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Abstract

The System for Teaching and Assessment using a Computer Algebra Kernel (STACK)
is an open source, computer algebra-based online assessment system for teaching and
learning mathematics at university. Although the popularity is increasing around the
world, its problem generation needs a complex procedure such as algebraic scripting,
dynamic randomization, and grading logic, which poses a substantial workload. In this
paper, we propose a mathematics problem generation tool using Generative AI for STACK.
It adopts a Retrieval-Augmented Generation (RAG) framework to guide the AI to produce
pedagogically aligned problems across Depth of Knowledge (DoK) levels, while a Computer
Algebra System (CAS) validates mathematical precision. The output is rendered into an
XML template and is imported into the STACK system. For evaluation, we measured the
success rate of generating 90 problem files for STACK by the proposal and compared the
completion time with their manual generation. Learning Object Review Instrument (LORI)
was also evaluated for user satisfactions. The results showed that the success rate was 79%
while the time was reduced by 35.71%. Furthermore, the LORI evaluations demonstrated a
feasibility score of 82.1%, confirming the potential to mitigate teacher workload.

Keywords: STACK; Computer Algebra System (CAS); Generative AI; Retrieval-Augmented
Generation (RAG); Depth of Knowledge (DoK); Learning Object Review Instrument (LORI)

MSC: 97U50

1. Introduction
The System for Teaching and Assessment using a Computer Algebra Kernel (STACK)

is an open-source, computer algebra-based question type for that has gained significant
prominence in university-level mathematics education due to its capability to deliver
formative feedback through algebraically precise question–answer evaluation [1]. The main
goal of STACK is to link mathematical problem with a Computer Algebra System (CAS)
backend, which allows teachers to design questions with dynamic randomization and to
automatically evaluate student responses through symbolic computation [2,3]. The use
of STACK is particularly beneficial in calculus, linear algebra, and differential equations
courses, where precise symbolic reasoning and structured formative feedback are essential
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for effective student learning [4,5]. The key accuracy metrics of STACK assessment consist
of the mathematical correctness of generated expressions, the logical integrity of grading
conditions, and the cognitive alignment of problems with intended learning outcomes [6,7].

To provide interactive and adaptive assessment features, STACK requires to generate
problems using a domain-specific scripting environment based on Maxima, a powerful
open-source CAS. This authoring process needs substantial technical proficiency, encom-
passing algebraic scripting in syntax, dynamic variable randomization, and the construc-
tion of multi-node grading logic through [8]. Hence, the time and effort of developing
well-structured, pedagogically aligned STACK problems often exceed what mathematics
teachers can realistically sustain, particularly for those without a strong programming back-
ground [9]. Inaccurate or poorly authored STACK problems could produce inconsistent
grading results, reducing the reliability of the assessment and the quality of formative
feedback delivered to students [10].

The study by Sangwin highlighted that while STACK provides high flexibility for math-
ematics assessment, its authoring complexity remains a primary barrier to its widespread
adoption among non-specialist teachers [1]. Similarly, researchers involved in large-scale
STACK deployments documented that the substantial workload associated with problem
creations and maintenance frequently limits the volume and diversity of available problem
sets across academic terms [11]. These findings increase the need of accessible tools that can
assist novice teachers who generate the STACK-compatible problems without requiring
deep technical expertise.

In recent years, Generative AI has opened possibilities for automating complex tasks in
educational settings [12,13]. Actually, Large Language Models (LLMs) have demonstrated
remarkable capabilities in generating structured texts, mathematical explanations, and pro-
gramming codes that can be adapted for automated assessment authoring [14]. However,
raw LLM outputs are often ungrounded in domain-specific structures and lack alignment
with formal pedagogical frameworks, making direct applications to specialized assess-
ment systems such as STACK being unreliable if additional grounding and validation
mechanisms are not provided [15,16].

The Retrieval-Augmented Generation (RAG) framework has the potential of addressing
this limitation by combining domain-specific reference materials with generative capabili-
ties of an LLM [17]. By incorporating a curated knowledge base of valid STACK problem
templates into a retrieval component, a RAG-based system can guide an LLM to produce
structurally and pedagogically appropriate outputs that conform to the STACK author-
ing format.

Furthermore, the Depth of Knowledge (DoK) framework, which categorizes cognitive
demand across hierarchical levels, provides a principled structure for ensuring that gener-
ated problems span a meaningful range of difficulty, contributing to more balanced and
comprehensive assessment sets [18].

Evaluating the quality of generated STACK problems requires a reliable instrument
that can capture multiple dimensions of learning object quality from a teacher’s perspective.
The Learning Object Review Instrument (LORI) was originally developed to assess digital
learning objects across multiple quality dimensions including content quality, pedagogical
soundness, and acceptability [19]. Adapting a version of LORI to the STACK problem
domain can provide a comprehensive and validated means of assessing the pedagogical
quality and practical acceptability of the generated problems.

Beyond the technical capability of generating STACK problems, teachers’ attitudes
and motivation are also important factors for the practical adoption of AI-assisted STACK
authoring. Prior studies on Generative AI in education indicate usefulness that can in-
fluence teachers’ acceptance of AI-supported tools [20,21]. Therefore, it is important to
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examine teachers’ initial perceptions of STACK and AI-assisted STACK authoring, since
these perceptions may affect whether such tools can be effectively accepted and used in
teaching practice.

In this paper, we propose a mathematics problem generation tool using Generative
AI for STACK. This tool adopts a RAG framework implemented with a vector database
and sentence-transformers embeddings to retrieve relevant STACK templates. The retrieved
templates are then used to guide an LLM, accessed via OpenRouter, in generating problem
across DoK levels. A Maxima-based CAS microservice performs multi-seed quality testing
on the generated , and a Jinja2 template engine renders the validated output into STACK-
compatible Moodle XML format. The tool is designed to reduce teachers’ workload in
STACK problem authoring while supporting mathematical correctness, pedagogical quality,
and teacher-centered validation for effective assessment.

The remainder of this article is organized as follows: Section 2 introduces the related
work. Section 3 describes the key technologies adopted in this study. Section 4 presents
the design, architecture, and implementation of the proposed tool. Section 5 shows the
results and discusses their analysis. Section 6 presents the ablation study. Finally, Section 7
provides conclusions with future work.

2. Related Work
In this section, we provide a literature overview that related to the proposed tool in

this paper.

2.1. STACK and Computer Algebra System in Mathematics Assessment

Computer algebra-based online assessment has been an active research area in mathe-
matics education technology. STACK has emerged as the most widely adopted platform
for formative assessment of symbolic mathematics.

In ref. [22], Sangwin et al. investigated the design of STACK for the practical online
assessment of mathematical proof, demonstrating that Potential Response Trees (PRTs) struc-
ture can be configured to evaluate free-form symbolic reasoning beyond simple numerical
or algebraic equivalence checks. While their work confirmed the expressive power of the
STACK authoring framework, the authors emphasized that the complexity of designing
valid PRT logic for non-routine reasoning tasks substantially increases the technical burden
on the problem author, reinforcing the need for automated authoring support tools.

In ref. [23], Kinnear et al. synthesized a collaboratively derived research agenda for e-
assessment in undergraduate mathematics, identifying scalability of assessment authoring
and pedagogical alignment of digitally generated content as the priority research area.
Their agenda highlighted that authoring workload remains a central unresolved challenge
in STACK deployment at scale, and called for researches in tools that can assist teachers
in creating diverse, well-calibrated problem sets with reduced manual effort, directly
motivating the contribution of the present study.

In ref. [24], Weiss et al. reported deployment experiences with computer algebra sys-
tems in engineering mathematics courses, documenting the practical impact of CAS-based
formative assessment on student learning outcomes and teacher satisfactions. However,
this study also recorded that teachers consistently reported high time investment in prob-
lem authoring as the primary obstacle to expanding their STACK question banks, and that
the lack of authoring assistance tools limited the breadth of topics and difficulty levels
covered in deployed assessments [25].
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2.2. Generative AI in Educational Content Generation

The emergence of Generative AI, particularly LLMs, has substantially transformed the
landscape of automated educational content creation. Several studies have examined the
potential and limitations of LLMs in generating structured assessment items.

In ref. [26], Kurdi et al. conducted a systematic review of automatic question generation
methods for educational purposes, covering rule-based, neural, and transformer-based
approaches. The review established that neural approaches significantly outperform earlier
rule-based methods in terms of fluency and contextual relevance. However, the authors
emphasized that generated questions frequently lack structural consistency and alignment
with formal assessment frameworks, highlighting the need for grounding and validation
mechanisms in any practical deployment that targets specialized assessment systems.

In ref. [27], Elkins et al. investigated the use of GPT-4 in generating educational quizzes
across undergraduate STEM courses using Bloom’s Taxonomy as a cognitive alignment
framework. Their study demonstrated that LLM-generated content can achieve quality
comparable to human-authored ones in terms of perceived difficulty and discriminability.
Unfortunately, the generated outputs were produced in unstructured plain text and were
not validated against a CAS, rendering them unsuitable for deployment in mathematically
rigorous systems such as STACK where algebraic precision and symbolic grading are
fundamental requirements [28].

In ref. [29], Pardos et al. examined learning gains of students receiving algebra hints
generated by ChatGPT-4 compared to those generated by human tutors, finding comparable
effectiveness in certain problem-solving contexts. However, the study also identified a
systematic tendency of LLM-generated mathematical contents to exhibit surface-level
accuracy while containing subtle symbolic errors that are only detectable through formal
algebraic verification [30].This finding directly motivates the CAS Validation Stage in the
proposed tool, where each generated problem is subjected to multi-seed Maxima testing
before being made available for teacher download.

2.3. Retrieval-Augmented Generation in Educational Applications

Retrieval-Augmented Generation (RAG) has emerged as a powerful paradigm for improv-
ing the factual accuracy and structural grounding of LLM outputs in knowledge-intensive
generation tasks.

In ref. [31], Siriwardhana et al. extended the RAG framework with domain-specific
adaptation strategies, demonstrating that a domain-adapted retrieval corpus significantly
improves the relevance and correctness of generated content compared to general-purpose
retrieval approaches. Their findings support the design choice in our proposed tool of
constructing a STACK-specific knowledge base from validated problem templates, rather
than relying on general-purpose web-retrieved content during the generation stage.

In ref. [32], Gao et al. conducted a comprehensive survey of RAG systems, covering
corpus construction, embedding strategies, and generation control mechanisms. The survey
identified structured output constraints as a critical design factor when RAG is applied to
template-driven generation tasks where outputs must conform to a predefined schema.
This finding directly informs the architectural separation between LLM generation, which
produces a structured JSON schema, and XML rendering, handled entirely by a dedicated
Jinja2 template engine, in the proposed system.

In ref. [33], Asai et al. proposed Self-RAG as an adaptive retrieval-augmented frame-
work that learns to retrieve and critically evaluate retrieved passages before generation,
demonstrating significant improvements in factual accuracy and structural consistency of
outputs. Their analysis of relevance-gated retrieval corroborates the relevance-gated rerank-
ing module implemented in the retrieval process of our proposed tool, which applies a
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combined cosine similarity and section-aware keyword overlap score to filter low-relevance
templates before passing context to the generation prompt [34,35].

2.4. Depth of Knowledge Framework in Assessment Design

The Depth of Knowledge (DoK) framework provides a hierarchical taxonomy for cat-
egorizing the cognitive complexity of assessment tasks. Its integration into automated
content generation represents a meaningful contribution to pedagogically principled as-
sessment design.

In ref. [36], Webb established a foundational DoK alignment methodology through
large-scale empirical studies of standards and assessment alignment, demonstrating that
intentional cognitive level targeting in assessment design leads to significantly more reliable
evaluation of student reasoning competencies. The framework’s applicability to STEM
disciplines has been confirmed across multiple subject areas, establishing it as the standard
reference taxonomy for cognitively calibrated assessment design in the present study.

In ref. [37], Webb conducted an empirical investigation of DoK-aligned assessment in
undergraduate mathematics, demonstrating that well-calibrated cognitive level distribu-
tions significantly improve assessment validity and the breadth of reasoning competencies
measured. The study emphasized that most automated question generation systems fail
to maintain intentional DoK distributions, resulting in cognitively imbalanced assessment
sets that over-represent lower-order recall and under-represent strategic reasoning tasks.
This limitation is directly addressed by the DoK-guided generation mechanism in the
proposed tool.

In ref. [38], Sol et al. examined cognitive complexity in higher education formative
assessment design, demonstrating that explicit cognitive demand scaffolding in the assess-
ment authoring process leads to more comprehensive and balanced coverage of intended
learning outcomes through experimental evidence. Unfortunately, their implementation
relied entirely on manual workflows, reinforcing the importance of developing automated
tools that can systematically target specified cognitive levels as part of an end-to-end
generation process.

3. Key Technologies
In this section, we introduce key technologies and frameworks adopted in this study.

They include the STACK online assessment system, the Generative AI and RAG framework,
and the Depth of Knowledge (DoK) framework.

3.1. STACK Online Assessment System

In this paper, we adopted STACK v4.11.1 (STACK Project, University of Edinburgh,
Edinburgh, UK) . It is an open-source question-type that can be plugged in to Moodle
v5.1 (Moodle Pty Ltd., West Perth, Australia), enabling computer-aided formative as-
sessment of mathematics through a CAS backend [39,40]. It allows teachers to define
mathematical questions with randomized symbolic parameters, student input validation,
and algebraically graded response trees powered by Maxima v5.47.0 (Maxima Project,
open-source software)—an open-source CAS that serves as the symbolic computation
engine for all variable evaluation, answer expression verification, and PRT grading logic
execution [41].

The STACK authoring workflow requires teachers to declare question variables in
Maxima syntax, define expected answer expressions, and configure multi-node PRT struc-
tures that evaluate student responses through a series of algebraic tests and conditional
branches [42]. The resulting question is stored in a Moodle XML-based format that supports
portable import and export across STACK deployments.
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3.2. Generative AI and Retrieval-Augmented Generation

Generative AI refers to a class of machine learning models capable of producing novel
structured content, including text, code, and data, by learning statistical patterns from
large training corpora [43]. In this paper, we adopted GPT-5.0 (OpenAI, San Francisco,
CA, USA) based on the FrontierMath: Benchmarking AI against advanced mathematical
research [44], then accessed through the OpenRouter API, to serve as the core generative
engine. We configured at a temperature of 0.2 to ensure deterministic and structurally
consistent outputs [45].

To improve structural and pedagogical grounding, GPT-5.0 operates within a RAG
framework built on Qdrant v1.12.x (Qdrant Solutions GmbH, Berlin, Germany), a high-
performance open-source vector database that manages the embedded representations
of curated STACK problem templates [46]. The embedding layer employs the sentence-
transformers/all-MiniLM-L6-v2 model for dense vector representation of both the knowledge
base documents and the teacher’s generation specification at query time [47].

The entire backend is containerized and deployed using Docker v4.55.0 (Docker, Inc.,
Palo Alto, CA, USA), orchestrated with Docker Compose to manage the multi-service architec-
ture comprising the FastAPI backend, Qdrant vector database, and Maxima microservice [48].
In RAG, a retrieval component identifies the most relevant templates from the knowledge
base using vector similarity search, and the LLM subsequently conditions its generation on
both the teacher’s specification and the retrieved context [49].

3.3. Depth of Knowledge Framework

The Depth of Knowledge (DoK) framework, developed by Webb, characterizes the cogni-
tive complexity of academic tasks across four hierarchical levels. In the context of university
mathematics assessment, DoK Level 1 (Basic) corresponds to recall and direct execution of
routine procedures. DoK Level 2 (Intermediate) demands application of conceptual knowl-
edge and multi-step procedures, and DoK Level 3 (Advanced) involves strategic reasoning,
justification, and problem solving requiring synthesis across multiple concepts [50].

In the proposed tool, the DoK level is an explicit teacher-specified input parameter that
constrains both the retrieval stage, by prioritizing templates annotated with the matching
cognitive level, and the LLM generation prompt, ensuring that generated problems target
the intended cognitive demand.

4. Proposal of Mathematics Problem Generation Tool
In this section, we present the proposed mathematics problem generation tool for

STACK. It consists of the phases for the system design, the RAG-based generation process,
the CAS validation module, and the XML rendering and STACK integration mechanism.

4.1. Separation of LLM Generation and XML Rendering

The critical design insight of this proposal comes from the fundamental observation
that raw LLM outputs frequently lack the structural conformity required by the STACK
XML authoring format and the mathematical correctness required for CAS-based sym-
bolic grading.

A key architectural principle to address this limitation is the separation of LLM gen-
eration and XML rendering. The LLM does not produce STACK XML directly. Instead, it
generates a structured JavaScript Object Notation (JSON) representation, which a dedicated
Jinja2 template engine then renders into the correct XML format for each DoK level. This
separation ensures that structural integrity is maintained by the template layer regardless
of generative variation, while the RAG retrieval layer grounds the LLM output in validated
STACK problem templates from the curated knowledge base.
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Building on these insights, the proposed tool aims to provide an end-to-end solution
for automated STACK problem authoring that substantially reduces teacher workload
without compromising assessment quality.

4.2. Three-Stage Generation Process

The proposed tool processes each problem generation request through three stages of
Generation, Validation, and Rendering to produce mathematically correct and structurally
compatible output with the STACK import mechanism [51]. Figure 1 depicts the mapping
concept of the three-stage process and the modules responsible for each stage.

Figure 1. Three-stage generation process of the proposed tool.

The Generation Stage encompasses the RAG Implementation and LLM Generation process,
where relevant STACK templates are retrieved from the vector database and used to guide
GPT-5.0 in producing a JSON Representation of the problem.

The Validation Stage employs the Maxima microservice to perform CAS Validation
and multi-seed Quality Testing on the generated specification, verifying mathematical
correctness and randomization robustness across multiple parameter instantiations.

The Rendering Stage applies Template Matching via a Jinja2 template corresponding to
the specified DoK level, performing JSON Injection to convert the validated JSON into a
complete STACK-compatible Moodle XML file through XML Generation.

4.3. Design of Proposed Tool

Figure 2 shows the design of the proposed tool.

Figure 2. Design overview of the proposed tool.
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4.3.1. Input

The input to the tool is the problem specification to be generated, which is submitted
by a teacher through a Single-Page Web Interface. The input parameters encompass the
Course, the Topic, the Subtopic, the DoK Level, and Additional Requirements for any further
constraints. The interface is designed to minimize technical overhead, allowing a teacher
to specify the generation requirements without knowledge of Maxima scripting or STACK
XML authoring conventions.

4.3.2. Process

The processing comprises three sequential stages executed by dedicated modules.
In the Generation Stage, template retrieval retrieves the most relevant STACK problem

templates, which are used to build prompt then submitted to GPT-5.0 for LLM generation,
producing a JSON specification of the problem.

In the Validation Stage, CAS validation and quality testing are performed on the gener-
ated specification, followed by diagnostic feedback to verify mathematical correctness and
randomization robustness; problems failing the validity check are returned for automatic
regeneration with structured feedback to the Generation Stage.

Upon successful validation, in the Rendering Stage, JSON injection is applied prior
to template matching, followed by XML rendering and XML generation to convert the
validated JSON into the final STACK-compatible Moodle XML format.

4.3.3. Output

Based on the validated generation result, the teacher review interface allows the
teacher to preview questions and feedback, perform answer simulation, and save and
download the generated STACK-compatible XML file that can be directly imported into a
Moodle-hosted STACK deployment.

4.4. System Architecture

The proposed tool integrates GPT-5.0 via OpenRouter, the Qdrant vector database, and a
containerized Maxima microservice into a unified web application deployed through Docker
Compose. The tool components include a FastAPI-based backend server, a Qdrant vector
database for RAG retrieval, an OpenRouter API interface for LLM generation, a Maxima
HTTP microservice for CAS validation, a Jinja2 template engine for XML rendering, a SQLite
metrics database for longitudinal performance monitoring, and a single-page web interface.

All external service communications use the JSON format. Generated XML files are
written to a persistent output_xml directory. Figure 3 depicts the detailed system architecture
of the tool.

Figure 3. System architecture of the proposed STACK problem generation tool.
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The Qdrant vector database stores the embedded representations of curated STACK
XML examples using the all-MiniLM-L6-v2 embedding model, enabling efficient similarity
retrieval during the Generation Stage [52]. At startup, the backend automatically ingests
all STACK XML examples from the rag_corpus/xml_examples directory into the Qdrant
collection, making the knowledge base immediately available without manual indexing
steps. The Maxima service runs as a separate containerized HTTP microservice, receiving
symbolic computation requests from the backend via REST API, and is monitored by a self-
watching process that periodically rescans the corpus directory for newly added templates.

4.5. RAG-Based LLM Generation Module

This module uses the curated STACK XML corpus as retrieval-based guidance to assist
the LLM with generating problem that are aligned with the selected topic.

4.5.1. XML Files in RAG Corpus

The RAG corpus is a collection of reference STACK XML templates used by the retrieval
module in the proposed system. The corpus was prepared from curated STACK XML
templates for calculus problem generation and is used to provide relevant examples for
guiding the LLM during problem generation. Table 1 shows the main information of the
RAG corpus, which consists of 101 curated STACK XML templates with a total corpus size
of 0.57 MB.

Table 1. The metadata of the RAG corpus.

Component Description

Corpus directory rag_corpus/xml_examples
Document format Curated STACK XML templates
Total templates 101 STACK-compatible templates
Total corpus size 0.57 MB
Covered course Calculus
Covered topics Limits, Differentiation, Integration

Covered subtopics Finite Limits, Sequences and Limits, Quotient Rule, Chain Rule,
Integration by Parts, u-Substitution

Vector collection stack_xml_examples
Embedding model sentence-transformers/all-MiniLM-L6-v2
Indexed metadata Topic, subtopic, template identifier, and DoK-level annotation

Table 2 presents the numbers of templates in the RAG corpus by topic, subtopic,
and DoK level. These numbers are presented to clarify the corpus coverage and to show
how the reference templates are organized across the selected calculus topics and difficulty
levels. The corpus contains 101 templates from three calculus topics and six subtopics,
with 34 Basic, 34 Intermediate, and 33 Advanced templates.

Table 2. Topic, subtopic, and DoK-level distribution of the RAG corpus.

Topic Subtopic Basic Intermediate Advanced Total

Limits Finite Limits 5 5 5 15
Limits Sequences and Limits 6 5 5 16
Differentiation Quotient Rule 5 5 4 14
Differentiation Chain Rule 6 6 6 18
Integration Integration by Parts 5 5 5 15
Integration u-Substitution 7 8 8 23

Overall 6 subtopics 34 34 33 101
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4.5.2. RAG Framework

The RAG knowledge base consists of curated STACK XML examples covering
university-level calculus topics, stored in the Qdrant collection stack_xml_examples. At the
generation time, the teacher’s specification, which comprises the course, topic, subtopic,
and DoK level, is embedded using all-MiniLM-L6-v2 and used to retrieve the top-k most
similar problem templates via cosine similarity search.

A section-aware reranking step reorders the retrieved templates by a composite score
combining cosine similarity, keyword overlap, and STACK-section boost (higher weights
for questionvariables and prt sections), ensuring that the most structurally and cognitively
appropriate examples are passed to the generation prompt.

The retrieved templates and pedagogical context are combined with the teacher speci-
fication into a structured prompt that explicitly constrains the GPT-5.0 output to the JSON
schema. This schema specifies all required fields: metadata (course, topic, subtopic, DoK
level, tags), questiontext_latex (question text with embedded variable references), questionva-
riables_maxima (Maxima variable declarations), inputs (input type and correct answer ex-
pression), generalfeedback_latex (general solution), prt (PRT node configuration with grading
tests and feedback), and seeds (randomization seed parameters). The DoK level is explicitly
included in the prompt to guide the structural complexity of the generated JSON [53].
The step-by-step workflow of the RAG-guided generation is depicted in Figure 4.

Figure 4. Workflow of the RAG-based generation module.

4.6. CAS Validation and Quality Testing Module

The CAS Validation and Quality Testing Module employs the Maxima to verify the
mathematical and functional correctness of each generated JSON before XML rendering.
The validation process consists of two sequential stages: Seed Preview and QTest.

In the Seed Preview stage, a teacher can specify a manual seed value and preview the
problem with computed variable values, rendered LATEX question text, the expected answer
evaluated for that seed, and an interactive XML preview. The preview interface includes
interactive validation capabilities. A teacher can simulate student responses using Start,
SaveAnswer, FillCorrect, Submit, and Finish controls to verify that the PRT grading logic
produces the expected outcomes for representative correct and incorrect responses.
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In QTest stage, the tool automatically iterates over multiple seed values to validate
the problem’s robustness across the randomization space. The minimum number of seeds
tested scales with the DoK level: 5 seeds for Basic, 10 seeds for Intermediate, and 20 seeds for
Advanced problems, reflecting the increasing complexity of the randomization space and
grading logic at higher cognitive levels. The Save XML function is enabled only when all
QTest seed validations pass and the XML structure is confirmed valid, ensuring that no
functionally incorrect problem can reach the output directory.

4.7. XML Rendering Module

Upon successful QTest validation, each problem’s JSON is rendered into the final
STACK-compatible Moodle XML format using a DoK-specific Jinja2 template. Three dedi-
cated templates are provided:

• dok_basic.xml.j2;
• dok_intermediate.xml.j2;
• dok_advanced.xml.j2.

For each, appropriately structuring the PRT configuration and feedback complexity to
the corresponding cognitive level is important.

The rendered XML file conforms to the Moodle XML question format extended with
STACK-specific elements including the questionvariables block, questiontext, specificfeedback,
and the complete PRT node definitions.

The output XML file and its companion JSON sidecar are saved to the output_xml di-
rectory with a timestamped filename. The generation metrics for each run are automatically
recorded in the SQLite metrics database.

4.8. Example of JSON Specification and Rendered STACK XML

The JSON specification generated by the LLM contains the variables. Listing 1 depicts
this JSON specification as the structured representation of the generated problem. The Jinja2
template engine maps the JSON fields into a prepared STACK XML template. Listing 2
depicts the rendered STACK XML output produced from the mapped JSON values.

Listing 1. Compact JSON specification generated by the LLM.

1 {
2 "metadata": {
3 "name": "Evaluate a Finite Limit",
4 "course": "Calculus",
5 "topic": "Limits",
6 "subtopic": "Finite Limits",
7 "dok": "Basic"
8 },
9 "questiontext_latex":

10 "Evaluate the limit \\( \\lim_{x \\to 2} (3x+1) \\).",
11 "questionvariables_maxima":
12 "limit_value: limit(3*x+1, x, 2);",
13 "inputs": [
14 {
15 "name": "ans1",
16 "type": "numeric",
17 "correct_answer_maxima": "limit_value"
18 }
19 ],
20 "generalfeedback_latex":
21 "Substitute \\(x=2\\): \\(3(2)+1=7\\).",
22 "prt": {
23 "name": "prt1",
24 "answer_test": "AlgEquiv",
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25 "sans": "ans1",
26 "tans": "limit_value",
27 "feedback_correct": "Correct.",
28 "feedback_wrong": "Please recheck the substitution."
29 }
30 }

Listing 2. Corresponding STACK XML elements rendered from the JSON specification.

1 <question type="stack">
2

3 <name>
4 <text>Evaluate a Finite Limit</text>
5 </name>
6

7 <questiontext format="html">
8 <text><![CDATA[
9 Evaluate the limit \( \lim_{x \to 2} (3x+1) \).

10 [[input:ans1]] [[validation:ans1]]
11 ]]></text>
12 </questiontext>
13

14 <questionvariables>
15 <text>limit_value: limit(3*x+1, x, 2);</text>
16 </questionvariables>
17

18 <input>
19 <name>ans1</name>
20 <type>numeric</type>
21 <tans>limit_value</tans>
22 </input>
23

24 <generalfeedback format="html">
25 <text><![CDATA[Substitute \(x=2\): \(3(2)+1=7\).]]></text>
26 </generalfeedback>
27

28 <prt>
29 <name>prt1</name>
30 <node>
31 <answertest>AlgEquiv</answertest>
32 <sans>ans1</sans>
33 <tans>limit_value</tans>
34 <truefeedback><text>Correct.</text></truefeedback>
35 <falsefeedback><text>Please recheck the substitution.</text></falsefeedback>
36 </node>
37 </prt>
38

39 </question>

4.9. User Interface

The user interface of the proposed tool provides an intuitive single-page web interface
for the complete problem generation workflow. When a teacher opens the application,
the left panel presents the generation specification controls: Course selector, Topic and
Subtopic drop-down menus, DoK difficulty selector, and an optional free-text requirements
field. Figure 5 depicts the user interface examples.
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Figure 5. User interface for STACK problem generation.

Upon submitting a generation request (Figure 6a), the tool processes the RAG retrieval
and GPT-5.0 generation in the background and presents a preview panel displaying the
rendered LATEX question text, the configured student input areas, and the general worked
solution feedback (Figure 6b). The validation section enables the teacher to perform seed-
based preview and automated QTest, with a real-time status indicator and validation results
summary (Figure 6c). The Save XML button becomes active only after a successful QTest,
ensuring that the complete workflow from specification to output is validated before saving.

Figure 6. Interface details of the proposed tool: (a) generation form, (b) question preview,
and (c) QTest validation.

4.10. Teacher-Driven Design of Problem Generation

Teachers can define the required through the web-application interface before gener-
ating a problem. They select the course, topic, subtopic, and difficulty level to specify the
general context of the problem. After completing these required fields, teachers can use the
Optional Requirements field to provide additional that are not captured by the predefined
options. These additional may include the expected mathematical structure, parameter
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constraints, cognitive demand, answer format, feedback direction, and instruction style,
as shown in Table 3.

Table 3. Examples of inputs for the Optional Requirements field.

Requirement Type Example of Teacher Input

Mathematical structure
Generate a definite-integral problem involving the product of
a linear term and an exponential term, solvable by integration
by parts.

Parameter constraint Use randomized positive integer coefficients within a small
range and avoid values that produce overly large expressions.

Cognitive demand Require students to determine the appropriate integration
method before performing the calculation.

Answer format Require the final answer in exact symbolic form and do not
accept decimal approximations.

Feedback direction Provide step-by-step feedback that explains why integration
by parts is used and how each part of the equation is applied.

Instruction style Use concise instructions that clearly state the task and
expected answer format without unnecessary context.

5. System Evaluations
In this section, we evaluate the proposed tool. This tool is assessed through generation

success rate measurement, completion time comparison with manual authoring, and user
satisfaction evaluation using the LORI instrument.

5.1. Testing Environment

The testing environment for this evaluation is designed to assess the proposed tool in
practical STACK problem authoring scenarios representative of university-level calculus
instruction. The evaluation covered the Calculus course, which is the primary subject do-
main supported by the current prototype. In this course, three topics, Limits, Differentiation,
and Integration, with two subtopics for each were selected:

• Limits encompasses Finite Limits and Sequences and Limits.
• Differentiation encompasses Quotient Rule and Chain Rule.
• Integration encompasses Integration by Parts and u-Substitution.

For each of the six subtopics, five problems were generated for each of the three
DoK levels (Basic, Intermediate, and Advanced), yielding a total target of 90 problem files
across all subtopics and difficulty levels. We chose these subtopics based on their coverage
in standard university calculus syllabi and their representativeness of varying symbolic
complexity in STACK problem authoring.

In this evaluation, we did not compare the performance of different LLM models or
embedding configurations. The goal of this study was to analyze the performance of the
RAG-guided generation process for STACK problem authoring using a representative LLM
and to compare its efficiency and quality against the established manual workflow.

5.2. Testing Two Conditions

We compared the proposed tool against manual STACK problem authoring across the
same 90 problem to demonstrate the efficiency.
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5.2.1. Manual STACK Authoring Condition

The manual authoring condition represents the conventional STACK problem cre-
ation workflow using STACK 4.11.1 on Moodle 5.1. Five mathematics teachers that have
STACK authoring experience individually completed the problem generation tasks us-
ing the standard STACK question editor. In this workflow, each teacher navigated to
the STACK question type in the question bank, wrote Maxima 5.47 variable declarations
in the Question variables field, composed the question text with embedded CAS variable
references, defined the expected answer expression, configured PRT nodes with algebraic
tests and feedback messages, and verified the question’s behavior using STACK’s built-in
testing tools. The total completion time required to complete each problem was recorded
for comparison.

5.2.2. Proposed Tool Generation Condition

The five teachers used the proposed tool to complete the generation tasks through the
four sequential steps for each problem:

1. Selecting the Course, Topic, Subtopic, and DoK level in the left panel and submitting the
generation request;

2. Reviewing the preview with an optional custom seed;
3. Running the automated QTest to validate across multiple seeds;
4. Downloading the XML output file for STACK import.

The time from a specification submission to an XML download was recorded for
comparison with the manual operation.

5.3. Testing Process

To assess the accuracy and efficiency of the proposed tool, a comparison was conducted
between the manual STACK authoring and the proposed tool generation. In the manual,
each teacher completed the assigned problems over multiple sessions to avoid fatigue
effects. In the proposed tool, the same teachers used the tool on different days to minimize
carry-over learning effects.

The generated XML files from the proposed tool were imported into a STACK 4.11.1
deployment on Moodle 5.1, where each problem was verified in correct rendering and
grading behavior. The technical performance metrics for each generation run. They
include RAG quality metrics, DoK alignment scores, Maxima performance data, and XML
quality indicators, which were automatically captured by the system’s metrics monitoring
infrastructure and stored in the SQLite metrics database for analysis.

5.4. Baseline Methods Comparison

The baseline methods are the reference methods used to compare the performance of
the proposed tool with basic generation approaches. This baseline methods help this study
to clarify how each added component contributes to the quality of the generated STACK
XML output.

We conducted the baseline method comparison involving three AI-based generation
methods: GPT only, GPT with prompt engineering, and GPT with RAG. The baseline
methods were designed to represent different levels of AI support for generating STACK
XML output, as shown in Table 4.

Each baseline method generated 90 problems. The generated outputs were com-
pared with the proposed tool using four metrics: DoK alignment, CAS validity, XML
well-formedness, and STACK import success rate. The four metrics were used to evaluate
the quality of the generated STACK XML output.
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Table 4. Configuration and objective of each baseline method.

Baseline Method Configuration Objective

GPT only The method generates problems using
a basic prompt from the teacher.

The method measures the basic performance of the
LLM in producing STACK XML output.

GPT with Prompt
Engineering

The method generates problems using
few-shot examples and step-by-step
prompt instructions.

The method measures the effect of prompt
engineering in producing STACK XML output.

GPT with RAG
The method generates problems using
a structured prompt and retrieved
STACK examples.

The method measures the effect of retrieved STACK
examples in producing STACK XML output.

Table 5 presents the performance comparison results between the proposed tool
and the baseline methods. The results show that the proposed tool achieved the highest
scores across all metrics, particularly in XML well-formedness and STACK import success
rate. This finding highlights the feasibility of the proposed tool for generating valid and
importable STACK XML output.

Table 5. Performance comparison of the proposed tool and baseline methods across evalua-
tion metrics.

Method
Metric Performance

DoK Alignment CAS Validity XML Well-Formedness STACK Import Success (%)

GPT only 0.06 0.11 0.11 6%
GPT with Prompt Engineering 0.17 0.23 0.11 9%
GPT with RAG 0.33 0.40 0.38 42%
Proposed Tool 0.82 0.84 0.99 79%

5.5. Technical Performance Evaluation

To investigate the performance of the proposed tool, we analyzed the metrics recorded
during the 90 generation runs across the evaluation period.

5.5.1. Performance Metrics

The performance of the proposed tool was evaluated in four categories [54]. The
LLM and RAG Generation category covers Faithfulness (degree to which generated output
adheres to retrieved context), Answer Relevance (alignment with teacher specification),
Answer Correctness (mathematical accuracy), and Answer Similarity (semantic similarity to
reference problems), while RAG Retrieval category covers Context Precision and Context
Recall [55].

The DoK Alignment category covers Level Consistency (degree to which generated
cognitive demand matches the specified DoK level) and Scale of Alignment (binary indicator
of correct DoK classification). The CAS category covers Maxima performance validity.
The XML covers Well-formedness, Exhaustivity, and Specificity. The overall STACK Import
Success Rate serves as the primary composite performance indicator.

5.5.2. Technical Performance Results

Table 6 shows the performance metrics across the 90 generation runs. The LLM and
RAG generation metrics indicate reliable generative behavior, with an Answer Relevance of
0.73, reflecting strong alignment between generated problem content and teacher .
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The Answer Correctness of 0.65 reflects the remaining challenge of generating mathemat-
ically precise content from language model outputs alone, underscoring the indispensable
role of the subsequent CAS validation stage.

The RAG Retrieval metrics show moderate Context Precision (0.55) and Context Recall
(0.56), indicating that the current RAG corpus provides relevant but not exhaustive coverage
for all specified subtopics.

The DoK alignment results confirm a Level Consistency of 0.82 and a perfect Scale of
Alignment of 1.00.

The XML Quality metrics demonstrate near-perfect Well-formedness (0.99) and Exhaus-
tivity (1.00), confirming that the Jinja2 template rendering reliably produces structurally
complete and schema-valid STACK XML files.

The XML Specificity score of 0.40 indicates that there remains room for improvement
in the level of detail in the generated PRT feedback messages.

Table 6. Evaluation metrics of the proposed tool.

Component Category Metric Score

LLM & RAG
Generation

Faithfulness 0.73
Answer Relevance 0.74
Answer Correctness 0.65

Retrieval Context Precision 0.55
Context Recall 0.56

DoK Alignment Level Consistency 0.82
Scale of Alignment 1.00

CAS Performance Validity 0.84

XML Structure & Content
Well-formedness 0.99
Exhaustivity 1.00
Specificity 0.40

Table 7 presents representative errors observed in the generated problems that affected
Answer Correctness. The errors involved algebraic inconsistency, invalid Maxima syntax,
variable mismatch, randomization edge cases, and PRT answer mismatch. This finding
explains why some generated problems had acceptable XML structure but still failed in
mathematical validation.

Table 7. Representative error types and their effects on Answer Correctness.

Error Type Example Effect

Algebraic inconsistency The expected answer did not match the required
derivative or integral. Incorrect answer key.

Invalid Maxima syntax The expression used notation that was not
executable in Maxima. CAS validation failed.

Variable mismatch A variable appeared in the answer or feedback but
was not declared. Expression evaluation failed.

Randomization issue Some seed values produced division by zero or
undefined expressions. QTest failed for certain seeds.

PRT answer mismatch The PRT used an inconsistent expected answer or
answer test.

Correct answers could be rejected
or wrong answers accepted.
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5.5.3. Success Rate Analysis

Table 8 presents the STACK Import Success Rate by DoK level. The proposed tool
achieved an overall STACK Import Success Rate of 79% (71 out of 90 problems), demonstrat-
ing practical feasibility for automated STACK problem generation. The success rate was
highest for Basic problems (26 out of 30, 86.7%) and progressively lower for Intermediate (23
out of 30, 76.7%) and Advanced (22 out of 30, 73.3%) problems.

Table 8. STACK import success rate by DoK level.

DoK Level Target Success (%) Failure (%) Success Import Rate (%)

Basic 30 26 4 86.7
Intermediate 30 23 7 76.7
Advanced 30 22 8 73.3

Overall 90 71 (79%) 19 (21%) –

The consistent pattern of decreasing success rate with increasing DoK level reflects
the higher PRT configuration complexity and the more demanding Maxima randomization
logic required for higher cognitive-level problems. The 21% overall failures predominantly
arise from Maxima validation failures due to edge cases in the randomization space for
complex expressions, rather than structural XML errors, as evidenced by the near-perfect
XML Well-formedness score.

5.5.4. Failure Case Analysis

The failed cases refer to the problem files that did not complete the validation or
import process. To examine these issues, we analyzed the system’s error information and
grouped the cases into six error types: XML Rendering, Moodle/STACK Import, Maxima
Incorrect, Randomization Issue, PRT Issue, and Invalid Content. These categories represent
the errors that occurred and provide an initial indication of how the failures appeared in
the dataset.

Table 9 presents the 19 failed cases by DoK level and failure category. The results show
that failures were more frequent in Maxima expressions, PRT configuration, and random-
ization issues than in XML rendering and Moodle/STACK import. This result indicates
that the remaining failures were related to mathematical validation and assessment logic.

Table 9. Summary of failed cases by DoK level and failure category.

DoK Level
Failure Categories

TotalXML
Rendering

Moodle/STACK
Import

Maxima
Incorrect

Random.
Issue

PRT
Issue

Invalid
Content

Basic 1 1 1 0 0 1 4
Intermediate 1 0 2 1 2 1 7

Advanced 1 1 2 2 2 0 8

Overall 3 2 5 3 4 2 19

5.6. Completion Time Comparison

To assess the efficiency of the proposed tool, we compared the total completion
time for generating STACK problems using the proposed tool against the manual author-
ing condition.
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5.6.1. Completion Time Metric

The Completion Time Reduction Rate (Rtime) is calculated as follows:

Rtime =
Tmanual − Ttool

Tmanual
× 100%. (1)

where Tmanual and Ttool are the mean completion times (in minutes) per problem under the
manual and proposed tool conditions, respectively.

5.6.2. Completion Time Comparison Results

Table 10 presents the completion time comparison between the manual STACK au-
thoring and the proposed tool across the three DoK levels. The proposed tool reduced the
mean completion time at all levels by 20.98%, 35.71%, and 50.42% for Basic, Intermediate,
and Advanced problems, respectively. The reductions were statistically significant and
showed large effect sizes, indicating that the proposed tool improved authoring efficiency,
especially as problem complexity increased. Overall, the proposed tool achieved an average
completion time reduction of 35.70% across all DoK levels.

Table 10. Completion time comparison by DoK level.

DoK Level
Manual STACK Proposed Tool

Reduction p-Value Effect Size
Mean ± SD (min) Mean ± SD (min)

Basic 11.84 ± 1.45 9.36 ± 1.41 20.98% <0.025 1.73
Intermediate 22.56 ± 3.33 14.50 ± 1.88 35.71% <0.003 2.98

Advanced 37.40 ± 3.42 18.54 ± 2.72 50.42% <0.001 6.10

Overall 23.93 ± 2.73 14.13 ± 2.00 35.70% – –

5.7. Learning Object Review Instrument

To evaluate the pedagogical quality and usability of the generated STACK problems
from the teacher’s perspective, a domain-adapted modification of LORI was developed [56].
This instrument comprises 25 items organized across five dimensions: Relevance (Items 1–5),
Appropriateness (Items 6–10), Reliability (Items 11–15), Pedagogy Quality (Items 16–20), and Ac-
ceptability (Items 21–25). Each item is rated on a five-point Likert scale, where 1 represents
the lowest quality and 5 represents the highest quality [57]. Table 11 presents all 25 items of
the LORI instrument.

The Feasibility Score (FS) for each dimension and for the overall instrument is com-
puted by:

FS =
S̄

Smax
× 100%. (2)

where S̄ is the overall score across all teachers and items within the dimension, and Smax = 5
is the maximum possible item score. Before deployment, the instrument underwent content
validity assessment using the Scale-level Content Validity Index (S-CVI/Ave) and internal
reliability assessment using Cronbach’s Alpha, following established psychometric validation
procedures [58].
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Table 11. LORI instrument for STACK generation problem quality evaluation.

Dimension No. Item Statement

A—Relevance

1 The question accurately represents the requested topic and subtopic.
2 The question effectively measures the targeted learning objective.
3 The question covers the material with ideal depth, neither too shallow nor too complex.
4 The question respects students’ prerequisite knowledge and avoids untested assumptions.
5 The mathematical definitions and terminology used are academically accurate.

B—Appropriateness

6 The difficulty level is appropriate for the target student profile.
7 The numbers generated by the random variables are reasonable and meaningful.
8 The estimated time required to solve the question is realistic for an actual exam scenario.
9 The question is free from unnecessary information or confusing distractions.

10 The problem context is logical and relatable to students.

C—Reliability

11 The answer key and solution steps are free from mathematical errors.
12 The random variables are robust and do not cause errors, such as division by zero.
13 The XML code imports into the STACK question bank and runs seamlessly.

14 The question correctly handles input syntax, such as distinguishing between a syntax error
and a wrong answer.

15 The variable naming within the internal STACK code is clean and organized.

D—Pedagogical Quality

16 The question text is clear, unambiguous, and easy to understand.
17 The specific feedback provided for incorrect answers is educationally meaningful.
18 The full worked solution in the general feedback is structured logically and sequentially.

19 The question clearly instructs students on how to format their answer, such as rounding, units,
or variable names.

20 The language tone is natural, polite, and encouraging.

E—Acceptability

21 The question is ready for classroom use without further editing.
22 Using these drafts is more helpful than creating a question manually from scratch.
23 The question template has strong potential for repeated use in the future.
24 The code is easy to integrate into existing quizzes.
25 I have full confidence in the quality of the output generated by this tool.

5.8. Expert Evaluation

The expert evaluation assessed the quality of the generated STACK problems by
administering a validated LORI instrument to five university mathematics teachers who
directly reviewed the generated problems.

5.8.1. Instrument Validation, Teacher Profiles, and Procedure

Prior to the expert evaluation, the 25-item LORI instrument was validated in content
validity and internal reliability. Five expert reviewers independently assessed the relevance
of each instrument item using a four-point content validity scale [59].

The S-CVI/Ave was 0.912, confirming excellent content validity and strong expert
consensus that each item is highly relevant for assessing the quality of STACK-generated
problems. The consistency of the instrument was assessed using Cronbach’s Alpha, yielding
a value of 0.778 and indicating strong internal reliability and stable response patterns across
teachers [60,61].

Table 12 presents the profiles of the five expert teachers who participated in the
LORI assessment. All teachers were university mathematics teachers in Indonesian higher
education institutions with experiences involving STACK on . Each teacher reviewed a
representative sample of generated problems covering all three topics and three DoK levels
on a Moodle 5.1 test instance where the generated STACK problems had been imported,
allowing direct interaction with questions and grading behavior.
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Table 12. Teacher profiles in the LORI assessment.

Teacher Teaching Exp. Field of Expertise STACK
Proficiency (1–5)

T1 >5 years Applied Mathematics 3
T2 <5 years Linear Algebra 3
T3 <5 years Mathematical Modeling 3
T4 >5 years Operations Research 2
T5 <5 years Computational Mathematics 2

Note: STACK proficiency scale: 1 = beginner, 3 = intermediate, and 5 = expert. All teachers consented to participate
in this research.

The participating teachers were intentionally selected from users with limited prior
STACK proficiency because the proposed tool is designed to support teachers who are not
yet highly experienced in STACK question authoring. Therefore, the teacher evaluation in
this study primarily reflects the perspective of novice-to-intermediate STACK users.

Their responses were collected using an online form, after each teacher completed the
instrument immediately in their hands-on review session to minimize recall bias [62].

5.8.2. Expert Evaluation Results

Table 13 presents the LORI results across all five dimensions and five teachers.
The overall feasibility score of 82.1% confirms a satisfactory level of quality across all
evaluated dimensions, indicating that the generated STACK problems are suitable for
classroom use from the perspective of experienced mathematics teachers when using this
proposed tool approach.

The Relevance (80.0%) dimension received the lowest feasibility score, primarily due to
teacher ratings on the Item 3 and Item 4. This finding suggests that the RAG knowledge
base and DoK specification mechanisms should be further refined to more precisely align
with the assumed prerequisite background for each subtopic.

The Appropriateness (82.0%) and Reliability (82.4%) dimensions received comparable
scores, confirming that the DoK-guided generation produces problems with suitable diffi-
culty calibration and that the Maxima-validated outputs are mathematically correct and
functionally robust in the STACK environment.

The Pedagogy Quality (83.2%) dimension received the highest feasibility score, con-
firming that the generated problems exhibit appropriate language clarity, educationally
meaningful feedback messages, and logically structured worked solutions.

The Acceptability (83.0%) dimension received a high score, reflecting that teachers found
the generated problems highly useful for reducing authoring workload, suitable for reuse in
future assessments, and straightforward to integrate into existing quiz environments.

Table 13. LORI results by teachers.

Dimension LORI Score (/5) Feasibility Score (%)

A—Relevance 4.00 80.0
B—Appropriateness 4.10 82.0

C—Reliability 4.12 82.4
D—Pedagogy Quality 4.16 83.2

E—Acceptability 4.15 83.0

Overall 4.11 82.1

5.9. Teacher Attitude and Motivation Using STACK and AI-STACK

This section examines teachers’ attitudes and motivation toward STACK and AI-
assisted STACK problem authoring. It describes the adapted questionnaire, scoring proce-
dure, and descriptive acceptance results obtained from the participating teachers.
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5.9.1. Attitude and Motivation Questionnaire

Teachers’ attitudes and motivation were evaluated using a 5-point Likert questionnaire
adapted from the Teachers’ Acceptance of AI in Education (TAAI) instrument [63]. Table 14
presents the adapted questionnaire items, which are grouped into two dimensions: STACK
Usage and STACK-AI Acceptance. These dimensions were used to examine teachers’
perceptions of using STACK and their acceptance of AI-assisted STACK authoring.

Table 14. Questionnaire items adapted for teacher attitude and motivation toward STACK usage and
STACK-AI acceptance.

Dimension No. Item Statement

STACK Usage

1 I use or intend to use STACK to support mathematics assessment more actively.
2 I am motivated to use STACK because it can provide automatic grading and feedback for students.
3 I consider STACK useful for creating varied and reusable mathematics questions.
4 The technical complexity of STACK limits the intensity of my use in regular teaching.
5 I would use STACK more frequently if the authoring process became easier and faster.

STACK-AI Acceptance

6 I am interested in using Generative AI to support STACK problem authoring.
7 I am motivated to use this tool to generate STACK questions more actively.
8 I believe this tool can reduce the technical burden of STACK authoring.
9 I would consider using this tool regularly if CAS validation and teacher review are included.

10 I feel confident using AI-assisted STACK authoring when the generated problems can be verified
before classroom use.

The questionnaire was completed by five teachers with experience of using STACK and
the proposed tool. The responses were summarized using descriptive statistics, including
mean scores, agreement rates, and qualitative interpretations. The mean score for each item
was calculated using Equation (3) [63].

x̄j =
1
N

N

∑
i=1

xij, (3)

where x̄j is the mean score of item j, xij is the score given by teacher i, and N = 5 is the
number of participating teachers.

The agreement rate was defined as the percentage of teachers who selected 4 or 5,
representing agree and strongly agree responses. It was calculated using Equation (4) [63].

Agreement Ratej =
nj(x ≥ 4)

N
× 100%, (4)

where nj(x ≥ 4) is the number of teachers who selected 4 or 5 for item j. The qualitative
interpretation of teacher acceptance was derived from the mean score of each questionnaire
item, as summarized in Table 15.

Table 15. Interpretation criteria for teacher acceptance scores.

Mean Score Range Interpretation

1.00–1.80 Very low acceptance
1.81–2.60 Low acceptance
2.61–3.40 Moderate acceptance
3.41–4.20 High acceptance
4.21–5.00 Very high acceptance
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5.9.2. Teacher’s Acceptance Analysis

Table 16 presents the teacher acceptance results for STACK usage and STACK-AI
acceptance. The STACK Usage dimension had a mean score of 3.85 with a 76.8% agreement
rate, while the STACK-AI acceptance dimension had a higher mean score of 4.08 with
an 81.6% agreement rate. Both dimensions were interpreted as high acceptance. These
results suggest that the participating teachers were motivated to use STACK and positively
accepted AI-assisted STACK authoring when teacher review and validation were included
in the workflow.

Table 16. Descriptive results of teachers’ attitude and motivation toward STACK and STACK-AI use.

Dimension Mean Score Agreement (%) Interpretation

STACK Usage 3.84 76.8% High acceptance
STACK-AI Acceptance 4.08 81.6% High acceptance

5.10. Discussion

Measuring the generation success rate, completion time efficiency, and pedagogical
quality in an expert perspective are essential aspects of evaluating the feasibility of this
automated STACK problem generation tool, given the direct relationship between these
metrics and the practical utility of the tool for mathematics teachers. An interesting finding
in the evaluation results is the trade-off between DoK level and generation success rate.
While the proposed tool offers substantial time savings across all DoK levels, the success
rate decreases as problem complexity increases, reflecting the greater structural and al-
gebraic demands that Advanced problems impose on both the Generation Stage and the
Validation Stage.

The 79% overall success rate confirms that the RAG-guided generation and CAS vali-
dation process can reliably produce STACK-compatible problems in the majority of cases,
while the 21% failure rate at initial generation indicates that the regeneration mechanism
with Maxima diagnostic feedback is a necessary component of the workflow.

The completion time comparison shows a clear practical efficiency gain, with time
reduction rates of 20.98%, 35.71%, and 50.42% for Basic, Intermediate, and Advanced problems,
respectively. The increasing reduction rate across the DoK levels indicates that the benefit
of the proposed tool becomes more evident as the authoring task becomes more complex
and requires technical effort. However, this reduction reflects lower initial authoring
effort rather than full automation, because teachers must still review, refine, and check the
generated problems in STACK Moodle before assessment use.

The LORI feasibility score of 82.1%, combined with the instrument’s strong content
validity (S-CVI/Ave: 0.912) and internal reliability (α: 0.778), confirms that the proposed tool
delivers pedagogically sound outputs that are suitable for classroom deployment without
extensive manual post-editing.

Since the research in this paper is still at the preliminary stage, the current implemen-
tation covers the Calculus course across three topic areas and six subtopics. This targeted
scope allows a controlled and rigorous evaluation while providing a validated foundation
for extension to additional courses and topics. The relatively lower XML Specificity score
(0.40), together with the Relevance dimension’s comparatively lower LORI score, points
to clear directions for improvement: enriching PRT feedback content generation through
stronger pedagogical grounding in the RAG corpus, expanding retrieval coverage for topic-
specific exemplars, and refining DoK-level prerequisite in the generation prompts to better
constrain the assumed prior knowledge scope.

However, the number of participated teachers was small, and most of them had only
novice-to-intermediate experience in STACK problem authoring. Therefore, the findings
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may not fully generalize to teachers with more advanced STACK proficiency. Future work
should involve a larger and more representative teacher group.

6. Ablation Study
The ablation study evaluates how component-level configurations influence the pro-

posed tool. The three selected components represent key controllable parts of the workflow:
retrieval quality, teacher additional requirements, and DoK-based cognitive guidance.
For each configuration, 90 problems were generated using the same problem specification
to ensure a consistent comparison across all components.

The retrieval and reranking configurations compare how many retrieved STACK XML
templates are used as generation references after similarity ranking, where the top-1, top-3,
and top-5 reranking configurations refer to the number of highest-ranked STACK XML
templates retrieved and provided to the LLM as reference examples. For additional require-
ments to teachers, the configurations compare three conditions in the Optional Requirements
field: no additional requirements means that the field was left empty, mixed additional re-
quirements means that the field contained selected teacher such as mathematical structure,
parameter constraints, feedback direction, or answer format, and detailed pedagogical re-
quirements means that the field contained more complete instructional constraints. For DoK
prompt specification, default guidance means that the prompt used only the selected DoK
level, moderate guidance means that the prompt included a brief description of the ex-
pected cognitive demand, and comprehensive guidance means that the prompt included
explicit DoK-level criteria for guiding the generated problem.

Table 17 presents the component-level results of the selected configurations, with the
overall score calculated from RAG-Answer Relevance, RAG-Answer Correctness, DoK
Alignment, and CAS Validity. For the embedding model and reranking component, all-
MiniLM-L6-v2 with reranking top-3 achieved the highest overall score of 0.76, indicating
that using the three highest-ranked retrieved templates produced the best result in this
configuration set. For additional requirements to teachers, detailed pedagogical require-
ments achieved the highest overall score of 0.81, while mixed additional requirements were
marked as the selected configuration because they better represent practical teacher input,
which can vary in detail and structure. For DoK prompt specification, comprehensive DoK
prompt guidance achieved the highest overall score of 0.76, indicating that more explicit
DoK guidance improved the overall generation performance.

Table 17. Component-level performance results for selected configurations of the proposed tool.

Components Configuration RAG-Answer
Relevance

RAG-Answer
Correctness

DoK
Alignment

CAS
Validity Overall

Embedding model
and reranking

all-MiniLM-L6-v2 + reranking top-3 * 0.74 0.65 0.82 0.84 0.76

all-MiniLM-L6-v2 + reranking top-5 0.83 0.56 0.76 0.73 0.72

all-MiniLM-L6-v2 + reranking top-1 0.55 0.42 0.62 0.58 0.54

Teacher additional
requirements and
specification

Detailed pedagogical requirements 0.86 0.73 0.89 0.77 0.81

Mixed additional requirements * 0.74 0.65 0.82 0.84 0.76

No additional requirements 0.54 0.45 0.64 0.69 0.58

DoK prompt
specification

Comprehensive DoK prompt guidance * 0.74 0.65 0.82 0.84 0.76

Moderate DoK prompt guidance 0.69 0.57 0.72 0.78 0.69

Default DoK prompt guidance 0.61 0.48 0.54 0.70 0.58
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7. Conclusions
This paper proposed a STACK mathematics problem generation tool using Generative

AI by integrating RAG-guided generation, DoK-based problem specification, Maxima-based
CAS validation, and Jinja2-based XML rendering. The evaluation results showed that the
proposed tool can generate STACK-compatible calculus problems with a satisfactory import
success rate, particularly for lower and intermediate difficulty levels, while higher DoK
problems still require more robust validation due to their greater algebraic and grading
complexity. The completion time comparison with the manual generation indicated that the
tool can reduce the authoring workload of mathematics teachers, with the strongest benefit
observed in more complex problem authoring scenarios. In addition, the expert evaluation
using the LORI instrument confirmed that the generated problems were pedagogically
acceptable, practically useful, and suitable as reusable drafts for classroom assessment.
Since this work is preliminary and limited to calculus topics, our future work will focus on
enriching the RAG corpus, improving PRT feedback specificity, strengthening the Maxima-
based regeneration mechanism, and extending the evaluation to broader mathematics
courses and teacher populations.
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