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Abstract. The increasing demand for online education calls for cost-effective
and scalable systems that help instructional designers and faculty ensure the
quality of their courses. The QA Bot addresses this need by conducting rapid
evaluations of courses against established standards and practices, including
those created by Quality Matters (QM), the Online Learning Consortium (OLC),
and the Center for Applied Special Technology (CAST). The QA Bot working
prototype follows a hybrid approach that combines programmatic file extraction
with LLM-based evaluation of course data. This project emphasizes accessibility
by supporting smaller, high-performing models (e.g., Llama 3.1 8B, DeepSeek-
R1 8B) that enable an open-source release. The system’s performance validation
includes comparisons of course quality evaluations conducted by human experts
(the benchmark) with those conducted by the QA Bot using open-source and
commercial LLMs. This paper presents a work-in-progress system and its
integration into the learning engineering process.
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Introduction

With the growing demand for online education, we recognize the need for a rapid diagnostic
tool that helps instructional designers, faculty, and administrators identify opportunities for
improvement in online courses. This need is particularly pressing for those working in
low-resource contexts, who are often constrained by tight development timelines that make
comprehensive manual course review impractical. The QA Bot is designed to support these
teams by providing automated, efficient quality diagnostics that can be integrated into various
instructional design processes, whether traditional (e.g., ADDIE, Dick & Carey model) or
iterative (e.g., rapid prototyping) (Brown & Green, 2024).

Often, widely recognized standards and frameworks such as the Universal Design for
Learning Guidelines (CAST, n.d.), the OLC Course Review Scorecard (Online Learning
Consortium, n.d.), and the QM Course Design Rubric Standards (Quality Matters, n.d.),
which codify evidence-based teaching practices, receive insufficient attention during online
course design. In addition to resource constraints, this may occur because of a lack of
experience in translating these frameworks into concrete instructional activities and
assessments. The QA Bot addresses these challenges by evaluating courses against various
frameworks and providing targeted feedback and actionable recommendations that enhance
course quality.

This paper presents the design, architecture, and initial development of the QA Bot,
contributing three key innovations: (1) a hybrid architecture that grounds LLM outputs in
verifiable course content, (2) support for resource-efficient, open-source models that
democratize access to automated course evaluation, and (3) explicit integration with learning



engineering's nested cycle approach for systematic instructional improvement. We describe
the technical approach, preliminary validation methods comparing model performance, and a
study design for a future comprehensive empirical evaluation with instructional design
practitioners.

Background: Integration with Learning Engineering

Learning engineering provides a compatible theoretical framework for the systematic and
practical use of the QA Bot, given its shared focus on identifying opportunities to improve
learning conditions. As an engineering-oriented and agile approach, learning engineering
guides instructional designers and learning engineers through three nested cycles: creation,
implementation, and investigation (Totino & Kessler, 2024). The QA Bot's ease of use and
relevance across these three cycles make it a practical tool for teams seeking systematic,
scalable course-quality assurance.

Following a learning engineering nested cycle approach (Goodell & Kolodner, 2023; Totino &
Kessler, 2024), the QA Bot integrates into each cycle:

. . Creation cycle: Before learner data collection, the team analyzes
prototype or beta-course exports to validate the design against established standards.
. . Implementation cycle: After learner data collection, the team

analyzes the production course export, combining QA Bot diagnostics with learning
analytics to identify challenges.
. . Investigation cycle: The team conducts targeted analysis of specific
design elements or investigates identified issues in the production course.
The QA Bot output report can serve as direct input for learning design artifacts used by learning
engineering teams, such as conjecture mappings (Totino & Kessler, 2024), design backlogs
(Scrum.org, n.d.), and decision trackers (e.g., LEED Tracker; Totino & Kessler, 2024).

System Design and Architecture

To address the accuracy limitations of processing entire course exports in a single pass, the
current design employs a hybrid architecture combining programmatic file extraction with
targeted LLM evaluation. The system uses a Python-based extraction process that:

. . Parses the Canvas course export (.imscc format) to identify relevant
course components

. . Maps specific evaluation criteria from instructional design frameworks
to corresponding course files (e.g., syllabus files, content pages, assignment
specifications)

. . Extracts and prepares targeted content for LLM analysis

. . Submits focused prompts to the LLM, each addressing specific

standards with relevant course data

Model Specifications

The QA Bot supports several open-source language models that can be run locally, including
Llama 3.1 8B and DeepSeek-R1 8B, as well as Llama 3.1 70B and DeepSeek-R1 70B for
teams with greater computational resources. These general-purpose models were selected
for their balance of performance and accessibility, enabling deployment on standard laptop
hardware without requiring expensive API access or cloud infrastructure. The tool requires
Python and Ollama installed locally. Hardware requirements scale with model size: 8B-
parameter models run on standard laptops (8GB+ RAM), while 70B-parameter models require
more computational resources. Detailed setup instructions will be provided upon open-source
release.

A key focus of the project is making this tool accessible to learning engineering teams in



low-resource contexts. The project plans to release the tool as open-source software, allowing
the academic community to improve, customize, and freely distribute it. This approach aligns
with the goal of making expertise and resources for educational quality improvement widely
accessible.

Evaluation Framework

We assess model performance by calculating percentage agreement and inter-rater reliability
metrics, comparing small open-source models (Llama 3.1 8B, DeepSeek-R1 8B) against both
large models (Llama 3.1 70B, DeepSeek-R1 70B, Claude Sonnet 4, GPT-40) and human expert
evaluations. This framework aims to address two questions: (1) How do small open-source
models compare to large models in generating course evaluations? (2) To what extent do small
open-source models (Llama 3.1 8B, DeepSeek-R1 8B) achieve comparable agreement with
human experts?

Future Work

Future work involves optimizing the QA Bot's parser architecture and prompting to improve
accuracy and performance, expanding support to other Learning Management Systems (e.g.,
Moodle) and standards (e.g., SCORM, xAPI, and cmi5), and supporting other languages.
Moreover, adapting QA testing automation frameworks and practices from the gaming industry
may provide valuable insights (Donat, 2005; Harty, 2011; Roche, 2013).
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