAG retrieval function
is simplified in our tests because of the small-scale nature of the evaluation. The scope of the curation engine,
as implemented and evaluated in this work, is limited to detecting, prioritizing, and responding to individual
learner questions; duplicate-question identification, topic modeling, automated curation-repository genera-
tion, an instructor reccommendation module, and a continuous-learning feedback mechanism are not part of
the current framework and are discussed as future extensions in the Conclusion. In the following subsections,
we delve deeper into the fundamentals of post classification and RAG, the performance of which is essential
for the curation engine’s performance.

3.2 Post Classification

Classifying MOOC forum posts to determine whether tutor intervention is necessary is a well-
recognized challenge. Domain adaptation is a central issue in this context because MOOC platforms are
highly dynamic environments, continuously offering courses in new domains and modalities for which
labeled training data is often unavailable. This challenge is particularly pronounced in natural language
text classification, where linguistic ambiguity translates into feature ambiguity, playing a central role in the
accurate discernment of text categories. Such scenarios are typically multidimensional, as is the case in our
framework where the aspect a € {urgent, confusion, sentiment, engagement}.

Prior to classification, forum posts are collected from the course’s discussion platform, stripped of non-
informative artifacts (e.g., automatically generated signatures, quoted replies, and exclusively numeric or
emoji-only content), and normalized (lowercasing, whitespace and punctuation normalization) before being
encoded as BERT embeddings for the classifier.
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Multidimensional (or multiple outputs) classification [26] is characterized by considering the correla-
tion between classes (labels) in addition to the correlation between features and classes present in standard
one-dimensional classification. Building an independent classifier for each class is a viable option [27], but it
fails to leverage inter-class correlations, which can often yield significant improvements. Incorporating this
information can refine the decision boundary in regions that are ambiguous for independent classifiers.

3.2.1 Domain Adaptation

An alternative and influential approach to domain adaptation is the DANN, which applies adversarial
training to learn domain-invariant features. DANN uses a domain classifier trained to distinguish between
source and target domain samples, and a feature extractor trained to fool this domain classifier through a
gradient reversal layer (GRL). The result is a minimax game in which the network learns features that are
both discriminative for the main task and indistinguishable across domains [28]. The architecture of this

network is shown in Fig. 2.
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Figure 2: DANN architecture with forward and backward passes.

In DANN, the total loss function is composed of two parts:

+  Alabel predictor loss (L,) computed on labeled source domain samples.
+ A domain classification loss (L;) computed on both source and target samples.
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The feature extractor is optimized to minimize L, while maximizing L4 (via gradient reversal), ensuring
the learned features are informative for classification but uninformative for domain discrimination. The
overall training objective is:

1. 1. |
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In this expression:

. 0 7 are the parameters of the feature extractor,

. 0 y are the parameters of the label classifier,

. 0, are the parameters of the domain classifier,

. n and n’ are the number of samples from the source and target domains, respectively,

o Aisaweighting factor controlling the trade-oft between classification and domain confusion.

3.3 Retrieval-Augmented Generation (RAG)

RAG is an Al technique that improves the accuracy of LLMs by retrieving relevant information from
external databases before generating a response. This reduces hallucinations ( fabrications) and allows the
use of private, current, or specific data that the model did not see during training.

The proposed method follows a standard RAG pipeline adapted to educational support tasks. First,
instructional materials are segmented into semantically coherent text units (contexts). These units are
indexed as a knowledge base. For each forum question, the retriever selects the most relevant context
candidates. Then, the generator receives a prompt containing the question and retrieved evidence, producing
the final answer. Fig. 3 illustrates the complete workflow, from data ingestion through evaluation.

Phase 1: Data Ingestion Phase 2: Retrieval Phase 3: Generation
Textbook Student Retrieved
Content Question Contexts

Chunking
(1000/200)

Embedding
(ada-002)

[/ Generative
LLM

Generated
Answer

Context
Recall

Phase 4: Evaluation

Similarity
Search

Top-k
Select

Answer
Relevance

Figure 3: Complete RAG pipeline workflow. The system processes textbook content through a chunking preprocessing
step (window 1000/200) and embedding, stores vectors in Facebook AI Similarity Search (FAISS), retrieves relevant
contexts for student questions via similarity search, generates answers using LLMs, and evaluates outputs with Retrieval-
Augmented Generation Assessment Suite (RAGAS) metrics.



Comput Syst Sci Eng. 2026;50 57

3.3.1 Resources and Retrieval

Context Retrieval: This component implements the function R : Q — P(D), where P(D) is the power
set of the documents. The process involves:

1. Indexing: Preprocessing the knowledge base D into embeddings using an encoder model (e.g., text-
embedding-ada-002):

Ep = {e(d)),e(dy),...,e(d,)} (2)

2. Semantic Search: For each query g, e(q) is calculated and a cosine similarity search is performed:

score(g,d;) = cos(e(q).e(d;)) (3)
3. Top-k Selection: Returns the k documents with the highest score:

C = Top-k({score(q, d;) }}, (4)

3.3.2 Context-Supported Generation

Generative LLM: A pre-trained language model adapted to the specific domain is employed. The model
receives the following input sequence:

prompt = [q] & [SEP] @ [C] @ [SEP] & [instruction] (5)

where @ denotes concatenation and [SEP] are separator tokens. The response is generated through
autoregressive decoding with beam search or nucleus sampling [29].

4 Experiments and Discussion
4.1 Datasets

We utilized two datasets in this study. The first is a publicly available benchmark used to validate the post
classification step. The second is a proprietary dataset, constructed during a real-world experiment, designed
to validate the end-to-end process.

4.1.1 Dataset for Training Classifier

In this study, we employed the Stanford MOOC forum post dataset’ [6], consisting of 29,604 de-
identified messages collected from 11 different online courses. This corpus is made available to the scientific
community upon request. The included courses encompass three major academic domains: education,
medicine, and humanities/sciences. To establish a robust gold-standard reference, every entry was manually
coded by three independent annotators [6].

The annotation process evaluated each post across six analytical dimensions. The categories of opinion,
question, and answer were classified using binary labels. Conversely, the dimensions of sentiment, confusion,
and urgency were measured on a 1-7 scale, providing the quantitative basis required to address the following
research questions:

o Isthis post a question? (Yes/No)
o Isthis post an answer? (Yes/No)
o  Isthis post an opinion? (Yes/No)

lhttp:f /datastage.stanford.edu/StanfordMoocPosts
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o What sentiment does this post express? (1-7)
o How much confusion does this post express? (1-7)
«  How much urgent intervention in this post? (1-7)

Regarding the urgency scale, a score of 1 denotes a non-urgent post that requires no intervention,
whereas a score of 7 represents a critical message demanding immediate instructor response. To facilitate
binary classification, this 1-7 scale was binarized: posts scoring below 4 were assigned to class 0 (non-urgent),
and those scoring 4 or above were assigned to class 1 (urgent). After filtering out entries consisting exclusively
of numeric characters, the refined dataset comprised 29,604 posts. Of these, 23,186 instances were labeled as
non-urgent and 6418 as urgent. The same binarization threshold (scores of 4 and above assigned to class 1,
on the same 1-7 scale) was applied to sentiment and confusion. A comprehensive breakdown of the dataset
distribution is provided in Table 1.

Table 1: Sample distribution across distinct domains within the StanfordMOOC dataset.

Areas/Sets No/Yes Opinion Question Answer Confusion Sentiment Urgency
DS1 no 938 9168 9690 6715 1690 9418
yes 8941 711 189 3164 8189 461
DS2 no 2782 3574 3179 481 1277 3314
yes 2402 1610 2005 4703 3907 1870
DS3 no 2471 2232 2244 490 196 2053
yes 559 798 786 2540 2834 977
Education no 938 9168 9690 6715 1690 9418
yes 8941 711 189 3164 8189 461
Humanities/Science no 6016 7671 8002 1358 846 7247
yes 3707 2052 1721 8365 8877 2476
Medicine no 6181 6806 5857 1581 1851 6521
yes 3821 3196 4145 8421 8151 3481

Note: The data is partitioned following two organizational schemes. The first scheme focuses on individual courses: DS1
(Education—EDUCI15N: How to Learn Math), DS2 (Medicine—SciWrite, Fall 2013), and DS3 (Humanities/Science—
Statistical Learning, Winter 2014). The second scheme classifies the posts by broader learner areas: Education (EDU),
Medicine (MED), and Humanities & Sciences (H&S). The Education area contains a single course (DS1); consequently,
the Education row is identical to the DSI row, and the two partitioning schemes coincide for this area.

4.1.2 Source and Dataset for RAG Experiment

The experiments employ a curated knowledge base derived from a foundational computer architecture
textbook (Hennessy, J. L. & Patterson, D. A. Computer Architecture: A Quantitative Approach). This
material, adopted for a course at the State University of Ceara, encompasses core topics such as instruction
set architecture, pipelining, cache memory, and memory hierarchy. The evaluation dataset comprises 300
instances of student posts—150 of which are questions—constructed from real student inquiries that arose
during individual study and discussions in Brazilian Portuguese. The experiment was conducted via Google
Classroom with a class of 50 students (aged 18 or older). The data collection was carried out retrospectively
and comprised strictly anonymized textual questions derived from standard pedagogical activities, with-
out involving sensitive personal data. In accordance with Brazilian regulations (National Health Council
Resolution No. 510/2016), this type of non-interventional educational data analysis is exempt from formal
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Institutional Review Board (CEP) evaluation. Informed consent was obtained from all participants, and the
study complies with the Declaration of Helsinki. The 150 evaluation questions were originally formulated
and collected in Brazilian Portuguese; the textbook knowledge base is in English, and, since this manuscript
is written in English, the illustrative question examples shown in this section are presented in English
translation for readability. This constitutes a cross-lingual retrieval setting (Portuguese queries against an
English knowledge base), which may affect Context Recall relative to a monolingual configuration and is
noted here as a limitation.

For each instance identified as a question, a structured dataset was developed to evaluate the response
of LLMs with the following attributes: page, which denotes the identifier of the source page within the
teaching material; contexts, which represent the excerpts retrieved from the textbook (covering one to three
paragraphs); question, which contains the question in natural language formulated in a style characteristic of
the student; ground_truth, which provides the reference answer extracted or paraphrased directly from the
source; and answer, which corresponds to the answer generated by the model conditioned on the question
and the contexts provided.

To guide the generative LLM, the following system prompt was utilized: “You are a helpful assistant that
answers questions in absolute mode based on the following context: {context}. Answer clearly and concisely in
up to 500 tokens, without additional definitions, introductions, conclusions, or examples. If the information is
not in context, say you don’t know.”

Although the dataset is modest in scale (150 instances), it reflects the practical constraints of domain-
specific educational deployments, where expert manual annotation is highly resource-intensive. The
formulated questions span various cognitive difficulty levels, ranging from definitional queries (e.g., “What
is RAM memory?”) and conceptual explanations (e.g., “Why does increasing associativity reduce conflict
misses?”) to quantitative reasoning problems (e.g., “How do we calculate effective memory access time?”).

Recent frameworks such as Automated Evaluation Framework for Retrieval-Augmented Generation
Systems (ARES) [30], benchmark suites [31], and RAGAS [32] provide structured evaluation protocols that
decompose system quality into interpretable metrics. To validate our experiment, we employed RAGAS
due to its LLM-as-a-judge methodology, which allows for the independent assessment of both retrieval
and generation components; note that, since our evaluation set includes ground_truth reference answers,
Context Recall is computed against these references and the protocol is not fully reference-free. By measuring
specific dimensions, such as faithfulness to check context adherence, answer relevance to ensure the query
was directly addressed, and context recall to validate the retriever’s accuracy, RAGAS offers a comprehensive
diagnostic tool that pinpoints exact areas of performance degradation within the RAG architecture.

4.2 Results for Question Detection in Course Forums

Prior to adopting DANN, we also evaluated Deep Correlation Alignment (Deep CORAL) as an alterna-
tive unsupervised domain-adaptation architecture; DANN achieved higher accuracy in our preliminary tests
and was therefore selected for all experiments reported below. The DANN approach, as shown in Table 2,
demonstrated relevant gains, but with sensitivity to semantic variations between domains. When comparing
a subset Hum3000 (3000 posts of Humanities/Science—Statistical Learning, Winter 2014) as the source and
subset Hum2000 (2000 posts of Humanities & Sciences) as the target, DANN achieved an accuracy of 81%
and an Fl-score of 90%. However, in scenarios involving more heterogeneous domains, such as Med5000
(5000 posts of Medicine), DANN'’s performance showed greater variation, revealing reduced stability in this
more heterogeneous, genuinely cross-domain setting.
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After verifying the good performance of DANN across different domains, we utilized the PyTorch
library to conduct training on a real-world dataset comprising student posts. Training was conducted for 300
epochs using the Adam optimizer with an initial learning rate of 0.001, weight decay of 10, and a learning
rate scheduler with patience of 5 epochs. Cross-entropy loss was employed for both classification tasks, and
we applied 5 iterations to compute statistical metrics. BERT was used to extract text embeddings, as shown
in Table 3. The training labels adhered to the annotation strategy of the source corpus, where each post was
manually coded by three independent annotators across the six dimensions described in Section 4.1.1.

Table 2: Unsupervised domain adaptation (UDA)—DANN.

Hum?2000 Hum3000 Med5000
(Source/Target) — Val um um ¢
Acc F1 Acc F1 Acc F1
Hum3000/Hum2000 0.81 0.90 0.94 0.97 0.76 0.86

Note: Hum2000 posts of Humanities & Science. Hum3000 posts of Humanities/Science—Statistical Learning, Winter
2014. Med5000 posts of Medicine. The Hum3000 column reports validation on the source domain itself and is
therefore not informative for adaptation; Hum2000 and Med5000 are the genuine target-domain evaluations, with
Hum3000—~Hum2000 representing a within-domain shift and Hum3000—Med5000 the only genuinely heterogeneous
(cross-domain) pair.

Table 3: Training configuration and hyperparameters for the DANN classifier.

Parameter Value
Epochs 300
Optimizer Adam
Initial learning rate 0.001
Weight decay 107°
Learning rate scheduler patience 5 epochs
Loss function Cross-entropy
Text embeddings BERT
Evaluation runs 5 (different seeds)

Table 4 presents the classification performance of the DANN model on the test set, evaluated both
overall and separately for each domain. In this experiment, we used the Hum3000 subset as the source
domain for DANN adaptation, and the student posts as the target domain.

Table 4: DANN classification performance on question detection.

Metric Value Standard Deviation
Overall Accuracy 87.50% +1.2%
Source Domain Accuracy 88.33% +1.5%
Target Domain Accuracy 86.67% +1.8%
Domain Accuracy Gap 1.66% -
Domain Classifier Accuracy 52.08% +2.1%

Note: Source: Hum3000 posts of Humanities/Science—Statistical Learning, Winter 2014. Target: 300 posts of 50
students of discipline.
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Table 5 provides detailed classification metrics—including precision, recall, and Fl-score—for both
classes within the student dataset.

Table 5: Detailed classification metrics by class.

Class Precision Recall F1-Score
Non-Question 0.86 0.88 0.87
Question 0.89 0.87 0.88
Macro Average 0.875 0.875 0.875

Table 6 and Fig. 4 compare the DANN performance across domains with a baseline model without
domain adaptation.

Table 6: Comparison of DANN vs. baseline model across domains (logistic regression).

Model Source Domain Target Domain
Baseline (No Adaptation) 89.17% 78.33%
DANN (With Adaptation) 88.33% 86.67%
Performance Gap -0.84% +8.34%

Accuracy (%)

N

89.17 88.33 86.67
78.33

I:‘ Baseline
[l panN

Source Domain Target Domain
Figure 4: Baseline vs. DANN accuracy across source and target domains (data from Table 6).

The experimental results demonstrate the effectiveness of DANN for cross-domain question classifica-
tion. Several key observations emerge from the analysis:

Domain Adaptation Success: The small accuracy gap between source and target domains (1.66%)
indicates successful domain adaptation. This contrasts sharply with the baseline model, which exhibited a
10.84% performance degradation on the target domain.

Domain Confusion: The domain classifier achieved an accuracy of 52.08%, which is close to random
guessing (50%). This near-chance performance is a positive indicator that the feature extractor successfully
learned domain-invariant representations, as intended by the adversarial training mechanism.
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Balanced Performance: The model maintained high and balanced precision and recall for both question
and non-question classes (Fl-scores of 0.88 and 0.87, respectively), suggesting that the domain adaptation
did not compromise the discriminative power of the learned features for the primary classification task.

Trade-Off Analysis: While DANN showed a marginal decrease in source domain performance (—0.84%
compared to the baseline), this trade-oft was more than compensated by the substantial improvement in
target domain performance (+8.34%). This demonstrates the model's enhanced generalization capability
across domains.

4.3 Results—End-to-End Tests

In this implementation, the interval between curation engine actions was set to 7 = 24 h. The fraction
of eligible messages addressed during each action cycle was determined using a baseline rate of f = 50%.
Specifically, letting n, represent the total number of detected messages requiring a response, and n,
represent the actual number of messages addressed, the rule applied was: if n. < 5, then n, = n,; otherwise,
n, = max(5,[f - n.]). In this implementation, simple state representation and transition function models
were used. In the simplest model, each active learner in the forum can occupy one of two states: 1 (waiting
for an answer to their question) and 0 (not waiting for an answer). The state update function for learner
i, denoted as s; = f;(s;, m)—where m indicates a reply message directed at learner i and ‘-’ indicates the
absence of a reply—is defined as f;(0,—/m) =0, f;(1,m) =0, and f;(1,—) = 1. Here, m may be a reply
generated either by a peer or by the curation engine.

Table 7 and Fig. 5 summarize the RAGAS metric scores for all five models evaluated. Scores are
normalized to the range [0, 1], where higher values indicate better performance.

Table 7: RAG evaluation scores across five state-of-the-art language models (scale: 0 to 1).

Model Faithfulness Answer Relevance Context Recall
GPT-40 0.9267 0.9481 1.0000
Claude 3.5 Sonnet 0.9500 0.9221 0.9800
Gemini 2.5 Pro 0.8500 0.8800 0.9800
Llama 3.3 70B 0.8000 0.8500 0.9800
DeepSeek-V3 0.6215 0.8242 1.0000
Mean 0.8296 0.8849 0.9880

Score
1.00 Y — - - - T = - - - = — T T T T 1

[ Faithfulness

[0 Answer Relevance

0.75 | . - - L] |
O Context Recall

0.50 |- - - - - -- = --

0.25 | - - - - -- = --

GPT-40 Claude 3.5 Gemini 2.5 Llama 3.3 DeepSeek

Figure 5: RAGAS metric scores across the five evaluated language models (data from Table 7).
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Retrieval Quality (Context Recall): The retriever (text-embedding-ada-002) demonstrates consistently
high performance across all models, with a mean Context Recall of 0.9880. GPT-40 and DeepSeek-V3 achieve
perfect retrieval coverage (1.0000), while Claude 3.5 Sonnet, Gemini 2.5 Pro, and Llama 3.3 70B score 0.9800.
This minor variance likely reflects edge cases where ground-truth evidence spans multiple non-contiguous
text segments. Since the retriever, queries, and reference answers are identical across all five rows of Table 7,
this small variation is attributed to scoring stochasticity in the RAGAS LLM-judge rather than an actual
difference in retrieval behavior across generators. Importantly, retrieval quality is largely independent of the
generative model, confirming that differences in other metrics stem from generation behavior.

Generation Fidelity (Faithfulness): Faithfulness scores exhibit substantial variation, ranging from
0.6215 (DeepSeek-V3) to 0.9500 (Claude 3.5 Sonnet). Claude 3.5 Sonnet and GPT-40 obtain the highest
scores (0.9500 and 0.9267, respectively); given the modest sample size (n = 150) and the absence of confidence
intervals or a significance test across repeated runs, this difference is not shown to be statistically significant
and should not be read as a definitive ranking. Gemini 2.5 Pro and Llama 3.3 70B occupy a middle tier
(0.8500 and 0.8000, respectively), while DeepSeek-V3 lags significantly. This pattern suggests that frontier
proprietary models (Claude, GPT-40) have stronger instruction-following and context-adherence capabil-
ities compared to open-weight alternatives. The low faithfulness of DeepSeek-V3 indicates a tendency to
generate plausible-sounding but unverified claims, which is particularly problematic in educational settings.

Response Utility (Answer Relevance): Answer Relevance scores are generally high (mean: 0.8849),
indicating that all models produce responses that are semantically aligned with student questions. GPT-
40 and Claude 3.5 Sonnet obtain the highest relevance scores (0.9481 and 0.9221, respectively); as with
Faithfulness, this difference is not supported by a formal significance test. The narrower spread in this metric
compared to Faithfulness suggests that modern LLMs are competent at addressing question intent, but difter
more in their ability to ground answers in provided evidence.

Error Analysis. Beyond aggregate metrics, manual inspection of model outputs reveals systematic
patterns:

o GPT-40 produces concise, well-structured answers with clear references to retrieved contexts.
Occasionally, it omits minor details present in the source material, prioritizing readability over
exhaustiveness.

« Claude 3.5 Sonnet demonstrates exceptional grounding: answers closely paraphrase retrieved evidence
and avoid extrapolation. However, responses can be verbose, sometimes restating context verbatim
rather than synthesizing information.

«  Gemini 2.5 Pro balances detail and conciseness effectively but occasionally introduces minor termino-
logical variations not present in the source (e.g., using “primary cache” instead of “L1 cache”), which
affects faithfulness scores.

« Llama 3.3 70B provides generally accurate answers but exhibits occasional factual drift, particularly on
quantitative questions requiring precise formula application.

o DeepSeek-V3 frequently generates contextually plausible but unsupported elaborations. For example,
when asked about cache replacement policies, it might mention additional policies (e.g., MRU, FIFO
variants) not discussed in the retrieved context, leading to low faithfulness despite high retrieval
coverage.

Case Studies. To illustrate these patterns concretely, Table 8 revisits three representative student
questions introduced in Section 4.1.2, together with the qualitative behavior observed across models for each
cognitive difficulty level.
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Table 8: Illustrative case studies of model behavior across question types.

Question Type Observed Behavior

Concise, well-grounded answers across all models

<« . ?)) L)
What is RAM memory? Definitional (low difficulty, consistently high faithfulness).

GPT-40 and Claude 3.5 Sonnet provide accurate,
source-grounded explanations; Gemini 2.5 Pro
occasionally introduces non-source terminology

“Why does increasing associativity

. . Conceptual
reduce conflict misses?” P

(e.g., “primary cache” for “L1 cache”).

Llama 3.3 70B shows occasional factual drift on
formula application; DeepSeek-V3 elaborates with
Quantitative unsupported details (e.g., mentioning cache
replacement policies not present in the retrieved

“How do we calculate effective
memory access time?”

context).

4.4 Discussion

Interpretation of Experimental Results. DANN, while effective, demonstrated variability in perfor-
mance, especially when applied to more heterogeneous or semantically distant domains, such as the Med5000
dataset. These variations can be attributed to the adversarial nature of DANN’s training process, which
seeks to learn domain-invariant features through a minimax game between the feature extractor and a
domain discriminator. While powerful, this approach tends to be more sensitive to semantic shifts, out-of-
distribution features, and variations in textual length or vocabulary richness—factors frequently encountered
in real-world short text classification tasks.

The results confirm a nuanced relationship between retrieval quality and generation fidelity, consistent
with prior RAG benchmarking literature [30,31]. High Context Recall (~0.99 across models) demonstrates
that the retriever successfully identifies relevant textbook passages. However, this retrieval success does not
automatically translate to faithful generation: DeepSeek-V3 achieves perfect retrieval coverage yet produces
the least grounded answers (Faithfulness: 0.6215).

This decoupling underscores a critical pedagogical implication: retrieval adequacy is necessary but
insufficient for trustworthy educational assistance. A system that retrieves correct evidence but generates
unfaithful answers may be more harmful than one that admits ignorance, as students are unlikely to
cross-verify LLM outputs against source material [33].

For deployment in educational contexts, different models present distinct trade-offs:

o Claude 3.5 Sonnet emerges as the most pedagogically reliable choice, balancing high faithfulness
(0.9500) with strong relevance (0.9221). Its tendency toward verbosity may actually benefit learners who
prefer detailed explanations with explicit source attribution.

«  GPT-4o offers the best overall user experience (highest Answer Relevance: 0.9481) while maintaining
strong faithfulness (0.9267). Its concise response style suits quick clarifications during problem-
solving sessions.

o Gemini 2.5 Pro and Llama 3.3 70B represent viable middle-tier options, particularly if cost or open-
weight accessibility are constraints. However, their lower faithfulness scores (0.8500 and 0.8000)
necessitate additional verification mechanisms or confidence thresholds.
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o DeepSeek-V3, despite strong retrieval and reasonable relevance, exhibits unacceptable hallucina-
tion risks (Faithfulness: 0.6215) for unsupervised educational deployment. Its outputs would require
extensive human oversight.

4.4.1 Limitations and Threats to Validity

Several limitations warrant discussion:

« Dataset Size: With 150 instances, statistical power for detecting small performance differences is
limited. However, the observed faithfulness gaps (e.g., 0.6215 vs. 0.9500) are substantial and unlikely to
be artifacts of sampling variance.

«  Domain Specificity: Results are derived from a single textbook on computer architecture. Generaliza-
tion to other technical domains (e.g., operating systems, networking, databases) or non-STEM learners
requires further validation.

o LLM-as-a-Judge Bias: RAGAS metrics rely on LLM-based evaluation, which may favor models stylis-
tically similar to the judge [34]. We mitigate this by using a separate evaluator model (GPT-3.5 for
judgment), but residual bias cannot be eliminated. GPT-3.5 was deliberately chosen as a model from a
different generation than the LLMs being judged (GPT-4o0, Claude 3.5 Sonnet, Gemini 2.5 Pro, Llama
3.370B, DeepSeek-V3), reducing the risk of a judge favoring outputs from its own model family; a more
capable judge (e.g., GPT-5) was considered but not adopted due to its substantially higher API cost at the
evaluation scale used here. We acknowledge, following [34] and the broader LLM-as-a-judge literature,
that a judge weaker than some of the evaluated candidates may still introduce reliability limitations not
fully eliminated by this choice.

«  Temporal Validity: LLM capabilities evolve rapidly. Models evaluated here (as of early 2026) may be
superseded by newer versions with improved grounding mechanisms.

o  Prompt Engineering: Performance is sensitive to prompt design. We used a standard RAG prompt
template; domain-specific prompt optimization might alter relative model rankings.

»  Scope of Evaluation: This study does not include an ablation study over the classifier’s state rep-
resentation, a computational efficiency analysis (training/inference time, memory footprint), nor
duplicate-question detection or topic-discovery evaluation, since these functionalities are outside the
scope of the implemented curation engine. These are identified as directions for future work.

« Undisclosed Deployment Parameters: The confidence threshold th, the exact number of posts
processed, the observation window, and the counting rubric (including inter-rater agreement, if any)
behind the reported 2% clarification rate and 15% supplement rate are not currently available and are
not disclosed in this revision; reporting them with full methodological detail is left for a future revision.

Nonetheless, the methodology provides a reproducible baseline for educators and system designers
exploring RAG deployment in technical education.

4.4.2 Pedagogical Aspects

Educational Impact. Assessing the impact of automated and timely responses on student learning and
dropout rates requires creating a control and test experimental setup, which is tremendously difficult and
beyond the scope of this research. However, the literature indicates that this impact is strong in both reducing
dropout [35] and promoting student success [36]. Thus, we sought indirect evidence of the positive impact
on learning.

Benefits for Learners and Instructors. Beyond automated metric evaluation, we collected qualitative
evidence from student and instructor perspectives to assess the educational value of the RAG assistant.
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The deployed generative LLM was GPT-4o0. During the semester-long deployment, students also utilized
the system for exam preparation, particularly during the week preceding each assessment period. Access
logs indicate concentrated usage patterns aligned with the academic calendar, with students formulating
clarification questions about textbook content while reviewing course material. The immediacy of responses
emerged as a critical affordance: whereas forum posts to human instructors typically required several hours
to receive attention, the RAG assistant provided contextualized, rapid answers. This temporal advantage
proved especially valuable during asynchronous study sessions outside regular office hours, when instructor
availability was limited.

Student feedback, gathered through reviews and informal instructor observations, indicated predom-
inantly positive reception of the assistant. When asked to rate answer quality and pedagogical usefulness,
students reported satisfaction with the conciseness and textbook alignment of generated responses. Impor-
tantly, the system succeeded in addressing the majority of student information needs without instructor
intervention: quantitative analysis of forum activity revealed that only 2% of questions required subsequent
clarification or correction by teaching staft. This low intervention rate suggests that the high faithfulness
scores observed in automated evaluation translated into practical reliability in authentic educational contexts.
The remaining 98% of interactions were resolved entirely through the RAG assistant, demonstrating
scalability potential for large-enrollment courses.

Scalability and Practical Deployment. From the instructor perspective, the deployment yielded
measurable reductions in routine support workload. Teaching assistants reported that the assistant effec-
tively handled definitional queries, procedural clarifications, and concept review questions that previously
consumed substantial forum moderation time. This delegation allowed instructional staff to reallocate effort
toward higher-order pedagogical activities such as addressing misconceptions, facilitating conceptual discus-
sions, and providing personalized feedback on student assignments. Post-deployment analysis indicated that
15% of assistant-generated responses received minor supplementary explanations from instructors, typically
to provide worked examples or connect concepts to broader course themes. Crucially, these supplements
represented refinements rather than corrections, indicating that the assistant established a reliable foundation
upon which instructors could build, rather than requiring remediation of inaccurate information. This
human-AI complementarity suggests a viable operational model wherein RAG systems handle first-tier
informational support, while human expertise remains accessible for complex or ambiguous queries.

5 Conclusion

This paper proposed and evaluated a curation engine for the automatic triage and response to
subject-matter questions in online course forums. The system was built upon two evaluated components—
domain-adapted question detection and instructional RAG—along with a formal design proposal for
Markovian forum-state modeling. We summarize the findings for each evaluated component below before
discussing the engine’s broader implications and directions for future work.

The application of DANN for question classification across heterogeneous educational datasets proved
highly effective. The model successfully detected student questions with 87.50% overall accuracy while
maintaining robust performance across both source and target domains. The negligible domain accuracy gap
(1.66%) and the near-random domain classifier performance (52.08%) confirm that the DANN architecture
succeeded in learning domain-invariant features without sacrificing task-specific discriminative power.

These results suggest that DANN is a promising approach for building question detection systems that
can generalize across diverse educational contexts, writing styles, and course materials.
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Furthermore, this study presented a comprehensive evaluation of RAG for supporting computer
architecture education through textbook-grounded question answering. We addressed the dual challenges of
timely student support and pedagogical alignment by constraining LLM generation to authoritative instruc-
tional material. Our empirical study compared five state-of-the-art language models (GPT-40, Claude 3.5
Sonnet, Gemini 2.5 Pro, Llama 3.3 70B, DeepSeek-V3) using RAGAS metrics: Context Recall, Faithfulness,
and Answer Relevance.

Retrieval-Augmented Generation offers a promising pathway for scalable, pedagogically aligned student
support in technical education. By grounding generation in curated instructional content, RAG systems
can mitigate hallucination risks inherent in pure LLMs while preserving conversational flexibility. Our
multi-model evaluation demonstrates that careful model selection and continuous quality monitoring are
essential for educational deployment. As LLM capabilities continue to advance, the integration of RAG-
based assistants into computer architecture and broader STEM education represents an actionable strategy
to enhance learning outcomes while respecting curriculum integrity.

Future Work. Several extensions naturally follow from the scope boundaries identified throughout this
study. First, integrating the curation engine directly with Learning Management Systems (LMS) beyond
the Google Classroom deployment reported here would broaden applicability across institutional contexts.
Second, incorporating explainability mechanisms into the post-classification and prioritization decisions
could increase instructor trust and facilitate auditing of the engine’s actions. Third, extending the use of
LLMs beyond response generation to forum moderation tasks, such as duplicate-question identification and
topic discovery, represents a promising direction not covered by the present framework. Finally, evaluating
the full 4-tuple Markovian state representation (urgent, confusion, sentiment, engagement) against the
simplified binary state used in our end-to-end experiment, together with a sensitivity analysis of the
operating parameters 7 and f, remains an open avenue for future research. Personalized learning support,
wherein the curation engine adapts its prioritization and response style to individual learner profiles, is a
further direction we consider promising for large-enrollment courses.
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