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Abstract

This study compares LLM pipelines for au-
tomated exercise generation in higher educa-
tion. We empirically compare two context
preparation methods (Sliding Window vs. Con-
cept Extraction) in combination with two in-
structional frameworks (Bloom’s Revised Tax-
onomy vs. Webb’s Depth of Knowledge).
Through a mixed-methods evaluation with 21
university course coordinators, we find that
Concept Extraction combined with Webb’s
Depth of Knowledge yields the highest ped-
agogical quality, especially for technical dis-
ciplines. While human oversight remains nec-
essary to mitigate out-of-scope hallucinations,
these pipelines serve as efficient drafting en-
gines for scalable, high-quality academic as-
sessments.

1 Introduction

Assessing student comprehension is a resource-
intensive bottleneck in higher education, where
manual exercise generation limits the availability of
personalized materials (U.S. Department of Educa-
tion and Office of Educational Technology, 2023).
While Large Language Models (LLMs) offer scala-
bility, their integration into domain-specific work-
flows requires addressing inherent limitations in
factual grounding and didactic depth (Bantsevich
et al., 2023). Furthermore, existing solutions fre-
quently require pre-structured data (e.g., XML),
struggling with the unstructured PDFs and slides
common in university environments (Nguyen et al.,
2022).

To bridge the gap between automated process-
ing and didactic validity, this study compares LLM
pipelines for transforming unstructured course ma-
terials into open-ended exercises. We empirically
compare two context preparation methods (Sliding
Window vs. Concept Extraction) and two instruc-
tional frameworks: Bloom’s Revised Taxonomy
(Anderson, 2009) and Webb’s Depth of Knowledge
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(Webb, 2002). Through expert evaluations with
21 university course coordinators, we identify the
most pedagogically robust configuration for higher
education.

2 Related Work

The automation of educational assessments in-
volves three distinct challenges: technical genera-
tion, context processing, and pedagogical steering.

2.1 Automated Exercise Generation

Early automated question generation relied heav-
ily on rule-based Natural Language Processing
(NLP) or LSTM networks (Hochreiter and Schmid-
huber, 1997) to produce Multiple Choice Questions
(MCQs) and fill-in-the-blank exercises (Killawala,
Khokhlov, and Reznik, 2018; Ch and Saha, 2020,
2023). While efficient, these formats frequently
fail to assess higher-order cognitive skills, as se-
lecting predefined options primarily tests recog-
nition rather than the synthesis or evaluation of
novel structures (Stanger-Hall and Chudler, 2012).
The advent of Large Language Models (LLMs) en-
abled the generation of complex, open-ended tasks.
However, current pipelines often require intensive
manual curation per question (Lee et al., 2024) or
expensive fine-tuning (Duong-Trung et al., 2024) to
maintain didactic validity, limiting their scalability.

2.2 Context Preparation

Processing unstructured academic documents with-
out losing semantic integrity remains a bottleneck.
While static sliding windows are computationally
cheap, they risk fragmentation. Recent Retrieval-
Augmented Generation (RAG) architectures have
successfully reduced professional workloads by
80% in specialized domains like medicine through
hybrid vector search (An et al., 2025). Similarly,
Noorbakhsh et al. (2025) used concept extraction
for MCQs. However, the efficacy of these meth-
ods for generating deep, open-ended questions that
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preserve a document’s narrative arc remains under-
explored.

Beyond traditional RAG, recent advancements in
document-to-dialogue transformation, such as Dia-
logue Inpainting (Dai et al., 2022) and Book2Dial
(Wang et al., 2024), demonstrate the efficacy of
using LL.Ms to synthesize structured educational
interactions from textbooks. While our pipeline
is non-conversational, it shares the core challenge
of these methods: maintaining semantic grounded-
ness when transforming unstructured content into
pedagogically useful formats. We extend this line
of inquiry by focusing specifically on cognitive
complexity frameworks (Webb vs. Bloom) rather
than conversational flow.

2.3 Cognitive Frameworks in LLMs

To steer LLM outputs pedagogically, researchers
predominantly rely on Bloom’s Taxonomy (Maity,
Deroy, and Sarkar, 2025; Scaria, Dharani Chenna,
and Subramani, 2024). However, Bloom’s focus
on cognitive verbs (e.g., "Understand" vs. "Ap-
ply") can lead to inconsistent difficulty calibration
in automated pipelines. Webb’s Depth of Knowl-
edge (DOK), which categorizes tasks by cognitive
complexity rather than verbs, has shown theoretical
promise for technical LLM prompting (Yu et al.,
2025). Yet, it lacks a direct empirical comparison
against Bloom’s Taxonomy within an automated,
open-ended generation pipeline.

3 Methodology

We developed four automated question-generation
pipelines to evaluate two primary variables: context
preparation and cognitive framework. The system
processes unstructured course materials to gener-
ate open-ended exercises, while ensuring didactic
quality (Figure 1).

3.1 Pipeline Architecture

Documents (PDF, DOCX, PPTX) are summarized
and converted to Markdown via pymupdf4llm
(GNU AGPL-3.0) and segmented into 1500-
character chunks with 100-character overlap us-
ing recursive chunking. All LLM tasks, including
summarization, concept extraction, and question
generation, utilize GPT-5-mini (OpenAl, 2025) due
to its cost-efficiency. We compare two methods:

Sliding Window. Provides the target chunk plus
three preceding and three succeeding chunks to the
LLM.
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Figure 1: End-to-end implementation flowchart illustrat-
ing the parallel Sliding Window and Concept Extraction
architectures, tracking the transformation of raw course
material into structured JSON output.

Concept Extraction (RAG). The LLM extracts
up to three concepts per chunk using a concept
extraction prompt (Appendix A). It uses Qwen3-
Embedding-0.6B model (Zhang et al., 2025) to cal-
culate vector representations and retrieves the three
most relevant chunks for each concept via cosine
similarity: sim(A,B) = (A - B)/(||A]|||B]|)-

3.2 Cognitive Frameworks & Generation

We map Bloom and Webb levels to four difficulty
tiers from 1 (simple) to 4 (complex), based on Hess’
Cognitive Rigor Matrix (Hess et al., 2009), result-
ing in four configurations (Table 1).

Bloom Webb

Sliding Window Pipeline 1  Pipeline 2
Concept Extraction Pipeline 3 Pipeline 4

Table 1: Evaluated Pipeline Combinations

The system prompt aligns specific verbs and task
structures based on the Bloom and Webb levels.



To maximize output quality, the system prompt
(Appendix B) also incorporates:

Single-Pass Generation with Chain-of-Thought.
The model receives a "planning step"” instruction,
forcing it to outline how each cognitive level will
be addressed before generating the final questions.

Few-Shot Learning. Three diverse examples and
two negative examples are provided to stabilize
the output structure (e.g., JSON formats). Positive
examples span diverse disciplines (statistics, biol-
ogy, history), while negative examples demonstrate
handling non-testable content (table of contents,
boilerplate).

Didactic Constraints. Instructions require the
use of active voice, concrete language, and real-
istic scenarios to align with authentic assessment
principles (Villarroel, Bloxham, Bruna, Bruna, and
Herrera-Seda, 2018; Morrison, Ross, Morrison,
and Kalman, 2019).

To maintain low operational costs, we imple-
mented prompt caching for repeated prefix tokens,
significantly reducing input expenses for large doc-
ument batches.

3.3 Evaluation Design

A mixed-methods approach was used to validate
the pipelines. The technical evaluation tracked pro-
cessing time and token usage (cost) per generated
set.

For the qualitative evaluation, we conducted a
survey with 21 educational course coordinators (ex-
perts) across seven engineering and science insti-
tutes at the Lucerne University of Applied Sciences
and Arts (HSLU). Each expert reviewed 20 gener-
ated questions based on their own course materials,
covering all six levels of Bloom’s Taxonomy and
all four levels of Webb’s DOK across the parallel
architectures.

To prevent bias, the pipelines were blinded and
randomized for each difficulty level. Participants
ranked the output from 1 (best suited) to 4 (least
suited). The data was analyzed using a pairwise
win-rate method to handle ties, supplemented by
qualitative feedback synthesized via Gioia’s Data
Structure to assess linguistic clarity and practical
utility (Gioia et al., 2013). Additionally, the suit-
ability of the extracted concepts and the usability
of the generated questions were rated on a scale
from 1 (unfit or disapproval) to 5 (fit or approval).
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4 Results

We analyzed 84 question sets across 21 courses and
4 configurations to evaluate operational efficiency
and pedagogical quality.

4.1 Operational Efficiency: Time and Cost

The Sliding Window approach is significantly
faster, completing a question set in an average of
232 seconds, compared to 399 seconds for Concept
Extraction.

Generating a complete question set costs an av-
erage of $0.045 using the Sliding Window method
and $0.053 with Concept Extraction. Because the
initial document markdown conversion and sum-
mary generation are one-time operations, subse-
quent question sets from the same document drop
to approximately $0.04. The choice of cognitive
framework did not affect time or cost significantly.

While high-cost reasoning and output tokens ac-
counted for 80% of the total expense, cached input
tokens represented 31% of the total token volume
but only 4% of the input cost, effectively reducing
initial input expenses by 27%.

4.2 Quantitative Survey Results

The pairwise win-rate analysis of the 21 educa-
tional course coordinators’ rankings identified pref-
erences regarding both variables.

Cognitive Frameworks. Webb’s DOK outper-
formed Bloom’s Revised Taxonomy by a 6% mar-
gin overall. Bloom’s Taxonomy suffered from
inconsistent difficulty calibration, particularly be-
tween the "Understand" and "Apply" levels, mak-
ing Webb’s DOK the more reliable instruction set
for the LLM.

Context Preparation. Concept Extraction was
favored over the Sliding Window approach by a 2%
margin overall. However, this preference widened
significantly for higher-difficulty questions and
technical or mathematics-focused subjects. This in-
dicates that while the Sliding Window is sufficient
for general subjects, the targeted structural depth
of Concept Extraction is necessary for complex dis-
ciplines. Figure 2 (left) shows, when evaluated as
complete units, Concept Extraction combined with
Webb’s DOK emerged as the superior configura-
tion.

Usability. The underlying technology was highly
rated, with extracted concepts scoring 4.18 out of 5
for suitability. However, practical classroom adop-
tion hinges on the evaluation process. Lecturers
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Figure 2: (Left) Pairwise win-rates across difficulty levels (1: simple, 4: complex), showing the dominance of
Concept Extraction with Webb’s DOK (CE+Webb). (Right) Lecturer usability ratings (1: unfit/disapproval, 5:

fit/approval) for automated vs. manual evaluation.

reported a high willingness to use the generated
questions if paired with human-equivalent auto-
mated grading (3.73/5). If manual grading is re-
quired, usability drops significantly (3.30/5), with
mathematics coordinators explicitly leaning toward
non-adoption. The histograms are shown in Fig-
ure 2 on the right.

4.3 Qualitative Insights

A thematic synthesis of coordinator feedback re-
vealed four core constraints:

Content Alignment and Scope Accuracy. Mod-
els "hallucinated" external concepts or prioritized
peripheral examples over core lecture boundaries.
Technical courses specifically lacked necessary
quantitative calculation tasks.

Linguistic and Structural Logic. Participants
noted issues with internal consistency, citing am-
biguous prompts and "self-answering" questions.
They strictly distinguished between genuine cogni-
tive difficulty and mere textual complexity.

Pedagogical Appropriateness and Difficulty Cal-
ibration. Rankings were sometimes perceived as
inconsistent or inverted relative to student semester
levels. The system excelled at basic reproduction
but often required manual intervention for higher-
order transfer tasks.

Practical Utility, Acceptance, and Integration.
The tool is viewed as a drafting engine rather than
an autonomous examiner. High acceptance is con-
tingent on a workflow where educators manually
filter and adapt the output.

5 Discussion and Conclusion

Our findings establish that Concept Extraction com-
bined with Webb’s Depth of Knowledge (Pipeline
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4) yields the highest pedagogical quality, particu-
larly for technical disciplines.

5.1 Didactic and Technical Implications

A major contribution of this work is the empirical
comparison between cognitive frameworks. While
previous research heavily relies on Bloom’s Tax-
onomy, our results indicate that Webb’s DOK is
more effective for LLM instruction. Bloom’s cog-
nitive processes (e.g., "Understand" vs. "Apply")
have overlapping difficulty curves that confuse the
LLM, leading to inconsistent outputs. Conversely,
Webb’s focus on task complexity provides clearer
constraints for generation.

Technically, the study proves that processing un-
structured documents (PDFs, DOCX) does not re-
quire computationally expensive machine-learning
segmentation. Rule-based recursive chunking,
paired with concept extraction, provides sufficient
semantic context. Furthermore, by utilizing prompt
caching with GPT-5-mini, the pipeline achieves an
operating cost of roughly $0.05 for the first ques-
tion set.

5.2 Limitations and Domain Friction

Despite these successes, qualitative feedback re-
vealed clear domain-specific limitations. We identi-
fied a distinct friction between the LLM’s inherent
"Scientific Logic" (linear causality) and the "De-
sign Logic" (associative, non-linear thinking) re-
quired in creative disciplines.

Furthermore, the current text-only ingestion
model severely limits utility in mathematics and
engineering, where visual data (diagrams, technical
drawings) carries critical meaning. Finally, while
the LLM successfully generated complex questions,



it frequently exhibited "focus misalignment," hallu-
cinating factually correct external information that
fell outside the specific boundaries of the course’s
learning objectives.

Additionally, we acknowledge that the qualita-
tive rankings assigned to the outputs remain inher-
ently subjective and reflect specific expert perspec-
tives. Future work should incorporate controlled
ablation studies to isolate the impact of individual
pipeline components, as well as cross-lecturer eval-
uations to establish inter-rater reliability. Further-
more, while effective, the RAG workflow requires
further refinement to strictly bound context and
mitigate hallucinated content.

5.3 Conclusion

Modern Large Language Models function as highly
effective drafting engines, drastically reducing the
time required to overcome "writer’s block" when
designing university assessments. However, they
are not yet capable of fully autonomous, exam-
ready generation.

The integration of automated question genera-
tion shifts the educator’s role from content creator
to curator. A "human-in-the-loop" workflow re-
mains strictly necessary to verify content bounds,
filter hallucinations, and adapt the cognitive logic to
specific disciplines. Future research should priori-
tize the integration of Multimodal LLMs to process
visual lecture data and explore interactive interfaces
that allow instructors to enforce specific constraints,
such as calculation-only tasks, in real-time.
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A Concept Extraction System Prompt

Below is the complete system prompt utilized for the Concept Extraction (Pipeline 3 and Pipeline 4).

System Prompt: Concept Extraction

Role: You are a precise concept extractor for higher-education assessment design.
Goal: From a single document *chunk* and the document’s overall *topic* and *summary*, return up to 3 short,
domain-specific concepts that are actually explained in the chunk. Output ONLY a list of strings.

Inputs you will receive

* topic: overall document topic

* summary: brief outline of the whole document
* chunk: the passage to analyze

Output
* EXACTLY one list of strings (e.g., ["term A","term B"]). No prose, no keys, no trailing text.
* If no suitable concepts: ["no concepts found"].

Selection rules

1. Relevance to topic: choose concepts that fit the overall topic/summary.

2. Grounding in the chunk: the concept must be *explained/addressed* in the chunk (definition, properties, mechanism,
role). If merely named/passed in passing — exclude.

3. Specificity: exclude generic terms that could belong to many fields (e.g., "model”, "system", "process", "data",
"method").

4. Ambiguity: avoid ambiguous one-word terms. Add a minimal qualifier to disambiguate (e.g., "financial bank" vs
"river bank"). Use qualifiers already present or clearly implied by topic/summary/chunk.

5. Language: concepts must be in the SAME language as the chunk.

6. Length: each concept < 3 words (1-2 words). Hyphenated counts as one word (e.g., "cap-and-trade").

7. Deduplicate: remove duplicates and near-duplicates (e.g., singular/plural, trivial adjective variants).

8. Max 3: if more than 3 candidates, pick the best 3 by: (a) explained depth in chunk, (b) specificity, (c) alignment with
topic.

Exclusions

* Boilerplate (licensing, acknowledgements, bio, parser artifacts, navigation).

* Concepts not relevant to the overall topic.

* Vague/generic or purely functional words (e.g., “introduction”, “overview”, “results”).
* Items requiring external knowledge not supported by the chunk.

Edge cases

* If the chunk is boilerplate OR lacks relevant/explained concepts — return ["no concepts found"].

* If only numbers, references, figure captions without explanation — ["no concepts found"].

Disambiguation heuristic (when needed): If a candidate term is plausibly polysemous across domains, prepend the
minimal domain qualifier naturally present in topic/summary/chunk (e.g., "enzyme kinetics" — "Michaelis—Menten"
ok; "bank" under finance — "financial bank").

Formatting: Return ONLY the list. No backticks, no commentary.

Disambiguation heuristic (when needed): Before returning the list, **pause and evaluate** each candidate concept:

* Is it *too generic* or transferable to many unrelated fields? — Remove.

* Can it reasonably support **higher-order assessment tasks** (e.g., Bloom’s *Create* or Webb’s *Level 4*) such as
designing, critiquing, integrating, or evaluating within its domain?

* Is it clearly *domain-specific* (understood only within this field)?

* If a concept fails any of these checks, exclude it or replace it with a more specific one mentioned in the chunk.

* If no valid concepts remain after this check — ["no concepts found"].

Examples

Chunk:

Both instruments price carbon but differ in control variable. A carbon tax fixes price per ton (t); emissions float, giving

cost certainty and simpler administration. Cap-and-trade fixes a total emissions cap (Q); price floats via allowance

markets, giving quantity certainty aligned to a target. Design choices matter: coverage scope, point of regulation

(upstream fuel suppliers vs downstream emitters), revenue use (rebates/dividends to address regressivity), leakage

safeguards (border adjustments), and volatility controls (price floors/ceilings, banking/borrowing). With uncertain

abatement costs, taxes minimize cost variance; with steep damage curves, caps better ensure quantity. Hybrid designs

(cap with price collar) blend both. Ethical evaluation considers intergenerational equity, distributional impacts on

low-income households, and global fairness.

OUTPUT:
["carbon tax", "cap-and-trade", "emissions cap"]

Chunk:

A mitochondrion is a small structure inside a cell that produces the energy the cell needs to live and grow. It has
two layers that surround it, and the inner layer is folded to make space for many reactions. Inside, food is gradually
broken down, and energy is stored in special molecules the cell can use later. Each mitochondrion has a small amount
of its own material for making some of its parts. Cells that need much energy contain many of these structures. If
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mitochondria stop working well, the cell receives less energy and may not function properly.

OUTPUT:
["mitochondrion"]

Chunk:

All rights reserved. © 2023 Academic Press. This digital version is provided for personal study use only. Redistribution,
reproduction, or posting to public servers is prohibited without written permission from the publisher. Downloaded
from www.academic-ebooks.com on 14 Oct 2024, 09:32 UTC.

OUTPUT:
["no concepts found"]

\. J

B Webb’s DOK System Prompt

Below is the complete system prompt utilized for the Webb’s Depth of Knowledge pipelines (Pipeline 2
and Pipeline 4).

System Prompt: Webb’s DOK

Role: You are an experienced higher-education instructor generating assessment questions from course material snippets.

Inputs you will receive

* A summary of the overall topic and outline.

* Multiple chunks of markdown text as context.

* One focus chunk/concept: you must base all questions on this chunk/concept.
* A chosen framework: Webb’s Depth of Knowledge

DOK 1 — Recall & Reproduction

 Intent: Retrieve/perform exactly what’s stated; no transformation.

* Design rules: Ask for facts, simple procedures, or one-step algorithms present in the context. No reasoning, no “why,”
no multi-step decisions.

e Stems: “Define...”, “List...”, “Identify...”, “Compute . ..using the formula shown...”, “Label...”, “Recall...”

* Answer: Single fact, term, or one-step calculation copied/applied directly from the context.

DOK 2 — Skills & Concepts

* Intent: Make a basic decision, organize, or explain relationships; 2-3 steps.

* Design rules: Require selection of a method, classification, simple inference, or summarization from the context.
Limited reasoning across a small set of ideas; still routine and well-defined.

* Stems: “Classify ...according to ...”, “Summarize...”, “Organize the data from the text into ...”, “Explain the
difference between ...and ...”, “Select the appropriate procedure and show steps.”

* Answer: Short explanation, table, or multi-step working showing method choice and result grounded in the text.

DOK 3 — Strategic Thinking

* Intent: Justify choices, analyze multiple possibilities, or solve non-routine problems.

* Design rules: Provide an open-ended task with more than one plausible approach; require justification with textual
evidence or data. Ask for reasoning about assumptions, trade-offs, or cause-effect chains.

» Stems: “Given constraints X, which approach is best and why?”, “Develop and justify a solution strategy for...”,
“Analyze how A influences B and defend your reasoning.”, “Critique the argument using evidence from the passage.”

* Answer: Reasoned argument or solution path + evidence from the context; may include calculations/diagrams, but
scoring hinges on justification.

DOK 4 — Extended Thinking

* Intent: Synthesize across sources/time; design, investigate, or evaluate over multiple steps with iteration.

* Design rules: Require planning, integrating multiple parts of the context (or provided datasets), and reflecting on
limitations. Deliverable is a product/study/model with criteria and evaluation.

» Stems: “Design and justify a comprehensive plan/model that ... (include criteria, constraints, and evaluation).”,
“Conduct an investigation using the provided materials: plan, execute, analyze, and conclude.”, “Propose and defend a
multi-phase solution; discuss risks and validation.”

* Answer: Coherent artifact/plan/report showing integration, execution steps, results, and reflection on validity/limits—
explicitly tied to the provided materials.

Workflow
1. Screen the focus chunk for suitability. If it is not useful for question generation, output:

{"content”:"not suitable content”}

Treat the focus chunk as not useful if it consists primarily of any of the following categories:

» Licensing or legal boilerplate.

* Instructor bio or administrivia (office hours, contact info, schedules, grading rules, policies).

» Navigation or parser artifacts (HTML leftovers, markup fragments, irrelevant metadata).

* Table of contents, headings-only outlines, or section-title lists without explanations.

¢ Learning objectives or intended learning outcomes that state what students should be able to do but do not
actually explain concepts, definitions, processes, or examples.
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» Course descriptions and logistics rather than subject matter.

* Empty or near-empty text.

Proceed only if the focus chunk contains at least one of these:

* A definition of a concept or term.

* An explanation of a mechanism, process, or relationship.

* A worked example or concrete scenario.

* A formula, algorithm, or procedure.

» Explicit factual statements that the learner must know.

If none are present, you must return: {"content”:"not suitable content”}

2. Plan integration. Draft a concrete plan that maps each framework level to an appropriate question type grounded in
the focus chunk. All questions must be based on the same thing, even if there are multiple so select from in the focus
chunk.

3. Validate the plan. Ensure each planned question genuinely exercises the intended task complexity for its level. If
any mismatch, revise the plan before generating.

4. Generate exactly one question and its answer for each framework level, in a single pass, all based on the focus
chunk while being consistent with the broader summary/outline and without referencing the provided material, as
students will not have access to it.

Guidelines

* Language: Use the same language as the provided chunks.

* Self-containedness: Each question must be fully answerable on its own. Assume students do not have access to the
original course material; include all context or data necessary to understand and answer the question directly.

» Context integration: Incorporate the relevant context from the provided text when it supports the question’s intent.
If the original context is too narrow, abstract, or unsuitable, create a new but plausible context that preserves the same
core concept or principle.

» Realism: Place the student in a plausible context that requires decisions and judgment.

» Contextualization: Apply knowledge thoughtfully, but avoid excessive narrative that obscures transferable principles.

* Problematization: Give a purpose beyond classroom settings (e.g., client, employer, colleague needs).

* Prefer concrete over abstract wording to aid visualization.

» Use active voice and directly address the learner with “you/your.”

» Keep terminology consistent across levels.

* Do not reference any external artefacts such as lists, tables, figures, diagrams, headings, or sections unless they are
fully reproduced inside the question. Avoid phrases like “wie in der Liste angegeben” or “gemiss der Tabelle”. If
specific items are needed, include them explicitly in the question or phrase the question so that no external artefact is
required.

* If you reference facts that need support, incorporate them only if they are evident from the provided materials;
otherwise avoid unverifiable claims.

* Do not treat learning objectives, TOC entries, or course-logistics text as subject matter. If the focus chunk
contains only these meta elements and no actual concepts, definitions, explanations, examples, or procedures,
return {"content”:"not suitable content"”}.

* Independence: Each question must stand alone. Do not reference any other question, answer, level, or previously
stated scenario. Provide all required context within the question itself.

Output format
* Output a single valid JSON object (double quotes for all keys and strings, replace line breaks inside strings with “\n”).
No explanations, no code fences, no extra text.
e Primary schema (hierarchy: content — level — question/answer):
{
"content"”: {
"DOK 1": { "question": "string"”, "answer”: "string"” 3},
"DOK 2": { "question”: "string", "answer”: "string" }
/* ... continue for all levels, ordered low to high =%/

3
}

Quality checks before finalizing

* Each question is answerable from the focus chunk/concept (use the summary/outline only for alignment and
phrasing, not for introducing new facts).

Each question clearly targets its level’s requirement.

The provided text is not directly referenced (no mentions such as “in the text,
described above”), since students will not see the original material.

The context is coherent and self-sufficient — it either draws naturally from the provided text or introduces a new,
plausible scenario that preserves the same underlying concept.

Confirm that the focus chunk contained substantive subject matter (definitions, explanations, examples, proce-
dures, or factual content). If the focus chunk contains only learning objectives, TOC entries, administrative
text, or other meta material, the output must be {"content”:"not suitable content”} instead of questions.
Confirm that no question depends on information introduced in another question or answer. Each item must be
fully solvable in isolation with all necessary data contained in that one prompt.

99 ¢

according to the passage,” or “as

Examples
1. Introductory Statistics — A/B Testing with Difference in Proportions
In online experiments, we often compare conversion in variant B vs control A. Let p4 and pp be true conversion rates;
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estimates are pa = xa/na, pp = zB/np. The effect size is the risk difference A = pp — pa. Under large samples,

SE(A) = \/ﬁA(l —Pa) | P5(l~Ps)

na np

A 95% Clis A +1.96 - SE(A). For hypothesis testing Ho : pa = pp, use a pooledrate p = (x4 + xzB)/(na +ns)
and
. R 1 1
SEO = p(l *p) (7 ol 7)
na np

Then z = A/SEy. Report effect size, uncertainty (CI), and practical significance (e.g., expected revenue lift), not
just p-values. Guard against peeking (inflated Type I error), unequal sample ratios, and seasonality; pre-register the stop
rule and success metric.

"content": {

"DOK 1": {
"question”: "Define the risk dlfference Delta between variant B and control A using sample conversion
rates x_A/n_A and x_B/n_B.
"answer”: "Delta = (x_B/n_B) - (x A/n_A).
3},
"DOK 2": {
"question”: "You run an A/B test with A: x_A=500, n_A=10,000 and B x_B=560, n_B=10,000. Compute the 95%
confidence interval for the risk difference. Show your steps.
"answer": "p_hat_A=500/10,000=0.050; p_hat_B=560/10,000=0.056; Delta 0. 056 0.050=0.006. SE(Delta)
=0.003168. 95% CI: 0.006 +/- 1.96%0.003168 => (-0.00021, 0.01221).
3},
"DOK 3": {
"question”: "A product manager asks whether B beats A at alpha=0.05. Choose the appropriate 51gn1f1cance
test for H_0: p_A=p_B and justify your choice. Compute the test statistic and decision.
"answer”: "Use the pooled two-proportion z-test because H_0 assumes equal rates. p_hat=0.053. SE_@

=0.0031683. z=0.006/0.0031683 ~ 1.89 => two-sided p ~ 0.058. Decision at alpha=0.05: fail to reject
H_0."

3},
"DOK 4": {
"question”: "Design and justify a plan that: (1) defines the success metric, (2) prevents peek1ng, (3)
handles sample ratio and seasonality risks, and (4) specifies how you w111 report results.
"answer”: "Plan: (1) Metric: risk difference Delta. (2) Peeking: fixed-horizon stop rule. (3) Target 1:1

allocation; run over full weekly cycles. (4) Estlmate Delta and 95% CI; test H_@ using pooled p_hat;
report Delta, CI, p-value, and expected 1lift

)
i
}
2. Cell Biology — Michaelis-Menten Enzyme Kinetics
Many enzymes obey v = ‘I?"m“i_’ﬁ[[g Vimae 1s the maximal rate when active sites are saturated; K, is the substrate

concentration at half-maximal rate and reflects apparent affinity. At [S] < K, rate is first-order (v ~ V;g;’ [1SD;
at [S] > K, zero-order (v & Vimaz). Competitive inhibitors raise the apparent K,,, without changing Vimaz;
noncompetitive lower V,,q. without changing K,,. Turnover number kcat = Vimaa/[E]r; catalytic efficiency
kcat/Km compares enzymes near diffusion limits. Avoid overinterpreting Lineweaver—Burk (1/v vs 1/[S]) due to
error magnification; use nonlinear regression for parameter estimation.

{
"content”: {
"DOK 1": {
questlon "Define K_m in Michaelis-Menten kinetics.
"answer": ”K _m is the substrate concentration at Wthh the reaction rate v equals one-half of V_max.
3},
"DOK 2": {
"question”: "You study an enzyme with V_max = 120 uM/min and K_m = 30 uM. Compute the approximate rate
and 1dent1fy the kinetic order for (a) [S] = 3 uM and (b) [S] = 300 uM.
"answer”: "(a) [S] << K_m -> v ~ (V_max/K_m)[S] = (120/30)*3 = 12 uM/min; Flrst order. (b) [S] >> K_m ->
v ~ V_max = 120 uM/min; zero-order.”
3},
"DOK 3": {
"question”: "An enzyme has V_max=100 and K_m=20. A noncompetitive inhibitor halves V_max to 50 with K_m
unchanged. At [S]1=200, which choice yields the largest 1ncrease in rate: (A) increase [S] fivefold,
(B) double [E]_T, or (C) add a competitive inhibitor? Justify.
"answer": "Choose (B) double [E]J_T. With [S] >> K_m, v ~ V_max. Noncompetltlve inhibition lowers V_max,
so raising [S] (A) has negligible effect. Increasing [E]_T restores V_max. Adding a competitive
inhibitor (C) raises K_m without changing V_max, which does not help at high [S].”
3},
"DOK 4": {
"question”: "Design and Justlfy a plan to estimate V_max, K_m, and catalytic efficiency (k_cat/K_m) for
an enzyme +/- inhibitor.
"answer”: "Plan: (1) Collect 1n1t1al rate data v at >=8 substrate concentrations. (2) Fit v = (V_max[S])
/(K_m + [S]) by nonlinear regr9551on (3) Compute k_cat = V_max/[E]_T. (4) Diagnose inhibitor type.
(5) Validate with residual plots.
}
i
3

3. Negative Examples (Filtering Unsuitable Content)

Input (Copyright/Legal): All rights reserved. ©2023 Academic Press. This digital version is provided for personal study
use only. Redistribution, reproduction, or posting to public servers is prohibited without written permission from the
publisher.

{"content not suitable content”}

Input (Logistics): Welcome to Introduction to Organizational Behavior (BUS 201). I'm Dr. Jane Smith, and this semester
we’ll explore how individuals and groups interact within organizations. Please note that attendance is mandatory for all
workshops.

{"content not suitable content”}
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C Concept Extraction + Webb’s DOK Example Output

The input document outlined a higher-education course on Supply Chain Management (SCM) focusing on
planning horizons, demand forecasting methods, and capacity management. It details technical execution
processes including Sales and Operations Planning (S&OP), Bill of Materials (BoM) explosion, and the
algorithmic logic of Material Requirements Planning (MRP). Full input examples are left out due to
length. The following output is based on one extracted concept from the document:

Example Output: CE + Webb’s DOK

DOK 1 Define Sales & Operations Planning (S&OP) in one sentence. Your definition should state who devel-
oped it, its primary purpose, the typical planning horizon, how often it is reviewed, and what it aligns operational plans to.

DOK 2 Organize the following activities into the S&OP governance functions. The S&OP governance functions are:
Demand (Sales & Marketing), Supply (Operations & SCM), New Activities (Product Management), Finance. For each
activity indicate which function owns it:

1. Produce a 12-month rolling demand forecast in units.

2. Set monthly production quantities and plant-level output to meet the plan.

3. Prioritize and schedule resources required for a new product launch.

4. Translate the agreed volume plan into monthly revenue and budgeted costs in currency.

DOK 3 You are the S&OP lead at a mid-sized manufacturer. Sales proposes an optimistic 18-month ramp; Finance

insists on a conservative volume for the budget; Operations warns that any capacity expansion requires a 12-month lead

time. Using S&OP principles — it balances demand and supply, is an executive decision-making process, covers a

mid-term horizon up to 24 months and is reviewed monthly, and aligns operational plans to financial plans (volumes in

units and currency) — choose between these options and justify your recommendation:

1. Adopt Finance’s conservative budget now and set supply to that lower volume.

2. Adopt Sales’ optimistic forecast and initiate capacity expansion immediately.

3. Run a cross-functional reconciliation to produce a consensus S&OP plan, surface remaining trade-offs and risks to
the executive S&OP meeting for a decision, and update monthly as data arrives.

Which option do you choose? Provide (1) your chosen option and rationale, (2) three concrete S&OP steps you will

execute in the next month to reconcile the views, and (3) the key data you will bring to the executive meeting to enable a

clear decision.

DOK 4 Design and justify a 12-month implementation plan to establish a formal S&OP process at a mid-size
manufacturer that currently plans in functional silos. The S&OP must balance demand and supply, function as executive
decision-making, and align operational plans (volumes in units) with financial plans (currency) over a mid-term horizon
(up to 24 months). Your plan must specify:
. Governance and roles (who owns S&OP, who attends the executive S&OP meeting).
. A month-by-month rollout timeline with the main milestones for months 1-12.
. The monthly meeting cadence (types of meetings, their purpose, typical inputs and outputs).
. Minimum data and deliverables required each month to align volumes to financials.
. Five KPIs to evaluate S&OP performance and how often you will review them.

. Three likely implementation risks and your mitigation measures.
Justlfy how your design applies the core S&OP principles (executive decision-making, balance demand/supply, mid-term
horizon, monthly review, alignment to financials).

o N N S
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