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Abstract8

Research on generative AI in higher education has concentrated on students as9

users, while how instructors collaborate with AI on course materials remains10

underexamined. Without a framework for that collaboration, workflows remain11

improvised and prompting habits rarely transfer between instructors or deliv-12

erables. We introduce the Framework for Orchestrated Role-based Generation13

in Education (FORGE). FORGE specifies which roles to orchestrate, how those14

roles change as a material moves from requirements capture through genera-15

tion to verification, and which interaction parameters vary with the material. It16

defines seven dimensions and four roles: Reader, Writer, Critic, and Orchestrator.17

Developed under design science research and grounded in distributed cognition18

and systems engineering process models, FORGE was evaluated through two19

retrospective case studies, a convergent exam and a divergent term project spec-20

ification, in one undergraduate information systems engineering course. All 14221

instructor prompts, 95 for the exam and 47 for the term project, were classified22

on four measures, including what each requested and how it was framed, whether23

to seek judgment or direct execution. That framing, which FORGE calls interac-24

tion style, is a parameter rarely examined. Under the same architecture, the cases25

produced different collaboration profiles: 26% of term project prompts sought26

judgment and 23% requested new content, compared to 4% and 6% of exam27

prompts. In each case, the instructor directed the AI, and the AI asked questions28

in return. Seven guidelines drawn from both cases turn improvised collaboration29

into practice an instructor can describe and carry to the next deliverable.30

Keywords: generative AI, large language models, human-AI collaboration,31

instructional material development, design science research, role-based prompting32
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1 Introduction33

The arrival of generative artificial intelligence (AI) in higher education, in the form of34

large language models (LLMs), produced a substantial pedagogical literature within35

months (Lo, 2023). That literature has concentrated on students as its users. That36

emphasis is understandable, as AI in the classroom is most visible as a change in what37

students can do. It leaves a parallel phenomenon underexamined, however. Instructors,38

too, use generative AI as a collaborator in producing instructional materials (Lo,39

2023; Shi et al., 2026). Interviewed instructors who drew on generative AI for lesson40

planning and assessment development reported not sharing the practice with students41

or colleagues, citing the stigma attached to it (Barnes & Tour, 2026). Comparatively42

little scholarship addresses how that production is structured, and less still proposes43

a shared framework that carries across deliverables, instructors, and disciplines.44

Instructional material development in higher education, whether of an exam, a45

term project, or a lab sequence, is a substantial and recurring workload. Each demands46

domain expertise, pedagogical judgment, alignment with prior course content, calibra-47

tion of difficulty, and iteration against the instructor’s own changing understanding48

of what students can do, all compressed into a semester cycle. Generative AI appears49

well-suited to lower this burden, as ChatGPT has written exam items of quality com-50

parable to those of experienced examiners in roughly a tenth of the time (Cheung et al.,51

2023). Without a framework, AI-assisted material development remains improvised,52

with each instructor developing their own prompting conventions. Those conventions53

rarely transfer, as the design decisions behind a successful use are seldom reported and54

the use itself is often kept private (Barnes & Tour, 2026; Shi et al., 2026). A conven-55

tion that succeeds in one session for one material may fail in another, and no shared56

vocabulary names the variables that distinguish the two.57

A framework for AI-assisted instructional material development would supply that58

vocabulary and carry it across instructors and deliverables. Across 50 generative-AI59

articles, 66 evidence syntheses, 88 classroom implementations, and 28 instructor-AI60

co-design studies reviewed, no such framework has been proposed (Bond et al., 2024;61

Lo, 2023; Shi et al., 2026; Z. Wang et al., 2026). However, the practices such a62

framework would organize are already emerging. Iterative refinement and instructor63

feedback loops recur throughout those studies without theoretical anchoring, but how64

instructors decide when to accept, revise, or reject AI-generated output remains an65

open question (Z. Wang et al., 2026). Those decisions are what role decomposition66

makes explicit, by assigning source reading, content generation, draft critique, and67

final acceptance to separate roles. Multi-agent LLM systems, in which several model68

instances each take a defined role, implement role decomposition but have not been69

applied to instruction (Chowa et al., 2025; Wu et al., 2023). None of 108 screened70

studies spanning healthcare, robotics, software engineering, and finance applies role71

decomposition to instructional work (Chowa et al., 2025). Multi-agent architectures72

thus supply one part of such a framework, the role partition (Wu et al., 2023). The73

other two parts come from distributed cognition, which explains why work divided74

among people, tools, and agents still functions as one system (Hollan et al., 2000;75

Hutchins, 1995), and from systems engineering, whose process standards define a life-76

cycle of requirements, design, and verification across which the human’s role shifts77
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(INCOSE, 2015). We are aware of no work that brings the three together for instruc-78

tional material development. Without that synthesis, instructors reinvent the practices79

that systems engineering codified long ago, project after project.80

We address three research questions. First, which design-space parameters charac-81

terize AI-assisted instructional material development, and which of them does current82

practice leave underspecified? Second, how do those parameters vary between conver-83

gent and divergent materials and across the lifecycle phases of requirements capture,84

generation, and verification? Third, what transferable guidelines follow from that vari-85

ation, and how do they align with established process norms for developing complex86

artifacts? To answer these questions, we introduce the Framework for Orchestrated87

Role-based Generation in Education (FORGE), a seven-dimension design space for88

AI-assisted instructional material development. The framework was developed under89

design science research and is grounded in distributed cognition and systems engineer-90

ing process models. The Reader, Writer, Critic, and Orchestrator roles instantiate it91

across three lifecycle phases, and seven guidelines govern its use. We evaluate FORGE92

through two case studies in one undergraduate course, a convergent exam and a93

divergent term project specification.94

2 Background and Theory95

2.1 Generative AI in Education96

Research on AI in education falls into three lines, two of them well established (Bond97

et al., 2024; Lo, 2023). The first concerns students’ encounters with generative AI,98

including academic integrity and detection, assessment validity when coursework can99

be AI-generated, shifts in learning behavior, and equity of tool access (Lo, 2023). Of 66100

syntheses in a decade-long meta-review of AI in higher education, only three focused101

on assessment (Bond et al., 2024). Each examined student responses to assessments102

that already existed, through plagiarism detection, automatic scoring of open-ended103

answers, or learning-analytics feedback (Albluwi, 2019; Banihashem et al., 2022; del104

Gobbo et al., 2023). This line positions the student as the AI user and the instructor as105

a policy-setter, and instructors appear mainly through their concerns about integrity,106

validity, and the erosion of critical thinking (Mhlanga, 2023; Sallam, 2023).107

The second line consists of single-course studies, each adopting a specific AI tool108

for a specific purpose. Across 88 classroom implementations, the most common pur-109

poses are intelligent tutoring, general learning support, and automated assessment and110

feedback (Shi et al., 2026). Each study reports what worked with a particular tool in111

a particular course, without stating the design decisions behind that success, so its112

findings rarely generalize. These studies also treat AI assistance as a one-shot gen-113

eration task and ask whether a single generated artifact can be adopted as it stands114

(Megahed et al., 2024). That framing overlooks the iteration after the first draft, in115

which the instructor finds defects and calibrates the material to the course.116

The third line concerns how instructors themselves draft, calibrate, and revise117

materials with AI assistance, and it has received less attention than the other two (Shi118

et al., 2026). Instructor-side use is cataloged by function, such as generating course119

materials, drafting assessment tasks, and translating content, rather than by how the120
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collaboration producing those materials should be structured (Lo, 2023). Only nine of121

the 88 classroom implementations generate learning content, and those report single122

deployments rather than transferable designs (Shi et al., 2026). The nearest precedent123

is automatic item generation (AIG), which predates generative AI by more than a124

decade and derives large numbers of items from expert-authored templates or cognitive125

models (Gierl et al., 2012). Like AI-assisted material development, AIG hands the126

production of assessment items to a machine, but only after a designer has fixed each127

item’s form in a template. In AI-assisted development, the form is still being decided128

during the collaboration, so the instructor contributes judgment about what each129

material should be rather than a template written in advance.130

Academic integrity and the accuracy and reliability of AI output are two concerns131

that cut across all three lines of research (Lo, 2023; Mhlanga, 2023; Sallam, 2023),132

and in instructional material they meet. Assessments that test critical thinking rather133

than recall are a standard response to the integrity concern, but producing them at134

quality is labor-intensive. However, delegating that labor to an LLM raises concerns135

about accuracy, as unreliable output may take the form of hallucination, bias, and136

unreferenced claims. The time an LLM saves in generation therefore comes at a risk137

to accuracy. To save time while maintaining accuracy, a workflow must divide the138

work, with the LLM supplying generation bandwidth and the instructor keeping the139

judgment that governs accuracy. None of the three lines of research says how that140

division should be made.141

2.2 Multi-Agent LLM Architectures142

Multi-agent LLM systems offer one established way to divide that work. A single143

prompt that concentrates requirements capture, generation, and verification into one144

exchange scales poorly as the task grows. A multi-agent system instead distributes145

the labor across specialized agents that exchange intermediate artifacts. The pat-146

tern has been formalized as a general-purpose multi-agent conversation framework in147

which human and LLM agents coordinate to complete tasks, with software-engineering148

pipelines as the canonical example (Wu et al., 2023). In most such systems, an expert149

fixes each agent’s role at the outset, so, as in AIG, the human’s design work comes150

before generation begins. Unlike an AIG template, which fixes the form of every out-151

put, a role fixes only who does which part of the work, and the agents plan their own152

steps (Chowa et al., 2025).153

Most multi-agent architectures, like the software-engineering pipelines that serve as154

their canonical example, were developed outside education. The pattern transfers, but155

the roles and coordination must be re-specified against the artifacts and quality criteria156

that instructional material imposes. The number of agents, the assignment of their157

roles, the form of their interaction, and the scope of automation remain open questions158

even in the general case (Wu et al., 2023). Education-specific systems have begun to159

appear, generating lesson plans, worksheets, and multiple-choice items through staged160

pipelines in which one agent drafts and another critiques. However, some of these161

systems show the instructor only the finished artifact (J. Wang et al., 2025), which162

removes the iteration after the first draft in which the instructor finds defects and163

calibrates the material to the course.164
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The instructor’s participation in iteration depends on where pedagogical judgment165

resides. Adapting multi-agent architectures for instructional material development166

therefore requires a decision on that question as well as a domain-specific role partition.167

One answer moves that judgment into the architecture itself, encoding instructional168

design principles in the agents so the system can generate without the instructor169

(J. Wang et al., 2025). The other keeps judgment with the instructor and uses170

the architecture to organize the collaboration around it, the arrangement commonly171

called human-in-the-loop (Wu et al., 2023). The roles to define and the placement of172

pedagogical judgment remain unsettled.173

2.3 Human-AI Collaboration and Teaming174

Evidence on where judgment should reside comes from research on human-AI collab-175

oration, which treats the human-AI pair as the unit of performance and asks how to176

divide a decision so that the pair performs best. Its benchmark is complementary team177

performance, in which the pair outperforms both the AI alone and the human alone.178

A common test gives the human an AI recommendation and varies what accompanies179

it, such as the AI’s confidence score or an explanation of its reasoning. Across three180

tasks and over 1,500 participants, explanations did not improve the pair’s accuracy181

beyond what the confidence score alone achieved (Bansal et al., 2021). Explanations182

increased the rate at which the human accepted the recommendation, whether or not183

it was correct, so the pair’s accuracy rose on items the AI got right and fell on items184

it got wrong (Bansal et al., 2021). The same pattern appears across 35 experimental185

studies covering 19,774 participants, where explanations raised a system’s perceived186

acceptability without improving decision accuracy and themselves became heuristics187

that substituted for scrutiny (Romeo & Conti, 2026). Judgment about correctness188

therefore cannot rest on the AI’s account of its own output. The AI can supply the189

recommendation, but verification must stay with a human who brings knowledge the190

AI lacks.191

Guidance on dividing work between people and AI predates LLMs, but it addresses192

only the interface, meaning how an AI product presents its output and how users193

accept, dismiss, or correct it. Mixed-initiative interaction, a design stance in which194

users and intelligent agents collaborate, set out 12 principles for that interface (Horvitz,195

1999). The most relevant here holds that an agent unsure of the user’s intent should196

ask, provided the question is worth the interruption (Horvitz, 1999). Later work consol-197

idated two decades of such recommendations into 18 design guidelines and tested them198

on 20 AI products (Amershi et al., 2019). Developing instructional material depends199

instead on the workflow behind the interface, the sequence of requests, drafts, and200

checks that produces a material. No guidance has yet been written for that workflow.201

In human-in-the-loop verification, the AI produces candidate output and the202

human accepts or rejects it. This arrangement keeps the human in charge of conse-203

quential decisions and guards against inaccurate output, but it does not say how the204

human’s role should change as a material moves from requirements capture through205

generation to verification. Studies of human-AI teams typically measure performance206

at a single decision (Bansal et al., 2021), which suits LLM use poorly. Over repeated207

prompts, the human’s and the model’s contributions become hard to separate, and the208
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human’s reliance on the model builds over a session rather than at one point (Ibrahim209

et al., 2026). None of this work specifies the human’s role in each phase of development210

or when that role should change.211

2.4 Instructional Material Quality and Validity212

The finished material, however its production is divided, must still assess the intended213

learning outcomes, a requirement formalized as validity. Validity concerns the con-214

clusions drawn from scores, which hold to the extent that the test covers what it is215

intended to measure and nothing else. One way validity fails is construct-irrelevant216

easiness, where a cue in the item lets students answer correctly without the knowledge217

being tested, so their scores overstate what they know (Messick, 1995). Item-writing218

guidance treats this failure as a first-order concern (Haladyna et al., 2002). The risk219

is high in programming assessments, where the code in a question can reveal its own220

answer.221

Validity also depends on the wrong answers a multiple-choice item offers. In assess-222

ments of conceptual understanding, these wrong answers, or distractors, are drawn223

from documented student misconceptions (Streveler et al., 2008). Plausible distrac-224

tors are difficult to write, even for professional item writers. A four-option item carries225

three wrong answers, yet across four standardized tests most items had only one dis-226

tractor that students selected, and fewer than one item in 10 had all three distractors227

functioning (Haladyna et al., 2002).228

An LLM-assisted workflow must produce items that give no cue to their answer229

and distractors that students select, but neither check can be left to the AI alone.230

The construct an item is meant to measure resides in the instructor’s course design,231

and no improvement in generation substitutes for the judgment that defines it. Such232

a workflow must therefore separate checks that rules can govern, which an agent can233

carry, from judgments about the construct, which only the instructor can make. The234

boundary between these two kinds of check has not been specified, and specifying it235

requires an account of how cognitive work can be divided between people and their236

tools.237

2.5 Distributed Cognition and Systems Engineering238

Distributed cognition provides an account of how cognitive work is divided between239

people and their tools, treating cognition as a property of a system of people, arti-240

facts, instruments, and representations rather than of an isolated mind (Hutchins,241

1995). Extended to human-computer interaction, distributed cognition treats a per-242

son’s working materials as part of the cognitive process and extends that process243

across time, so what one episode produces becomes the input to the next (Hollan et244

al., 2000). Automated histories of interaction therefore become an important source245

of evidence about how such work is done (Hollan et al., 2000).246

An instructor developing material with LLM agents and a curated set of course247

materials is a distributed cognitive system with three components, the instructor, the248

AI, and the materials. No single component needs to carry the full cognitive load249

(Hutchins, 1995), so each should carry what it is best positioned to carry. The AI250
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carries work governed by explicit rules, such as formatting, reordering, and checking251

syntax. That work divides further into reading, generating, and verifying, and one252

model can perform all three functions, provided each prompt asks it to perform only253

one. The instructor carries the pedagogical judgment that no written rule or document254

captures. The curated materials carry the course content the AI reads, and scoping255

them per interaction keeps the AI’s functions divided, since broad or unscoped inputs256

risk returning the divided work to a single agent.257

Distributed cognition explains how work divides among people and tools but not258

how that division changes as a product develops, and systems engineering supplies259

that account. Three of its ideas transfer to instructional development. First, require-260

ments definition, design, and verification and validation (V&V) are distinct processes,261

each with defined inputs, activities, and outputs (INCOSE, 2015). Capturing require-262

ments, generating a draft, and verifying it are likewise distinct activities in developing263

instructional material. Second, the processes do not run in sequence, and verification264

in particular runs across every stage, with the method for verifying a requirement spec-265

ified when the requirement is first written (INCOSE, 2015). Third, an integrator owns266

the properties that no subsystem owns on its own, namely coherence, consistency, and267

correctness at the interfaces (INCOSE, 2015). In instructional development, that role268

belongs to the instructor.269

2.6 Research Gaps270

Four gaps remain in research on AI-assisted instructional material development. The271

generative-AI literature catalogs instructor-side use by function but not how the272

collaboration producing a material should be structured (Section 2.1). Multi-agent273

architectures supply a role partition but not where pedagogical judgment resides274

(Section 2.2). Human-AI collaboration research prescribes the division of labor at the275

interface and at a single decision but not across a multi-artifact lifecycle (Section 2.3).276

Assessment validity sets principles a workflow must encode without delegating the277

judgment behind them (Section 2.4). Distributed cognition supplies the account of278

why a functional role partition works, and systems engineering supplies the lifecycle279

along which the human role is reallocated (Section 2.5). FORGE, derived from two280

development efforts in one course (Section 3), combines the two accounts into a seven-281

dimension design space (Section 4). The same two cases exercise that design space282

(Section 5), and seven guidelines operate on it (Section 6).283

3 Research Setting284

The two materials analyzed here were developed for one undergraduate informa-285

tion systems engineering course (IEE 305, Fall 2025), taught by the first author.286

Every session used one model, Claude Sonnet 4.5, accessed through Claude Code, a287

command-line tool that reads and writes files in directories the instructor names. The288

two materials differ in whether their completion state is known before AI-assisted289

development begins.290

Exam 3 is a summative assessment covering the final third of the course, namely291

object-relational mapping, representational state transfer (REST) architecture, and292
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FastAPI. It is a convergent material, whose success criteria are fixed before develop-293

ment begins, so the instructor knows the completion state in advance. Every question294

must test a specified outcome, resolve to a single defensible answer, avoid leaking that295

answer in the surrounding code, and be gradable within a bounded time. A shuffled296

Version B and a practice exam must stay consistent with the exam.297

The Term Project is a semester-long group assignment in which teams build a full-298

stack information system, from data model to frontend, around a public application299

programming interface (API) drawn from an instructor-provided set. The material300

developed here is the specification itself, covering candidate APIs, scope, structured301

query language (SQL) query requirements, rubric language, a proposal template, and302

a slide outline. It is a divergent material, which admits multiple valid configurations, so303

the instructor does not know the completion state in advance. Its requirements evolve304

as candidate APIs are explored, and the instructor settles them one piece at a time.305

Claude Code keeps a local append-only prompt history (history.jsonl) record-306

ing every instructor prompt with a millisecond timestamp and a session identifier.307

That history is the primary record, an automated history of interaction of the kind308

distributed cognition treats as evidence of how such work is done (Section 2.5). The309

delivered materials and the curated input trees are the secondary sources. The history310

retains instructor prompts but not agent responses, which were not preserved beyond311

the sessions in which they occurred. Agent behavior was therefore observed during312

the sessions and recalled in analysis, not recovered from the record. The quotations in313

this article are instructor prompts reproduced verbatim as typed, and the one quoted314

agent question is hypothetical and marked as such.315

The study is retrospective, and the instructor is also the analyst. The same person316

taught the course, operated the AI agents in both cases, and coded the record reported317

here. That arrangement removes the independence an outside analyst would bring. It318

also supplies the course knowledge needed to read the prompts, since recognizing that319

an item tested material never covered in lecture requires knowing what was covered.320

Neither the framework nor the analysis was pre-registered. FORGE was formu-321

lated after both efforts concluded, and its dimensions were derived from the record.322

Design science calls this entry point client-initiated, meaning that a practical solution323

observed to work is taken up afterward and rigor is applied retroactively (Section 5.1.1;324

Peffers et al., 2007). The two cases are therefore a source of the framework as well325

as a demonstration of it, and they cannot independently confirm the dimensions they326

generated.327

4 The FORGE Framework328

4.1 Framework Overview329

FORGE defines a design space of seven dimensions that instructors use to configure a330

multi-agent generative AI system for developing instructional material (Figure 1). The331

dimensions fall into five categories. The architectural category holds Agents and Roles332

(D1), and the procedural category holds Process Phases (D2) and Interaction Mode333

(D3). The interactional category holds Interaction Style (D4) and Inquiry Direction334

(D5). The allocative category holds Task Allocation (D6), and the contextual category335

8



holds Input Curation (D7). Each dimension leaves the instructor a question to settle,336

from how the work divides into roles to what the AI may read (Figure 2). Of the337

seven, Interaction Style and Inquiry Direction are new to the design space. Interaction338

Style names a rarely examined parameter, whether a prompt seeks judgment or directs339

execution, and Inquiry Direction treats the AI’s offer of options as a form of asking.340

Although FORGE was derived from the development of an exam and a term project,341

it is intended for instructional materials generally, including lecture slides, rubrics,342

syllabi, homework, and case materials.343

Requirements
Capture

Design and
Generation

Verification
and Validation

Orchestrator

AI roles

Sets
scope

Decides
pedagogy

Verifies
quality

Reader Writer Critic

Curated inputs

Candidate
material

Final
material

Incremental Generation
(fewer prompts)

Dense Refinement
(more prompts)how densely you engage

Architectural Procedural Interactional Allocative Contextual

D2  Process Phases

D1  Agents and Roles

D4  Interaction Style
asks or directs

D5  Inquiry Direction
who asks questions

D6  Task Allocation
who does what

D7  Input Curation

D3  Interaction Mode

Fig. 1 FORGE framework overview. The Orchestrator, held by the instructor in both case studies,
works with three AI roles, the Reader, Writer, and Critic (D1), through three phases, Requirements
Capture, Design and Generation, and Verification and Validation (D2). The Orchestrator curates the
inputs the Reader reads. The Writer drafts from the Reader’s output, the Critic checks the draft, and
the candidate material returns to the Orchestrator, who sets scope, decides pedagogy, verifies quality,
and releases the final material. Interaction Mode (D3) sets the cadence of the work, Interaction Style
(D4) and Inquiry Direction (D5) describe how the Orchestrator and the AI roles communicate, Task
Allocation (D6) divides the work between them, and Input Curation (D7) fixes what the Reader may
read. Color marks the five categories.

4.2 D1 — Agents and Roles344

FORGE defines four roles, the Reader, Writer, Critic, and Orchestrator (Figure 1). The345

Reader summarizes source materials selected by the instructor, such as prior exams346

and assignments, lecture content, and documentation. The Writer generates candidate347

content, such as questions, prose, specifications, and code, from the Reader’s out-348

put and the Orchestrator’s instructions. The Critic evaluates Writer outputs against349

pedagogical, structural, or contextual criteria and flags defects. The Orchestrator coor-350

dinates the other three roles, makes decisions that cross agent boundaries, and holds351

authority over pedagogical choices, including Final Acceptance. D1 leaves open who352

holds the Orchestrator role. In both case studies, one instructor held it. The role353
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D1 Agents and Roles
Reader, Writer, Critic, Orchestrator

How should the work divide into roles?

D2 Process Phases
Requirements, Generation, Verification

Where in the lifecycle should instructor effort go?

D3 Interaction Mode
Dense Refinement, Incremental Generation

Which cadence of work suits this material?

D4 Interaction Style
Conversational, Directive

When should a prompt ask, and when direct?

D5 Inquiry Direction
Unidirectional, Latent, Explicit

When should the AI ask questions in return?

D6 Task Allocation
AI-leaning, Negotiated, Human-leaning

What may the AI decide, and what must the human keep?

D7 Input Curation
Organization, Per-interaction scoping

What may the AI read, and who sets that scope?

Dimension Question it raises

Architectural Procedural Interactional Allocative Contextual

Fig. 2 The seven FORGE dimensions and the question each raises for the instructor. Color marks
the five categories.

could instead be shared by a teaching team or, in a fully automated pipeline, given to354

another AI agent. The remaining dimensions describe the instructor as Orchestrator,355

as in both case studies, and the same distinctions apply to any other holder of the356

role. The role partition follows the distributed cognition account in Section 2.5, and357

separating generation from verification has improved results in other multi-agent sys-358

tems (Wu et al., 2023). Both cases realized the Reader, Writer, and Critic within one359

model by scoping each prompt to a single role, and the opening prompt of Exam 3360

named all three roles in lifecycle order.361

4.3 D2 — Process Phases362

FORGE organizes instructional material development into three phases, Requirements363

Capture, Design and Generation, and V&V, adapted from the process structure of364

systems engineering (Section 2.5). Requirements Capture fixes the material’s purpose,365

scope, constraints, and success criteria. Design and Generation produces candidate366

content that meets those requirements, such as questions, prose, specifications, and367

examples. V&V checks whether the candidate meets the requirements, flags quality368

concerns, and returns feedback for revision. The Reader, Writer, and Critic each serve369

one phase (Figure 1), and the Orchestrator takes part in all three, setting scope, decid-370

ing pedagogy, and verifying quality. The phases do not run in strict order. When V&V371
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uncovers a gap, the material returns for fresh scoping and a new draft, an iteration372

that systems engineering treats as expected rather than exceptional (INCOSE, 2015).373

4.4 D3 — Interaction Mode374

FORGE distinguishes two interaction modes. Dense Refinement iterates on a single375

deliverable through many exchanges per session until it is finalized. Incremental Gen-376

eration produces one piece of a larger material at a time, in short sessions of few377

prompts, and releases each piece as it settles. The choice of mode follows from the378

material. A convergent material, whose completion state is known in advance, changes379

through small revisions to a deliverable of fixed shape, so it suits Dense Refinement. A380

divergent material, whose completion state is settled one piece at a time, is built from381

distinct, partially independent pieces, so it suits Incremental Generation. Exam 3 and382

the Term Project specification are one material of each type (Section 3).383

4.5 D4 — Interaction Style384

Interaction Mode governs how sessions are structured, and Interaction Style governs385

how each prompt within them is framed. FORGE distinguishes two styles. A con-386

versational prompt poses an open question and invites the AI to propose options or387

tradeoffs. A directive prompt specifies intent and asks the AI to carry it out. The same388

instructor shifts between the two within a single session.389

The appropriate style depends on the decision at stake. While scope is still being390

settled, conversational prompts serve better, since the instructor is looking for options391

rather than directing execution. Once the task is repairing a draft against settled scope,392

directive prompts serve better, since the pedagogical judgment has already been made393

and the AI need only execute. Scoping usually happens early in development, so style394

often tracks the lifecycle phase, but the decision at stake determines the appropriate395

style. In the Term Project, conversational prompts reopened whether the project’s396

premise made sense (Section 5.3.3), and Exam 3’s refinement ran on directive prompts,397

such as an instruction to remove the enumeration of multiple-choice questions. Treat-398

ing style as a dimension separate from mode lets an instructor recognize two failures.399

Conversational prompts that continue after scope is settled delay convergence on a400

final material, and directive prompts issued while scope is still open close off options401

the AI could have proposed.402

4.6 D5 — Inquiry Direction403

FORGE identifies three levels of Inquiry Direction, distinguished by who is entitled404

to ask questions in the collaboration. Unidirectional inquiry lets the Orchestrator ask405

questions of the AI, but the AI does not ask in return. Latent bidirectional inquiry406

introduces implicit questions, where the AI proposes options, alternatives, or tradeoffs407

that function as questions without being phrased as such. Explicit bidirectional inquiry408

adds direct clarifying questions, where the AI pauses before acting and asks what it409

needs to know.410

The latent level reframes a familiar behavior. Mixed-initiative design and interface411

guidelines both advise an agent that cannot infer the user’s intent to do less (Amershi412
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et al., 2019; Horvitz, 1999). That literature treats an option menu as the agent doing413

less, and D5 treats it as the agent asking. An option menu is a question the Orches-414

trator answers by choosing, but it does not signal uncertainty or ask about intent, so415

it lies between not asking and asking outright.416

4.7 D6 — Task Allocation417

Task Allocation describes how work is divided between the Orchestrator and the three418

AI roles. Tasks fall along a continuum with three zones. At the AI-leaning end are419

tasks governed by explicit rules, where syntactic accuracy and speed matter most.420

At the human-leaning end are tasks that demand contextual pedagogical judgment.421

Between them lies a negotiated zone of tasks the AI can draft but only the instructor422

can finalize, in which the instructor sets the intent, the AI produces candidates, and423

the instructor accepts or revises them. The boundaries between zones shift with the424

stakes of the material and with the instructor’s familiarity with both the course con-425

tent and the AI’s current capabilities. Final Acceptance, the formal approval that an426

instructional material meets its requirements and is ready for students, always rests427

with the Orchestrator, whatever the artifact.428

4.8 D7 — Input Curation429

Input Curation describes how the source materials the AI agents work with are orga-430

nized and scoped. We treat it as a dimension in its own right, since the Reader can431

work only with what is curated for it, and disorganized or out-of-scope inputs leave432

gaps the system cannot detect.433

Curation has two parts. Material organization is the structure imposed on source434

materials before any interaction begins. In both cases, the instructor grouped inputs by435

deliverable, so that a single named path retrieves everything relevant to one material436

(Sections 5.2 and 5.3). Exam 3 drew on two parallel trees of prior exams and lecture437

decks. The Term Project drew on its own draft specification and successive revisions,438

a generated proposal template, and a lecture deck. Per-interaction scoping is the439

explicit naming of what the Reader should attend to in each session, and it narrows the440

organized collection to the files one task needs. Exam 3’s opening prompts named the441

two prior-exam directories, then narrowed to the lecture decks and later to individual442

files (Section 5.2).443

Scoping can also fail, and the repair shows what a scope must contain. When a444

Term Project session reviewed the wrong document, the instructor first told the agent445

which document it had been asked to review, and that instruction failed. The instructor446

then told the agent to read only that document and to compare the document with447

the other versions afterward, and that instruction succeeded. The successful version448

separated the scope from the comparison that followed, which shows that a scope449

must name both which materials the Reader may read and the order in which it reads450

them. Organization and scoping together determine what the rest of the framework451

operates on.452
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5 Case Studies453

Exam 3 and the Term Project specification were developed by the same instructor, in454

the same course, with the same tool, and their development records are analyzed here455

through the seven dimensions.456

5.1 Method457

5.1.1 Research Design458

Design science research treats the construction of an artifact, such as a framework, as459

the primary contribution in applied fields. Three of the criteria Hevner et al. set for460

such research govern how FORGE must be judged. The problem must be relevant and461

unsolved, the artifact’s utility, quality, and efficacy must be demonstrated through462

well-executed evaluation, and both construction and evaluation must rest on rigorous463

methods (Hevner et al., 2004). The three conditions depend on one another.464

A companion methodology supplies the process those criteria govern (Peffers et al.,465

2007). Design science sanctions case study as an evaluation method, the in-depth study466

of an artifact in its deployment environment (Hevner et al., 2004; Peffers et al., 2007).467

A case study demonstrates that a framework is sensitive to meaningful variation in its468

target domain while testing no hypothesis about population-level effects (Hevner et469

al., 2004; Peffers et al., 2007). Exam 3 (Section 5.2) and the Term Project (Section 5.3)470

serve this role, sharing an instructor, a course, and the architecture while differing in471

material type.472

5.1.2 Data and Measures473

The analysis rests on three definitions. A session is one Claude Code conversation474

rather than a contiguous sitting, since the instructor closed a session after one working475

block and resumed it days later. Session boundaries therefore mark changes of work-476

ing context. Active time is the sum of intervals between consecutive prompts within477

a session. Any interval of 30 minutes or more is excluded as a break rather than trun-478

cated, so active-time totals are conservative lower bounds. Substantive prompts are479

those that remain after two screens. The first excludes interface commands, which480

carry no task content. The second attributes prompts to a case individually rather481

than by session, which excludes two trailing Term Project prompts that belong to482

a third deliverable. The screens leave 95 substantive instructor prompts for Exam 3483

and 47 for the Term Project. The delivered materials serve as secondary sources. For484

Exam 3 they are the LaTeX source with its Version B and practice variants, and for485

the Term Project the specification, proposal template, and rubrics.486

Each prompt was classified on four measures. Generation versus response codes a487

prompt as requesting generation if it asks for content that does not yet exist and as488

responding otherwise. A prompt directing a repair is therefore coded as responding,489

even though text is generated to satisfy it. Path scoping counts prompts naming490

an explicit filesystem path (D7). Option selection counts prompts that select from491

a menu the agent had offered, by a numbered or lettered option or a bare ordinal492

(D5). Interaction style classifies each prompt as conversational or directive (D4). The493
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first three measures were derived by pattern matching and verified by reading every494

matched prompt. Interaction style was coded by the instructor alone, so no inter-rater495

reliability is reported. The coding rule and the full coded set are in Online Resource 1.496

A commercial LLM served as an analytic aid in preparing this analysis, recovering497

instructor prompts from the local prompt-history log, computing active-time totals,498

and producing the pattern-matched counts reported in the case studies. Every count499

and quotation was verified against the primary log. The same tool assisted revision of500

the manuscript, and the authors reviewed every change. All research questions, the-501

oretical commitments, dimensions, guidelines, and interpretive claims originate with502

the authors.503

5.2 Case Study 1: Exam 3 — Dense Refinement on a504

Convergent Material505

5.2.1 Input Curation in Practice506

Exam 3’s inputs were organized before generation began and scoped at each interac-507

tion. The instructor staged two parallel directory trees, the first holding the two prior508

exams with their answer keys and a directory to receive the new exam, and the sec-509

ond holding the lecture decks each exam covered. Of the 95 instructor prompts, 15510

(16%) named an explicit path, and six of these narrowed the scope to an individual511

file (Section 5.1). The second prompt of Session 1 set the initial scope by naming the512

course-material directory and telling the Reader to look at each exam’s subdirectory,513

and later prompts narrowed it to single decks when a specific defect was in view. Scop-514

ing at this level made output traceable, as any generated question could be matched to515

the deck, code example, or prior item the Reader had read. It also limited the Reader516

to what the instructor had named.517

5.2.2 Process Execution518

Exam 3 was produced across five sessions between November 7 and 16, 2025, in 9 hours519

28 minutes of active time and 95 prompts (Figure 3). Coding each prompt by what it520

asks the agent to do separates generation from response. Six of the 95 prompts request521

new artifact content, comprising the first draft and its immediate continuation, the522

practice exam, and three requests for Version B. Together they account for 32 minutes,523

or 5.6%, of active time. The remaining 89 prompts, which make up 94% of prompts and524

94% of active time, respond to material that already existed, by identifying a defect,525

judging difficulty, selecting among proposed repairs, or directing a fix. Response work526

exceeds generation by a factor of 17.527

The split between generation and response cuts across session boundaries, so it is528

reported per prompt rather than per session. Even Session 1, labeled “Initial Draft,”529

spent 15 of 17 prompts responding to a draft that existed after the first exchange.530

On a convergent material the Writer produces a plausible draft at once, and nearly531

all remaining work is detecting and repairing defects the Writer cannot see in its own532

output.533
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Total: 9h 28m  |  95 prompts  |  9 days
Nov 7 16, 2025

S1: Initial Draft
S2: Minor Revisions
S3: Practice Exam
S4: Major Revisions
S5: Final Revisions

Fig. 3 Cumulative active time across Exam 3 development, grouped by the five sessions (S1–S5).
Each point is one instructor prompt. The step height is the interval since the previous prompt, with
intervals of 30 minutes or more excluded as breaks rather than truncated. Session segments are drawn
in distinct colors and labeled with their active-time contribution. The slope is the instantaneous
interaction density. The flat shaded regions between sessions show disengagement between work
blocks. Session 4’s steep slope reflects the verification-dominant phase of development.

5.2.3 Interaction Dynamics: The Pet-API Refinement534

FORGE’s interaction dynamics are clearest in a 23-minute episode from Session 4, in535

which one item, Question 1.3b, referred to here as the Pet-API item, passed through536

seven instructor turns. The initial AI-generated item showed students a complete537

FastAPI endpoint and asked which status code was returned when the pet was not538

found, while the code visibly contained status code=404. The final item removed the539

exception handling from the code and asked students to choose the line that should540

be added (Figure 4).541

Five of the seven turns show a named behavior, and the other two show the instruc-542

tor provisionally accepting a flawed item. Turn 1 (integration judgment): The543

instructor identified the construct-irrelevant easiness, a defect only someone who knew544

what the item was meant to measure could see, noting that the code contained the 404545

status and asking how the item could be improved. Turn 2 (latent inquiry): The546

Writer proposed three remediation options and the instructor chose one. This is the547

latent form of inquiry, in which ambiguity is presented as a menu. Turn 3 (structure548

boundary): The revised draft was syntactically correct but still leaked the answer549

through the detail="Pet not found" string, which the instructor detected.550

The remaining turns alternated between stopping and reopening. Turn 4: The551

instructor stopped, writing “Lets keep it as is. Maybe we can remove the detail?” and552

provisionally accepting a question just judged defective. Turn 5 (directive reopen-553

ing): The instructor reopened it with pedagogical intent rather than a surface fix,554

asking how the difficulty could be raised while keeping the content the same. Turn 6:555

The instructor stopped again, repeating “Lets keep it as is.” Turn 7 (integration556

judgment): The instructor proposed removing the exception handling entirely and557
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Initial

@app.get("/pets/{id}")

async def get_pet(

id: int,

session: Session = Depends(get_session)

) -> PetRead:

pet = session.get(Pet, id)

if pet is None:

raise HTTPException(

status_code=404,

detail="Pet not found")

return pet

Q: What status code is returned if the
pet is not found?

<Short Answer>

7 turns

−→
23 minutes

Final

@app.get("/pets/{id}")

async def get_pet(

id: int,

session: Session = Depends(get_session)

) -> PetRead:

pet = session.get(Pet, id)

# Missing error handling here

return pet

Q: What code should be added after
session.get(Pet, id) to properly
handle cases where the pet ID does
not exist?
A) if not pet: return None
B) if pet is None: raise
HTTPException(status code=404)
C) if pet == False: raise
Exception("Not found")
D) if pet is None: return
{"error": "Pet not found"}

Fig. 4 Pet-API refinement worked example from Session 4 of Exam 3 development. The initial
item (left) presents a short-answer question whose answer is visible in the accompanying code
(status code=404). Seven instructor turns over 23 minutes produced the final item (right), in which
the exception handling is elided and the student must select the correct handler from four options.
Option B (highlighted) is the correct answer. The instructor’s integration judgment opened and closed
the loop. Between those two judgments came a latent inquiry through an option menu, a leak that
survived a syntactically correct repair, and a directive reopening. At turns 4 and 6 the instructor
provisionally accepted the flawed item before reopening it.

asking students to supply it from a multiple-choice list. The Writer regenerated the558

item, and the instructor accepted it. The defect survived two decisions to retain the559

item, so integration-level judgment operated only intermittently against a draft that560

already appeared adequate.561

An explicit question at the handoff would have shortened this loop. A Critic review-562

ing the initial draft against its code could have asked, “These items reference visible563

code. Do you want the answers visible, or should I hide them?”, and surfaced the564

defect before the instructor reviewed the draft.565

5.3 Case Study 2: Term Project — Incremental Generation on566

a Divergent Material567

5.3.1 Input Curation in Practice568

Exam 3 drew on a filesystem staged in full before generation began. The Term Project569

instead accumulated its inputs as the work proceeded, beginning in Session 1 from the570

instructor’s own draft specification and admitting each later input when a question571

demanded it. Accumulating inputs had two consequences. First, several of the most572

consequential inputs were outputs of earlier sessions, so curation on a divergent mate-573

rial depends on its own earlier outputs. The proposal template generated in Session 5574
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became a scoping target in Sessions 6 and 8, and the revised specification became the575

standing reference thereafter. Second, version labeling became necessary as versions576

multiplied, so the Reader had to be told which version was authoritative at each turn.577

Re-scoping across versions left a measurable trace. Of the 47 Term Project prompts,578

12 (26%) named an explicit filesystem path, compared to 16% for Exam 3 (path579

scoping, Section 5.1). Every one of the 12 named a specific file rather than a directory.580

A convergent material can be scoped once by directory, with files named only as defects581

surface. A divergent one must be re-scoped by file as its own intermediate products582

multiply.583

5.3.2 Process Execution584

The work unfolded across 10 sessions between November 3 and November 29, 2025,585

totaling 5 hours 45 minutes of active time and 47 instructor prompts. The sessions fall586

into four work packages, each organized around one deliverable (Figure 5). Research587

covered sessions 1–2 (42 min, 7 prompts), Requirements sessions 3–6 (2 h 45 min, 22588

prompts), Revisions sessions 7–8 (54 min, 11 prompts), and Slides & Rubrics sessions589

9–10 (1 h 24 min, 7 prompts). Against the phases of D2, Research and Requirements590

together form Requirements Capture, Revisions is predominantly V&V, and Slides &591

Rubrics is a further cycle of Design and Generation on derivative materials. Require-592

ments Capture therefore consumed 207 of 345 active minutes, or 60% of the total,593

inverting Exam 3’s V&V-dominant distribution. On a divergent material, scoping is594

the central difficulty, which here meant deciding what APIs to offer, what SQL query595

types are feasible across them, and how strict the frontend requirement should be.596

On the same coding, 11 of the 47 prompts request new content and account for597

95 minutes, or 27% of active time. The remaining 36 prompts, which make up 77% of598

prompts and 73% of active time, respond to material that already existed. Response599

work exceeds generation by a factor of 2.6 here, compared to 17 for Exam 3. Generation600

also accounts for roughly four times as large a share of prompts on the divergent601

material as on the convergent one.602

The 26-day span overstates the spread, as 40 of the 47 prompts fall within the603

first four days and the rest occupy two later sessions separated from that block and604

from each other by four and 19 days. Calendar time therefore does not distinguish the605

modes. The gaps instead show that a divergent specification can be released in pieces.606

5.3.3 Interaction Dynamics: The SQL Requirements Arc607

The divergent-material dynamics are clearest in a 52-minute arc from Session 4 in608

which the specification’s SQL requirements were commissioned and then withdrawn609

across six instructor turns. Turn 1 (incremental release): The instructor asked the610

Writer to draft SQL query requirements tailored to each of the five API options and to611

present them for approval before any change to the specification file. Turn 2 (latent612

inquiry): Twenty-six minutes later the instructor replied with a bare ordinal, selecting613

from a menu the record does not preserve (Section 3). Turn 3 (conversational614

reopening): Rather than direct a revision, the instructor reopened scope, saying the615

options might need reducing to make grading easier and asking which three or four616

to keep. Turn 4 (scoping): The instructor settled on three options and named both617
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Fig. 5 Cumulative active time across Term Project development, grouped by the four work packages
(W1–W4). Each point is one instructor prompt. The step height is the interval since the previous
prompt, with intervals of 30 minutes or more excluded as breaks rather than truncated. Of the 47
prompts, 40 fall in the first four days. The flat region before W4 is a four-day gap, and the one inside
W4 is the 19-day gap preceding the rubric session. W1 and W2 together constitute Requirements
Capture under D2, which consumed 60% of active time.

the source file and the destination file. Turn 5 (conversational reopening): The618

instructor reopened the project’s premise, asking whether having students draw on a619

public API to build their own API made sense. Turn 6 (integration judgment):620

The instructor cut what Turn 1 had commissioned, asking that the optional features621

under each option and the SQL query requirements section be removed or shortened.622

The arc has no counterpart in Exam 3, whose criteria were fixed before the session623

opened. The Term Project’s criteria moved, as five API options became three and a624

section commissioned 52 minutes earlier was removed once its cost in length became625

visible. On a divergent material, generated content stays provisional until scope settles.626

5.3.4 Interaction Dynamics Against Exam 3627

The two cases differ first in how densely the instructor worked within a session. Exam 3628

averaged roughly 19 instructor prompts per session, while the Term Project averaged629

4.7. Each Term Project session closed when a question was answered rather than630

when a draft converged, since a dense refinement loop has nothing to refine while631

requirements are still being defined.632

The cases differ more sharply in interaction style but not in inquiry direction.633

Conversational prompts, which seek judgment, made up 4 of 95 prompts (4%) for634

Exam 3 and 12 of 47 (26%) for the Term Project, a factor of six. Prompts that635

selected from an option menu the AI had offered, the latent form of inquiry, were636

about as common in each case, 16 of 95 (17%) for Exam 3 and 7 of 47 (15%) for637

the Term Project. The timing of the conversational prompts is more informative than638

their count. The Term Project’s 12 cluster in Sessions 3 through 8, while scope was639

contested, and none occur in Sessions 9 and 10, where slides and rubrics were produced640
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against a specification the instructor had by then settled. Style shifted toward directive641

prompts once scope had settled.642

Exam 3 complicates the pattern. Its four conversational prompts all occur in the643

final two sessions, once a complete draft existed, among them a question whether the644

number of multiple-choice items should be reduced. Read against calendar position,645

this finding reverses the Term Project’s pattern. Read against the decision at stake,646

it does not, since these prompts reopen what the exam should measure rather than647

correct a defect in its wording. Style tracks whether the instructor is settling scope or648

repairing an artifact, and scope can be reopened even after a complete draft exists.649

5.4 Outcomes650

Both materials reached students in the forms the sessions produced. Exam 3 was deliv-651

ered in two versions with a matched practice exam, including the Pet-API item as its652

seventh turn left it (Figure 4). The Term Project was delivered as a specification, a653

proposal template, two rubrics, and a slide outline, each released as it settled. No com-654

parable measurement exists for conventional development of either material, although655

the instructor recalls Exams 1 and 2 as having taken between 15 and 25 hours each. In656

both cases, the allocation of tasks held to the FORGE continuum. One Term Project657

decision, whether to require version control of students who might never have used658

it, depended on a judgment about the student population that no agent could make.659

Both cases show that the framework can be executed through all three phases, with660

its prescribed division of labor applied to materials that reached students.661

5.5 Comparative Summary662

Both cases exercise the full FORGE architecture (D1), depend on curated per-663

interaction-scoped inputs (D7), and share the same inquiry direction (D5). They664

nevertheless produce different profiles on the procedural, interactional, and allocative665

dimensions (Figure 6). Exam 3 spent most of its active time on V&V, while the Term666

Project spent most of its time on Requirements Capture (D2). Exam 3 ran as Dense667

Refinement and the Term Project as Incremental Generation (D3). Conversational668

prompts were about six times as common in the Term Project as in Exam 3 (D4).669

The one departure from the shared architecture was an ad-hoc Researcher the Term670

Project added for API discovery in each of its opening two sessions.671

On D6, the tasks of both cases sort onto the continuum defined in Section 4.7, with672

formatting and Version B shuffling at the AI-leaning end and difficulty calibration and673

hint detection at the human-leaning end. The negotiated boundary lay at different674

points, at pedagogical calibration for the exam and at scope-and-content choice for675

the specification (Figure 7).676

6 Guidelines677

The seven FORGE guidelines (G1–G7) answer the questions the dimensions raise678

(Figure 2). They fall into five groups, with G1 foundational, G2 and G3 concerned679
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Exam 3
convergent material, Dense Refinement

Term Project
divergent material, Incremental Generation

Dimension

Architectural Procedural Interactional Allocative Contextual

D1 Agents and Roles Reader, Writer, Critic, Orchestrator

D2 Process Phases Verification-dominant Requirements-dominant

D3 Interaction Mode Dense Refinement Incremental Generation

D4 Interaction Style Directive during refinement Conversational during scoping

D5 Inquiry Direction Latent bidirectional

D6 Task Allocation Boundary at
pedagogical calibration

Boundary at
scope-and-content choice

D7 Input Curation Curated inputs, Reader scoped per interaction

Fig. 6 Both cases mapped onto the seven FORGE dimensions. D1, D5, and D7 hold across the two
cases, while D2, D3, D4, and D6 take different values with the material type.

with allocation, G4 with mode, G5 and G6 with interaction, and G7 with integration.680

Each is stated as a rule and grounded in the mechanism and literature that support it.681

6.1 G1 — Curate and Scope Input Materials682

Organize the source material the AI will read into a consistent, versioned filesystem,683

and scope the Reader to a named subset of it at each prompt. The curated material684

is a component of the system that performs the work rather than preparation for685

it (Section 2.5). Exam 3 staged its inputs in full before generation and scoped by686

directory, naming files only when a specific defect was in view. The Term Project687

could not. Its inputs accumulated as questions arose, and its own intermediate versions688

became what later sessions had to be scoped against. Path scoping therefore rose from689

16% to 26% of prompts, and every scope narrowed to a file (Sections 5.2 and 5.3).690

Staging inputs in full is thus available only when the deliverable’s shape is known in691

advance, and on divergent material the achievable target is that each session names692

which version is authoritative.693

6.2 G2 — Separate Structure from Substance694

Allocate work governed by explicit rules to the AI and retain pedagogical judgment695

for the human, so that each component carries what it is best positioned to carry696

(Section 2.5). The Pet-API item shows where the line falls, since a syntactically correct697

draft still leaked the answer through a string that only the instructor could read as a698

leak (Section 5.2.3). The same line appears in an experiment outside education, where699
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AI-leaning Negotiated Human-leaning

AI strength Human strength

Exam 3 Term Project Final Acceptance

LaTeX formatting
& compilation

Question shuffling
for Version B

Code syntax
correctness

Stylistic consistency
across versions

Surface-level
error detection

Practice exam
differentiation

Detecting unintended
hints in questions

Terminology matching
lecture content

Difficulty
appropriateness

Pedagogical
calibration

Rubric table
formatting

Proposing candidate
public APIs

Calibrating project scope
to student capability

Final
acceptance

D6  Task Allocation

Fig. 7 The FORGE task allocation continuum (D6). Tasks observed during Exam 3 development
(circles) and Term Project development (diamonds) are positioned along a continuum from AI
strength to human strength. AI-leaning tasks (green) are governed by explicit rules, where syntactic
accuracy and speed matter most. Human-leaning tasks (red) demand contextual pedagogical judg-
ment, and tasks in the negotiated zone (slate) can be drafted by the AI but finalized only by the
instructor. Final Acceptance (star) is the Orchestrator’s formal approval of the finished material,
common to both cases.

checkers without domain knowledge caught 82% of spelling and digit errors in AI-700

generated output but only 31% of errors that depended on the task’s rules (Beck et701

al., 2026).702

6.3 G3 — Budget for Verification, Not Generation703

Allocate time and effort to verification rather than to initial generation (Section 2.5). In704

Exam 3, nearly all active time went to detecting and repairing defects the Writer could705

not see in its own output (Section 5.2, Figure 3). Pedagogical calibration also took706

place during verification, since difficulty tuning, terminology alignment, and validity707

checks all require a draft to examine. Verification dominated the Term Project as well,708

where response work exceeded generation by a factor of 2.6 (Section 5.3).709

The dominance of verification over generation extends beyond this course and710

predates LLMs. In an undergraduate operating systems course, most LLM-generated711

questions failed the instructor’s validation, and for five questions no acceptable coun-712

terpart emerged after many attempts (Witsken et al., 2025). In AIG, review remains713

the most time-consuming step once generation volume grows (Circi et al., 2023).714

Template-based AIG places much of this review effort before generation, in the design715

of the item templates (Gierl et al., 2012). Unstructured prompting, as used in both716

cases, leaves the review effort until after a draft exists. Verification omitted during717

development cannot be recovered after an exam is administered, since item-writing718

defects introduce systematic error that internal-consistency reliability does not detect719

(Downing, 2005). The verification effort G3 recommends nonetheless has an upper720

limit. In systems engineering, process effort improves program outcomes up to an721

optimum near 14% of program cost and degrades them beyond it (INCOSE, 2015).722
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6.4 G4 — Match Interaction Mode to Material Type723
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Fig. 8 Interaction mode in the two cases. Top: active time by session for Exam 3 and by work
package for the Term Project. Bottom: each session by its active time and instructor prompt count,
with Dense Refinement and Incremental Generation as the two clusters.

Choose the interaction mode (D3) to match whether the material is convergent724

or divergent. Dense Refinement suits a convergent material, whose completion state725

is known in advance. Incremental Generation suits a divergent material, whose scope726

is settled one piece at a time. The two cases show the two modes as distinct pat-727

terns of work, with Exam 3 developed in five long sessions of many prompts and the728

Term Project in ten short sessions of few prompts (Figure 8). A mismatch between729

mode and material can fail in two ways. Dense Refinement on a divergent material730

risks premature closure, in which the scope is fixed before its pieces are understood.731

Incremental Generation on a convergent material risks under-refinement, in which732
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items are released before they are fully refined. Premature closure has a mechanism733

in distributed cognition, where tightly coupled groups converge faster and then resist734

disconfirming evidence (Hutchins, 1995). The risk of under-refinement has a parallel735

in a study that deliberately withheld iteration when generating exam questions. Any736

conversation whose output failed review was abandoned, and the authors named refine-737

ment as the likely way to align generated items with the instructor’s own phrasing738

(Witsken et al., 2025).739

6.5 G5 — Shift Interaction Style with the Decision at Stake740

Shift interaction style (D4) with the kind of decision at stake. Conversational prompts741

suit decisions about scope, and directive prompts suit the repair of a draft whose742

scope is settled. In both cases, interaction style followed the decision at stake, and743

calendar position did not predict it. The Term Project’s 12 conversational prompts744

fell in Sessions 3 through 8, while scope was contested. Exam 3’s four conversational745

prompts came only after a complete draft existed, and each reopened what the exam746

should measure (Section 5.3). An instructor who reopens scope late in development747

should therefore return to conversational prompts.748

6.6 G6 — Make Inquiry Bidirectional at Phase Gates749

Configure the AI to ask the instructor an explicit question at each phase gate, where750

Requirements Capture hands off to Design and Generation and where Design and751

Generation hands off to V&V. Both cases showed only the latent form of inquiry, in752

which the AI offered option menus after a draft existed. In the Pet-API refinement,753

one explicit question from the Critic at handoff could have revealed the leaked answer754

before the instructor reviewed the draft (Section 5.2.3).755

Mixed-initiative design already advises an agent unsure of the user’s intent to ask,756

provided the question is worth the interruption (Horvitz, 1999). A question also differs757

from an explanation, which raised acceptance of AI recommendations whether or not758

they were correct (Bansal et al., 2021). Interrupting the user before AI output could759

be accepted reduced overreliance on incorrect output, even though users disliked the760

interruption (Romeo & Conti, 2026). G6 adds a fixed point at which the AI asks.761

Mixed-initiative design leaves that point to the agent’s estimate of its own uncertainty,762

which an LLM does not reliably maintain. G6 places the question at the phase gates763

instead, where an unasked question costs the most, since each phase builds on the764

output of the one before it.765

6.7 G7 — Preserve the Human as Systems Integrator766

Preserve human authority over cross-cutting, integration-level decisions, and treat767

Final Acceptance as non-delegable. Integration-level decisions govern the properties768

that no single AI role owns, namely material coherence, equivalence across versions,769

and pedagogical alignment (Section 2.5). In the Pet-API refinement, only the instruc-770

tor could see that a visible status code reduced the item to pattern matching. Only the771

instructor could then specify the intent that let the regenerated item test exception772

handling (Section 5.2.3).773
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Better models are unlikely to remove the need for a human integrator, since774

integration-level decisions are difficult for human experts as well. Plausible distractors775

are difficult to write, even for professional item writers (Section 2.4). Three widely used776

concept inventories built their distractors on known misconceptions, yet none could777

show which misconceptions a student held (Jorion et al., 2015). Guidance for multi-778

agent frameworks also advises keeping a human in the loop, even when the intended779

end state is more autonomous (Wu et al., 2023). Each guideline places a specific780

demand on the instructor and answers one dimension of the design space (Figure 9).781

G1 Curate and scope input materials

Group inputs by deliverable, version-label prior editions, and cite specific files in
every Reader prompt

D7 Input Curation

G2 Separate structure from substance

Delegate template-bound, surface-correctness work to the AI, and route pedagogy through a
human gate

D1 Agents and Roles

D6 Task Allocation

G3 Budget for verification, not generation

Plan instructor availability for refinement loops rather than authoring

D2 Process Phases

G4 Match interaction mode to material type

Classify the material first, then let the classification fix the cadence of interaction

D3 Interaction Mode

G5 Shift interaction style with the decision at stake

Open with questions whenever scope is open, including late, and close with corrections
once a draft exists to repair

D4 Interaction Style

G6 Make inquiry bidirectional at phase gates

Instrument each phase gate with a prompted AI-to-human question, and let the instructor
decide when a gate no longer needs one

D5 Inquiry Direction

G7 Preserve the human as systems integrator

Reserve integration-level judgment for the human, and resist tooling that automates
acceptance

D1 Agents and Roles

D6 Task Allocation

Guideline, and what it asks of the instructor Dimension it answers

Architectural Procedural Interactional Allocative Contextual

Fig. 9 The seven FORGE guidelines, what each asks of the instructor in practice, and the dimension
each answers. Color marks the five categories.

7 Discussion782

7.1 What FORGE Adds783

FORGE makes four contributions. The first is a descriptive vocabulary for the human-784

AI exchange. Studies that treat AI assistance as a one-shot generation task reduce785

that exchange to a single variable, “using ChatGPT” or “prompting.” Such studies786
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therefore lack the vocabulary to distinguish a productive exchange from an unproduc-787

tive one (Section 2.1). Interaction Style (D4) and Inquiry Direction (D5) supply two788

of the missing parameters. An instructor whose progress stalls during V&V can then789

identify a mismatch between prompts that remain directive and a decision that has790

reopened scope. The second is a prescriptive set of guidelines, G1–G7, stated in terms791

of materials, phases, and judgment. The guidelines carry no course-specific content792

and may therefore apply wherever instructional materials are developed. The third is793

alignment with systems engineering. FORGE’s three phases correspond to the distinct794

requirements, design, and V&V processes of systems engineering. G3 bounds verifi-795

cation effort at the optimum that systems engineering reports, and G7 assigns the796

instructor the role of systems integrator (INCOSE, 2015). FORGE therefore brings797

an established process model to a task previously left to improvisation. The fourth is798

a low cost of adoption. Both cases realized the Reader, Writer, and Critic within one799

shared LLM session through role-scoped prompting. Role-scoped prompting depends800

on no tool-specific feature and therefore reduces what an instructor must adopt.801

7.2 Limitations802

The demonstration’s setting is narrow. FORGE was applied by a single instructor in803

a single undergraduate information systems engineering course (IEE 305, Fall 2025).804

Variation in how other instructors and other disciplines would apply the framework805

remains unobserved. The two case studies meet the design science standard of show-806

ing utility in representative settings. They are not a statistical sample, however, and807

support no population-level estimate.808

The evaluation carries its own limits. Surface-level checking was delegated to the809

Critic, and deeper pedagogical verification stayed with the instructor. This division810

records where the instructor set the boundary and does not measure what the Critic811

could have done. No student-facing measurement was collected, so the study reports812

how the materials were produced and not how they performed once administered.813

The study therefore cannot determine whether AI-assisted materials teach or assess814

differently from conventionally developed ones. In a comparable undergraduate course,815

students as a group could not identify which questions had been written with AI,816

yet scored about nine percentage points lower on those questions (Witsken et al.,817

2025). The presence of a similar effect in Exam 3’s items is unknown. The analysis is818

retrospective and rests on instructor prompts alone, so no claim about agent behavior819

can be checked against the record (Section 3).820

Three design choices in FORGE remain untested. The G6 prescription is grounded821

in the Exam 3 refinement loop but has not been tested against a control. Both cases822

used one commercial LLM tool at one pricing tier, so portability across model families823

and pricing tiers is assumed on architectural grounds. Role scoping within one session824

leaves the three AI roles sharing a context, so the Critic evaluates a draft it has825

already seen produced. However, shared context also carries criteria forward from one826

instruction to later work (Hashem et al., 2024). Separating the roles is therefore a827

tradeoff, and its effect on defect detection is unknown.828
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The role set and the order of work carry two further limits. The four-role set may829

be incomplete, since the Term Project twice invoked a Researcher agent for a dis-830

covery task the Reader is not defined to perform (Section 5.5). Exam 3’s workflow831

also presented the Writer’s complete draft before the instructor had formed an inde-832

pendent judgment. That order risks anchoring, in which the first draft seen sets the833

reference for every later judgment and is accepted more readily than its quality war-834

rants (Bansal et al., 2021). The size of that risk is contested (Beck et al., 2026; Romeo835

& Conti, 2026). Experiments outside education reduced it by withholding the AI’s836

output until the human had committed to a judgment (Romeo & Conti, 2026). None837

of the limits in this section affects the prompt counts and timings reported for both838

cases (Section 5).839

8 Conclusion840

FORGE was demonstrated in two case studies in one undergraduate course. Exam 3841

was developed by Dense Refinement on a convergent material, and the Term Project842

specification by Incremental Generation on a divergent one. Of the seven dimensions843

that define the design space, Interaction Style and Inquiry Direction are the two that844

current practice leaves underspecified. Under the same architecture, the two materi-845

als differed on the procedural, interactional, and allocative dimensions, while inquiry846

direction and input curation remained constant. Conversational prompts, which seek847

judgment, made up 26% of Term Project prompts, compared to 4% of Exam 3 prompts.848

Seven guidelines follow from that variation, and one set describes both materials. The849

guidelines align with the lifecycle and the integrator role of systems engineering.850

Four lines of future work follow. FORGE’s architectural grounding suggests that851

it transfers across disciplines, and comparative evaluation in other departments would852

test that expectation. G6’s prescription of an explicit AI question at each phase gate853

can be falsified by a controlled comparison against unidirectional and latent bidirec-854

tional inquiry. An AI Orchestrator whose only human gate is Final Acceptance would855

test whether G7’s allocation is necessary or only sufficient. Finally, wider evaluation856

should extend to cohorts of instructors, to program-level coordination, and to direct857

measurement of student learning outcomes (Section 7.2).858

Generative AI adds refinement steps to open-ended design that instructors would859

not otherwise take (Kim, 2026), and the FORGE guidelines turn those steps into deci-860

sions an instructor can plan for. The first decisions are to classify the next deliverable861

as convergent or divergent (G4), curate and scope its inputs (G1), and budget V&V862

effort to match (G3). Coordinators and researchers can use the dimensions as a vocab-863

ulary for comparing sections, semesters, and studies, provided session records retain864

agent responses alongside instructor prompts.865

Instructors already develop course materials with generative AI, largely without a866

shared method for the collaboration. FORGE gives that collaboration a vocabulary867

for describing it, guidelines for conducting it, and a grounding in the process models868

of systems engineering. With FORGE, an instructor can describe how a material was869

developed with AI, keep what worked, and carry it to the next deliverable.870
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