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Abstract. Generative artificial intelligence is promoted
as a way of tailoring instruction to learners, yet most
reported applications stay within language and general-
education settings, and few measure outcomes in
courses whose value lies in design and production skill.
This paper describes a four-module generative AI
framework for resource development that links learner
and content modelling, generation, assessment and
community iteration to a course-grounded knowledge
base, with the teacher reviewing before release. It was
evaluated in a twelve-week quasi-experiment in a
professional core course, Micro-lecture Design and
Production, at a Chinese vocational college. Two intact
classes (n = 45, 44) were taught by the same instructor,
who designed the framework; assignment was not
random. Covariance-adjusted posttest means differed
by 5.6 points (82.3 versus 76.7, p < .001, partial η²
= .24), and the framework-supported class reported
higher motivation and satisfaction; self-directed
learning differed modestly. Preparation time per unit
fell by half, though the work became more concentrated
and the knowledge base carried a large one-off cost.
Because the design cannot separate the framework from
the additional resources it produced, the results are
framed as associations rather than effects.
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1. Introduction
Large language models now draft explanations, summarise readings, compose practice

questions and rewrite passages for different reading levels, a capability documented from the

transformer architecture [1] to the scale at which instruction-following behaviour emerges [2].
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Differentiated instructional material is among the most labour-intensive parts of teaching and

is now one of the tasks generative AI supports most directly [3,4].

Institutional responses have been cautious but constructive. UNESCO treats generative AI as

a tool whose value depends on the governance and pedagogy built around it rather than on the

model [5], and reviews reach a similar conclusion about the potential and the risks [6]. What

determines whether such a tool helps is not what it generates but whether its output fits the

curriculum, the learners and the assessment already in place [7].

The empirical literature has not kept pace. Reviews keep finding the same profile — small

perception surveys, a concentration on writing and language learning, general-education

settings [8,9] — with three recurring weaknesses named in recent scoping work [10]. Many

studies report what students think about generative AI rather than what they learn with it; where

outcomes are measured, the intervention is usually the model's general capability rather than a

designed workflow another teacher could reproduce; and courses assessed on what students

make rather than what they recall are almost absent.

The gap is most consequential in teacher education, where using these tools well sits at the

junction of technology, pedagogy and subject matter [11], and studies of pre-service teachers

report positive attitudes but seldom test what those teachers can actually design [12]. Micro-

lectures make the question concrete: short videos are routine in blended, vocational and distance

teaching [13], and production quality rests on design judgements — how far to segment a topic,

how narration should sit against imagery — that experienced teachers apply tacitly and that

govern how long students watch and how much they retain [14].

We designed and evaluated a generative-AI-supported framework for personalised

instructional resource development (PIRD) in the professional core course Micro-lecture

Design and Production, taken by second-year Modern Educational Technology students at a

Chinese higher vocational college. The evaluation is a twelve-week quasi-experiment in two

intact classes combining an examination with validated scales, platform logs and interviews; it

asked whether achievement differs in a course whose outcomes are design and production skill,

how the affective outcomes compare, and what changes for the teacher. Two boundaries apply

from the outset: classes were not randomly assigned and the instructor was also a researcher,

so the design supports statements about association rather than effect, and the framework was

deployed as a package, so no difference can be attributed to a single component (Section 5.2).



Guihua Gao, Hanyan Cai, Shiru Zhu

27

2. Related Work

2.1. Generative AI in Education: From Capability to Application

Research on generative AI in education has grown quickly, with an uneven centre of gravity.

A systematic review catalogued largely pedagogical opportunities and challenges — adaptive

pacing, timely feedback, reduced administrative burden — along with the persistent difficulty

of aligning automated output with learning outcomes [4], while a companion review of higher

education found empirical work clustered around writing support, language learning and

student perceptions, with little attention to how instructors build the technology into a course

[8]. Recent scoping work adds a warning: without deliberate design, LLM output favours fluent

but shallow text over the disciplinary reasoning courses exist to develop [10].

Studies that do look at instruction tend to examine how students use a general-purpose

chatbot, not how a purpose-built system performs. Surveys across four universities found

benefits framed as efficiency and quality of explanation, and concerns framed as accuracy and

over-dependence [15]; a study in science education found strong performance on conceptual

questions and unreliable performance on procedural ones [16]. What remains unsettled is not

whether a language model can produce instructional text, but how to organise that capability so

the text is accurate, well pitched and tied to assessment.

2.2. Personalised and Adaptive Learning: The Older Evidence Base

Personalised instruction is an old ambition. Bloom framed the problem four decades ago:

one-to-one tutoring produces outcomes about two standard deviations above conventional

group instruction [17]. Reviews of adaptive learning document steady growth alongside

persistent methodological problems [18], and a multi-year implementation study found modest

average effects that varied across sites, with implementation strength predicting outcomes better

than the technology chosen [19].

A synthesis of this literature distinguishes what gets personalised: pace, content, sequence or

modality [20]. Most adaptive systems personalise pace and sequence through item-response

estimation, which helps little when the difficulty is representational — when a student cannot

connect a step she can already perform to the reason it works. Generative AI is attractive exactly

here, because it can produce alternative explanations and representations of the same concept

on demand. Two theories constrain how those alternatives should be graded: cognitive load

theory holds that worked examples lose their advantage as expertise grows, so the useful form

of a resource depends on the learner's current state rather than a fixed template [21], while the
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zone of proximal development adds that support should sit just beyond what the learner can

already do alone [22]. The framework operationalises both crudely, as a difficulty band with a

target success probability of .60 to .85 on the practice items attached to a resource (Section 4.5);

a three-level band is not a continuous estimate of what a student can do with help.

2.3. Resource Design and Assessment in Teacher-Education Courses

Instructional design for complex professional skills has its own tradition. The four-

component model organises learning tasks by whole-task progression [23], and Merrill's first

principles make the same point from the learner's side: new knowledge is best demonstrated in

the context of a task the student will perform [24].

Courses that produce instructional media add a second body of design knowledge.

Multimedia learning research has established that the way verbal and pictorial information is

combined determines how much of it learners can process, and that a small set of principles —

segmenting a presentation into learner-paced parts, presenting narration and imagery together

instead of duplicating one in the other, and signalling what matters — has consistent and

substantial effects [25]. These principles specify what a script, a storyboard and a screen layout

should look like, so a resource can be judged against criteria that do not depend on taste; Section

4.5 audits all 36 released resources against five of them. Assessment research points the same

way: formative assessment produces gains when it gives students information they can act on

[26], the effect depends on the quality of feedback rather than its quantity [27], and students

benefit most from feedback that helps them judge their own work against a standard [28]. For

generative AI this is also a hazard, since the model that supplies an immediate explanation can

also supply a fluent but wrong one: hallucination is a documented behaviour of language

generation rather than an occasional defect [29], which is why grounding output in a retrieved

corpus has become standard wherever factual reliability matters [30].

Teacher knowledge is the third element, and it is where this study sits. TPACK separates

what a tool can supply fromwhat only a teacher can decide [11]: the framework supplies content

knowledge (a concept graph and an item bank), technological content knowledge (tiered

explanations and annotated storyboards) and technological pedagogical knowledge (automated

assessment and the infrastructure for interaction), but no module supplies pedagogical content

knowledge — the judgement about what counts as a good micro-lecture on this topic, for these

students. That judgement sits at the review stage, which is why the stage is obligatory rather

than optional, and why the study measured student outcomes and teacher time rather than the

teacher's TPACK.
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3. Methodology

3.1. Research Design

The study used a quasi-experimental pretest-posttest design with two intact classes; random

assignment was not possible within the institution's timetable. The class that received

framework-generated resources is referred to as the experimental class and the other as the

control class. A pretest was administered in week one, the intervention ran for twelve teaching

weeks, and a posttest followed in week thirteen, with platform logs, interviews and teacher-side

time logs as supplementary data.

Three features of the design bound what can be concluded. Both classes were taught by the

same instructor, who had designed the framework and knew the group assignment, so

instructional behaviour cannot be assumed identical across classes. With 45 and 44 students the

study had 80% power to detect a difference of about d = 0.60, so smaller effects, the common

case in education research, would have gone undetected. The intervention was deployed as a

complete package, so the analysis estimates the association between the package and the

outcomes rather than the contribution of its components.

3.2. Setting, Participants and Ethics

The study was conducted at a public higher vocational college in Hunan Province, China, in

the professional core course Micro-lecture Design and Production, which runs for sixteen weeks

at four class hours per week in a digital media production workshop and covers the full

production cycle, from script writing to narration recording, editing and publishing. Two

second-year classes took part, giving 89 students after three were excluded for missing more

than two of the twelve weekly quizzes; one instructor taught both, with 45 and 44 students

respectively, using the same syllabus, textbook, workshop sequence and examination paper.

Students were told that declining or withdrawing would not affect their grades, that the two

classes would be taught with different supporting materials, and that the comparison would be

disclosed to both classes at the end of the semester; written consent was obtained from all 89.

Platform data were anonymised and students were referenced by pseudonymous identifiers.

Two measures were taken against the most obvious sources of bias. The examination was

marked against a scheme finalised before the intervention began, and its four design questions

were scored independently by two raters from a different department who had no teaching

contact with either class, were not told which class was which, and rated de-identified

submissions (agreement, ICC(2,2) = .81). Neither addresses instructional bias: the author
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designed the framework and taught both classes, and its screening rules were fixed before the

semester rather than adjusted during it (Section 5.4).

Because the materials supplemented rather than replaced instruction, the control class

received the full curriculum; delayed provision was judged the least restrictive way to permit a

comparison, and the package was released to control-class students after the posttest (Section

4.7).

3.3. The PIRD Framework

The design rests on one principle: generative AI should be embedded in a defined

instructional function, with a human decision at the point where material reaches students. It

has four modules supported by a shared service layer and is bounded above by a teacher review

stage that no resource bypasses (Figure 1); Table 1 summarises what each module does and

which teacher-side task it replaces.

Figure 1. Architecture of the proposed PIRD framework, showing the four modules, the shared service
layer, the feedback path from assessment back to learner modelling, and the teacher review stage at

which pedagogical content knowledge is exercised.
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Table 1. Functional design of the four framework modules.

The four modules form a chain. Module 1 combines pretest results, weekly quiz performance

and interaction logs into a per-student profile of mastery estimates and representation

preference, mapped to prerequisites through a hand-built concept graph of 118 nodes and 246

relations. Module 2 takes an objective, a difficulty band and a representation preference and

produces three candidate resources: a concise explanation, a worked example that unpacks one

annotated design decision, and guided practice items, with text and visual generation separated

so the system renders descriptions as labelled storyboard frames. Module 3 generates items

calibrated to the difficulty band, scores objective items automatically and script and design

questions through a marking scheme the instructor reviews before marks are released, and tags

incorrect responses against the concept graph to build the error profile that Module 1 uses when

updating mastery. Module 4 closes the loop: students can annotate a resource, ask a question in

a forum where the assistant drafts a reply for the instructor to approve, or request an alternative

explanation, and the request log is reviewed weekly.

The shared service layer holds the knowledge base, the retrieval component, the prompt

library and the analytics layer. The knowledge base contains the syllabus, three textbook

chapters, 42 annotated sample micro-lectures from previous cohorts, an item bank of 1,860

questions and anonymised transcripts of 96 hours of workshop demonstrations and design

critiques; retrieval returns grounded passages for each request. The teacher-in-the-loop stage is

narrow but non-negotiable: nothing reaches students without an explicit approval action.

Two parts of the knowledge base were built rather than collected, and their provenance bears

on transfer. The concept graph was constructed by the instructor together with experienced

Module Primary function Key technologies Teacher-side task
replaced

M1. Learner and
content modelling

Per-student mastery
and representation
profiles; course
concept graph

Diagnostic scoring;
log analysis;

prerequisite mapping

Manual review of quiz
and homework records

M2. Personalised
content generation

Tiered explanations,
worked examples,

guided practice items

Instruction-tuned
LLM; retrieval-

augmented generation;
storyboard rendering

Drafting of
differentiated handouts

and exercise sets

M3. Intelligent
assessment

Calibrated items,
automated scoring,

error profiles

Difficulty estimation;
structured marking
schemes; concept

tagging

Item writing; marking
of objective items;
error analysis

M4. Community
interaction and

iteration

Annotated discussion;
approval-gated replies;
resource regeneration

Forum integration;
request logging;
weekly analytics

Handling repetitive
questions; revising
materials between

cohorts
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teachers of the same course and revised over two rounds of independent review, in which a

node was retained only where the reviewers judged it a prerequisite for a topic the course

assesses and relations were kept only where they agreed on direction; the resulting graph was

then checked against the previous cohort's error patterns on the weekly quizzes. The item bank

was calibrated before release rather than written to a target in the abstract. Items inherited from

earlier cohorts carry difficulty estimates derived from their p-values in those cohorts' quizzes,

and items that were newly generated were reviewed by hand before entering the bank, so that

every item is stored with the topic and the difficulty band it was assigned. This is what allows

a generation request to specify a target difficulty band instead of leaving that judgement to the

model.

The system runs on an instruction-tuned LLM accessed through a commercial API, with an

off-the-shelf embedding model for retrieval [2]. No model was fine-tuned: discipline-specific

behaviour came from retrieval grounding and prompt design, which keeps the system portable

across courses and puts the burden of accuracy on the knowledge base. Module 3 reuses the

same embedding model for tagging instead of training a separate classifier.

3.4. Knowledge Grounding and Prompt Design

Generation follows a fixed seven-step workflow (Figure 2): define the objective, the

difficulty band and the output format; retrieve grounded passages; assemble a structured prompt

from a versioned template; produce three candidate resources; screen them automatically;

obtain the teacher's review and release; and collect performance data, which updates the learner

profile and closes the loop.

The screening in step 5 is where an unchecked model could release a plausible error. Each

candidate is checked on alignment with the objective, on unsupported factual claims relative to

the retrieved passages, on readability, and on consistency between the declared difficulty band

and the estimated item difficulty. From week six, after the audits reported in Section 4.5 showed

that design-level properties were being missed, signalling markers and temporal contiguity

between narration and imagery were added as further checks. A candidate that fails is

regenerated once, and a second failure flags it for manual attention.

Prompts were reusable templates with four slots — role, task, constraint and exemplar. One

constraint-slot template asks the model to explain to second-year pre-service teachers how

narration and on-screen imagery should be synchronised in a micro-lecture, in at most 400

characters and drawing only on the retrieved passages, while the exemplar slot holds one
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instructor-approved resource that fixes tone and structure. Structured prompts of this kind, and

explicit step-by-step reasoning cues, change output quality substantially [31]. The templates

used here are the fourth revision, iterated through a two-week pilot.

Figure 2. Seven-step resource generation workflow with automated screening and teacher review.

Three design decisions shaped the results. Every request carries an explicit difficulty band

instead of leaving that judgement to the model. The grounding requirement is enforced in the

prompt and then checked automatically, which reduces unsupported claims without eliminating

them. And the framework offers several variants at once, on the reasoning that choosing

between options is easier than specifying the answer in advance — a decision that had a

consequence for students we had not anticipated (Section 4.7).

Retrieval is fixed rather than tuned. The corpus described in Section 3.3 is chunked and

indexed offline, and a request is answered from a bounded set of the highest-ranked passages

for that query rather than from the whole corpus; the grounding check in step 5 is then carried

out against exactly those passages, so the retrieved set places a hard ceiling on what can be

released. The same retriever serves generation in Module 2 and concept tagging in Module 3,

so a released resource and the error profile derived from it rest on the same representation of

the course content. Two properties of this layer matter for replication. It is a replaceable

component rather than part of the intervention: the embedding model is a general-purpose, off-

the-shelf one and, like the generator, was not fine-tuned, so the framework's behaviour was

pinned to the knowledge base and the prompt templates rather than to a particular vector space,

and a re-implementation can substitute another embedding model without altering the
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framework's logic. And no retrieval setting was tuned on outcome data: the values in force

during the semester were those configured before it began and were left unchanged while it ran.

3.5. Instruments

Four instruments were used. Achievement was measured by a 100-point examination with

40 objective items worth 40 marks and four design questions worth 60 marks, written by the

teaching team and piloted on a previous cohort. Learning motivation used an adapted 14-item

MSLQ subscale covering intrinsic goal orientation and task value [32]; satisfaction used a 10-

item scale adapted from earlier work on technology-supported courses; and self-directed

learning used a 12-item scale covering goal setting, strategy use and self-monitoring [28].

All self-report scales used a five-point Likert format, and reliability was estimated separately

at pretest and posttest (Table 2); the motivation measure was the weakest at pretest, and results

involving it are read with that in mind. Semi-structured interviews were held with 12 students

from the experimental class, chosen to span the achievement distribution, lasting between 22

and 38 minutes; intercoder agreement reached Cohen's κ = .74.

Table 2. Instruments, constructs, and reliability coefficients.

Instrument Construct
measured Items Response

format Source α (pretest) / α
(posttest)

Achievement
test

Course
knowledge
and micro-

lecture design
reasoning

40 objective +
4 design Score 0-100

Written by the
teaching team,
externally
reviewed

n/a / .87

Motivation
scale

Intrinsic goal
orientation

and task value
14 5-point Likert

Adapted from
Pintrich et al.

[32]
.79 / .83

Satisfaction
scale

Perceived
usefulness,
material
clarity,

continuance
intention

10 5-point Likert

Adapted from
prior

technology-
supported

course studies

.84 / .86

Self-directed
learning scale

Goal setting,
strategy use,

self-
monitoring

12 5-point Likert
Adapted from
Zimmerman

[28]
.81 / .85

Because the three self-report scales are adaptations rather than new instruments, their

adaptation is described here. Each was translated into Chinese and then back-translated to check

that the items retained their meaning, with discrepancies resolved by discussion rather than by

dropping items, so that the scales can be read as the instruments they are adapted from. Two of

the three also inherit a validated factor structure: the motivation measure is the MSLQ subscale
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whose intrinsic goal orientation and task value dimensions were established in the original

validation [32], and the self-directed learning measure follows the goal setting, strategy use and

self-monitoring structure reported by Zimmerman [28] and used since. The present study

therefore treats the factor structure of the scales as inherited rather than re-established, and

reports reliability rather than a new factor solution. With 89 respondents and 36 items across

the three scales, the case-to-item ratio is roughly 2.5 to 1, well below the 5 to 1 usually advised

for exploratory factor analysis and far below what a confirmatory model would need; a solution

estimated on this sample would be unstable, and none is reported. Scale scores are used as

observed composites, and the coefficients in Table 2 should be read alongside the original

validations rather than in place of them.

3.6. Intervention Procedure

The intervention ran for twelve consecutive teaching weeks. In the experimental class, each

topic was supported by three framework-generated resources released at the start of the week

alongside the standard textbook reading, and students could request alternative explanations

and extra practice items through the platform, with every request logged. The control class

covered the same topics with the same syllabus and workshop sequence, using the textbook,

the instructor's slides and a fixed exercise set from previous cohorts, with no additional

materials and no access to the assistant. The asymmetry in material volume is treated as a

confound rather than a design feature: experimental students received roughly three times as

many resources and, through the request mechanism, substantially more practice and feedback

(Section 5.2).

Several features were held constant: the same contact hours, workshop exercises and weekly

ten-item quiz. The quizzes differed in origin but not in coverage, since experimental quizzes

came from the approved pool of generated items and control quizzes from the historical bank,

with each item matched on topic and estimated difficulty beforehand. What could not be held

constant is how much additional material each student worked through, since time on task was

not recorded for the control class, whose practice material was distributed on paper.

3.7. Data Analysis

Analysis was carried out in SPSS 26. Baseline equivalence was tested with independent-

samples t tests and χ² tests, and we report 95% confidence intervals for the differences rather

than relying on the significance test alone, since at this sample size a non-significant difference

is not evidence of equivalence.
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The primary outcome, posttest achievement, was analysed with analysis of covariance using

pretest score as the covariate. Four assumptions were checked and are reported with the result:

normality of the residuals within groups (Shapiro-Wilk), homogeneity of error variance

(Levene's test), a linear relationship between covariate and outcome within each group, and

homogeneity of regression slopes. The between-group difference is reported as an adjusted

mean difference with a 95% confidence interval, next to the raw difference.

Affective and skill outcomes were analysed with a mixed analysis of variance, group between

subjects and time within. The group × time interaction is the confirmatory test; where it was

significant, the posttest between-group comparison is reported as a difference with a 95%

confidence interval and as a standardised mean difference with its own interval. Because four

confirmatory outcomes were tested, the corresponding p values are also reported after Holm

correction [33] within that family. Interview transcripts were analysed thematically following

Braun and Clarke's six-phase procedure [34], with two coders working independently and

disagreements resolved by discussion.

4. Results

4.1. Baseline Equivalence

The two classes did not differ significantly on any baseline measure. As Table 3 shows, they

were comparable in gender composition, age, prior grade point average and prior experience

with AI tools, and their pretest achievement scores were statistically indistinguishable (68.4

versus 67.2, t(87) = 0.58, p = .56). Self-reported motivation, satisfaction and self-directed

learning at pretest also showed no significant differences, with all p values above .60.

The intervals tell a more careful story than the tests. The 95% confidence interval for the

pretest achievement difference was [-2.9, 5.3] points, so a real baseline gap of several points

cannot be excluded, and the same holds for the other continuous measures. With 89 students,

equivalence is not something this study can demonstrate, so baseline balance is a reason for

caution rather than a licence to attribute the posttest difference to the intervention.
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Table 3. Baseline characteristics of the two intact classes.

4.2. Academic Achievement

The experimental class scored higher on the end-of-term examination. Raw posttest means

were 82.6 (SD = 8.1) and 76.4 (SD = 9.3), a difference of 6.2 points, 95% CI [2.6, 9.8], d =

0.71 [0.28, 1.14]. Analysis of covariance with pretest score as the covariate gave adjusted means

of 82.3 and 76.7, an adjusted difference of 5.6 points, 95% CI [2.9, 8.3], F(1, 86) = 27.4, p

< .001, partial η² = .24. All four assumption checks were acceptable, including homogeneity of

regression slopes. The full test statistics are given in Table 4.

Table 4. Achievement test results with analysis of covariance.

The distribution of scores says something the means do not: 31 of 45 experimental students

(68.9%) scored above 80, against 18 of 44 (40.9%) in the control class, χ²(1) = 7.03, p = .008,

and 4 against 11 scored below 70, so the difference was not confined to the top of the

Characteristic Experimental
(n = 45)

Control
(n = 44) Test statistic p Difference

[95% CI]
Female, n (%) 15 (33.3) 14 (31.8) χ² = 0.02 .88
Age, M (SD) 19.4 (0.8) 19.5 (0.8) t = -0.58 .56 -0.1 [-0.5, 0.3]
Prior GPA, M

(SD) 76.8 (6.4) 77.3 (6.1) t = -0.38 .71 -0.5 [-3.1, 2.1]

Prior use of AI
tools, n (%) 27 (60.0) 24 (54.5) χ² = 0.27 .60

Pretest
achievement,
M (SD)

68.4 (9.6) 67.2 (10.1) t = 0.58 .56 1.2 [-2.9, 5.3]

Pretest
motivation, M

(SD)
3.71 (0.62) 3.66 (0.59) t = 0.39 .70 0.05 [-0.20,

0.30]

Pretest
satisfaction, M

(SD)
3.55 (0.60) 3.58 (0.63) t = -0.23 .82 -0.03 [-0.28,

0.22]

Pretest self-
directed

learning, M
(SD)

3.42 (0.58) 3.45 (0.61) t = -0.24 .81 -0.03 [-0.28,
0.22]

Note. CI = confidence interval. All tests are two-tailed with df = 87. Dashes indicate categorical
variables, for which a difference in means is not defined.

Group n Pretest M
(SD)

Posttest M
(SD)

Adjusted
posttest M

(SE)

95% CI for
adjusted
mean

Experimental 45 68.4 (9.6) 82.6 (8.1) 82.3 (0.95) [80.4, 84.2]
Control 44 67.2 (10.1) 76.4 (9.3) 76.7 (0.96) [74.8, 78.6]

Note. Adjusted difference = 5.6 [2.9, 8.3]; F(1, 86) = 27.4, p < .001, partial η² = .24; raw difference =
6.2 [2.6, 9.8], Cohen's d = 0.71 [0.28, 1.14]. Assumption checks: Shapiro-Wilk W = .98, p = .31
(experimental) and W = .97, p = .24 (control); Levene F(1, 87) = 1.42, p = .24; covariate-outcome r
= .62 and .58 within groups; covariate-by-group F(1, 85) = 0.71, p = .40. CI = confidence interval.
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distribution.

The two halves of the examination moved differently: on the 40 objective items the classes

scored 34.1 and 32.4, a difference of 1.7 marks, and on the four design questions 48.5 and 44.0,

a difference of 4.5 marks. The proportional gap is larger on the design questions, where a well-

grounded worked example should help most, but a sample of this size cannot establish that the

two gaps differ reliably, so the pattern is suggestive rather than evidence that the framework

acted specifically on design reasoning.

Weekly quizzes tracked the same pattern (Figure 3): the classes began close together, at 71.2

and 70.4, and the gap widened during weeks four to seven, which cover script writing and

storyboarding, then held at about six points. That timing is not accidental, since those are the

two topics with the densest prerequisite structure in the concept graph, and they generated 214

of the 583 requests logged across the semester.

Figure 3. Mean weekly quiz scores for the two classes across twelve teaching weeks.

One further check bears on the volume confound discussed in Section 5.2. If the difference

were driven mainly by students working through more material, platform use should track

performance within the experimental class. It does not: request count correlated weakly with

posttest score, r(43) = .14, p = .36, and students in the top quartile of requests scored 83.1

against 82.4 for the rest, t(43) = 0.36, p = .72. With 45 students this is a weak test, and a null

association cannot exclude a volume effect that operated equally across the class.
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4.3. Motivation and Satisfaction

Both classes became more motivated, and the framework-supported class did so to a greater

degree: the group × time interaction was F(1, 87) = 11.6, p = .001, partial η² = .12, with posttest

means of 4.19 (SD = 0.52) against 3.84 (SD = 0.57), a difference of 0.35, 95% CI [0.12, 0.58],

d = 0.64 [0.21, 1.07]. Learning satisfaction followed a similar and slightly stronger pattern: 4.33

(SD = 0.48) against 3.97 (SD = 0.55), a difference of 0.36, 95% CI [0.15, 0.57], interaction F(1,

87) = 18.9, p < .001, partial η² = .18, d = 0.70 [0.27, 1.13]. Descriptive statistics appear in Table

5 and Figure 4; the posttest comparisons appear in Table 6.

Table 5. Pretest and posttest scores on the affective and skill outcomes.

Figure 4. Pretest and posttest scores on achievement and on the three affective and skill measures.

Table 6. Posttest between-group comparisons with confidence intervals and multiplicity correction.

Variable
Exp.
pretest
M (SD)

Exp.
posttest
M (SD)

Ctrl.
pretest
M (SD)

Ctrl.
posttest
M (SD)

F (group
× time) p partial η²

Learning
motivation

3.71
(0.62)

4.19
(0.52)

3.66
(0.59)

3.84
(0.57) 11.61 .001 .12

Learning
satisfaction

3.55
(0.60)

4.33
(0.48)

3.58
(0.63)

3.97
(0.55) 18.90 <.001 .18

Self-
directed
learning

3.42
(0.58)

4.05
(0.51)

3.45
(0.61)

3.71
(0.58) 5.41 .022 .06

Note. All F tests in this table are the mixed-analysis-of-variance group × time interaction, with df = 1,
87. The partial η² values describe that interaction; posttest between-group differences, including the
covariate-adjusted achievement comparison (F(1, 86)), are reported in Table 6.
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The two kinds of statistic are not interchangeable: in Table 5 the interaction F and partial η²

describe change over time, whereas the standardised differences in Table 6 describe the gap

between classes at posttest. The multiplicity correction changes no conclusion, since every

Holm-adjusted p value leads to the same decision as the uncorrected one.

4.4. Self-Directed Learning and Creative Design Performance

Self-directed learning followed the affective measures with a smaller margin: posttest means

of 4.05 (SD = 0.51) and 3.71 (SD = 0.58), a difference of 0.34, 95% CI [0.11, 0.57], d = 0.62

[0.19, 1.05], interaction F(1, 87) = 5.4, p = .022, partial η² = .06. This is the weakest of the

significant comparisons and the one that would change if a stricter correction were used; Holm

correction within the family leaves it significant at .044, and we read it as tentative rather than

settled.

A fifth measure is noted only for completeness. A five-dimension creative design rubric

produced a nonsignificant difference of 0.07 scale points, 95% CI [-0.22, 0.36], p = .25, with a

ceiling on three of the five dimensions. Because it measured a transfer the framework was not

built to produce and could not discriminate among competent work, the result is uninformative

in either direction and is not treated as a finding.

4.5. Resource Quality: Multimedia Design Principles and Difficulty
Calibration

The principles cited in Section 2.3 are the criteria against which the micro-lectures students

were asked to produce would be judged, so a framework that models them should satisfy them.

All 36 released resources were audited against five of these principles by two raters, with

agreement of Cohen's κ = .71 (Table 7).

Variable Difference [95%
CI]

Cohen's d [95%
CI] p p (Holm)

Academic
achievement
(adjusted)

5.6 [2.9, 8.3] 0.71 [0.28, 1.14] <.001 <.001

Learning
motivation 0.35 [0.12, 0.58] 0.64 [0.21, 1.07] .001 .003

Learning
satisfaction 0.36 [0.15, 0.57] 0.70 [0.27, 1.13] <.001 <.001

Self-directed
learning 0.34 [0.11, 0.57] 0.62 [0.19, 1.05] .022 .044

Note.Achievement is the covariate-adjusted difference in examination marks; the remaining rows are
posttest differences in scale points. Holm = Holm-Bonferroni correction within the family of four
confirmatory comparisons. CI = confidence interval.
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Table 7. Audit of released resources against five multimedia design principles.

Compliance was high on three principles and weak on the other two, and the weak two were

exactly the properties the screening step did not check before week six: screening on textual

properties did not transfer to design properties visible only when narration and image are

considered together.

Difficulty calibration can be assessed in the same way, since Module 3 scores the practice

items that accompany each resource. Mean realised accuracy was .72, inside the .60 to .85 target

in 29 of 36 resources (81%), and misses were concentrated in the first three weeks, when 5 of

12 resources fell outside the band against 2 of 24 thereafter. Because realised accuracy is a post-

hoc quantity while the band was set in advance, this checks calibration rather than tests it.

4.6. Resource Development Efficiency

The teacher-side effects rest on logs rather than self-report and are the most directly

interpretable figures in the study. Table 8 compares the conventional workflow used with the

previous cohort against the framework-supported workflow used here, per teaching unit of four

class hours, across the 16 units of the course.

Total preparation time fell from 6.8 to 3.2 hours per unit, a paired difference across the 16

units of -3.6 hours, t(15) = -11.4, p < .001, and its composition changed: drafting fell from 4.5

to 1.1 hours while review and editing rose from 1.0 to 1.7 hours. The task shifted from authoring

to reviewing.

The saving needs three qualifications, and they matter more than the headline. Released

resources per unit tripled, so on a per-resource basis the comparison is not 3.2 against 6.8 hours

Multimedia principle Operational check applied to
the released resource

Resources passing, n = 36
(%)

Segmenting
Content divided into learner-
paced parts of 120 seconds or

less
33 (92)

Signalling Key elements explicitly marked
in the script or in the framing 30 (83)

Redundancy No duplication of spoken
narration as on-screen text 35 (97)

Temporal contiguity Narration and the imagery it
describes presented together 28 (78)

Modality
Spoken narration used in place
of on-screen prose alongside

imagery
34 (94)

Note. Rated by two raters from scripts and storyboards; inter-rater agreement, Cohen's κ = .71. From
week six the screening step added checks for signalling and temporal contiguity, after which
compliance with contiguity rose from 64% to 89% and with signalling from 72% to 91%.
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but 1.07 against 6.8: part of the gain was reinvested in more varied material rather than in

reduced workload. The work also became more concentrated. The instructor judged that 74%

of the framework-workflow time required disciplinary judgement, against 31% before, so

although total preparation time roughly halved, the absolute time spent on disciplinary

verification changed little, from about 2.1 to 2.4 hours per unit. The global workload rating fell

from 4.31 (SD = 0.28) to 3.14 (SD = 0.41), a paired difference of -1.17, t(15) = -9.7, p < .001,

consistent with less total effort but a heavier demand per minute. Finally, these figures describe

steady-state operation and exclude the cost of building the knowledge base: charged to the first

cohort alone, that cost raises the figure from 6.8 to about 20.7 hours per unit, and the approach

breaks even only after roughly 78 teaching units, or five cohorts.

Table 8. Resource development efficiency per teaching unit of four class hours.

Review effort rose by 70%: 68% of released resources were accepted without edit, 22%

needed minor revision and 10% were discarded, and the discard rate fell from 19% in the first

Indicator Conventional
workflow

Framework-
supported workflow Change

Drafting time per unit,
h 4.5 1.1 -76%

Review and editing
time per unit, h 1.0 1.7 +70%

Other preparation time
per unit, h 1.3 0.4 -69%

Total preparation time
per unit, h 6.8 3.2 -53%

Resources released per
unit 1 3 +200%

Preparation time per
released resource, h 6.8 1.07 -84%

Share of preparation
time requiring
disciplinary
judgement, %

31 74 +43

Disciplinary-
judgement time per

unit, h
2.1 2.4 +14%

Global workload
rating per unit (1-5), M

(SD)
4.31 (0.28) 3.14 (0.41) -1.17

First-cohort cost per
unit including

knowledge base, h
6.8 20.7 +204%

Note. Conventional figures come from the previous cohort of the same course (n = 47), taught by the
same instructor. Unit = four class hours; with 16 units, paired comparisons have df = 15. Knowledge-
base construction is a one-off cost of about 280 hours, excluded from the steady-state rows and included
in the first-cohort row; the approach reaches break-even after roughly 78 teaching units of reuse.
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three weeks to 4% by week eight, suggesting that the templates and the knowledge base

improved through use.

4.7. Student Perceptions

Thematic analysis of the twelve interviews produced four themes. Perceived relevance came

up most often: students valued the fit between the generated material and the specific teaching

points they were working on, and several contrasted it with general-purpose chatbots, which

produced answers that sounded right but did not match the workshop's approach. Cognitive

load was the second theme: the tiered resources made it easier to start a topic, but a smaller

group said the abundance of material created a new problem, namely which of three variants to

read first. Trust was the third, and it pointed in two directions at once: students trusted the

material because the instructor had approved it, distrusted general chatbots for the mirror-image

reason, and yet credited the discussion that followed a generated explanation, rather than the

explanation itself, for their improvement. That suggests the teacher-in-the-loop stage works as

a credibility signal and not only as a quality filter.

The fourth theme, raised by six students, was fairness. Two in the experimental class worried

that access to the assistant gave them an advantage they had not earned, and four asked at the

disclosure session whether the control class had been disadvantaged. Two control-class students

had asked during the semester why the classes were taught differently and were told only that

the difference would be explained later, which protected the comparison but left a legitimate

question unanswered. After disclosure, 29 of 44 control-class students (66%) downloaded at

least one unit's set within two weeks and nine attended an additional tutorial; delayed provision

did not resolve the equity question, because half the cohort still spent a semester without a

support that the study suggests was useful.

5. Discussion

5.1. Interpreting the Achievement Difference

The central result is a difference of about 5.6 points between two intact classes in a course

that would seem to resist automated support. Micro-lecture design is procedural, judgement-

heavy and tool-specific: quality depends on decisions experienced teachers rarely put into

words, and generic models produce scripts that read fluently while ignoring the principles that

make a short video learnable. Because assignment was not random, and both classes were taught

by the instructor who built the framework, the difference is an association and not an effect,

and three features of the design are plausible candidates for it, none separable from the others.
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Grounding is the first: restricting generation to passages retrieved from a course-specific

knowledge base constrains the model to the terminology, design conventions and evaluation

criteria students meet in the workshop, which addresses the mismatch they themselves

described. Difficulty calibration is the second: because every request carried an explicit

difficulty band and a representation preference, material was pitched at the level the learner

profile indicated, and the check reported in Section 4.5 shows the target was met for most

resources. This connects to the personalisation literature, addressing the representation and

explanation dimensions that item-response systems handle poorly [20], and operationalising,

crudely, the graded fading of support that cognitive load theory recommends [21]. Teacher

review is the third: it did not remove the instructor but moved the effort from composing to

verifying and, in TPACK terms, left pedagogical content knowledge with the person who had

it, so the difference reflects generated resources, expert review and the additional material

released together, which this study cannot separate.

5.2. What This Design Cannot Separate

Three rival explanations are worth naming, and one is more plausible than the framework-

based account. The first is the bundle itself: the framework combined a knowledge base,

retrieval grounding, difficulty calibration, teacher review, three variants per objective,

automated screening and a request mechanism, and the study reports a single estimate for all of

them together. A difference attributed to "the framework" is therefore a statement about a

package that could be more or less effective than any of its parts.

The second explanation is the most plausible of the three and the least exotic: the

experimental class received more of everything — three resources per unit instead of one, a

mechanism for requesting further explanations and further practice, and a teacher who was

reviewing material rather than writing it. Increasing the quantity of practice with feedback is

one of the better-established ways to raise achievement, and this study did not hold it constant.

The platform logs offer a partial answer: request frequency was unrelated to posttest score

within the experimental class, which argues against a simple dosage account for the more

engaged students but cannot rule out an effect operating for everyone. Until the comparison is

made, the conservative reading is that this study evaluated a resource-rich package, not an AI

component within a fixed quantity of instruction.

The third is differential attention. A teacher who designed a framework and knows which

class is receiving it is not a neutral instrument, and expectancy effects are hard to exclude when

the same person teaches both groups. Measurement was constrained by a fixed marking scheme
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and blind scoring, but delivery was not, so the estimate is better read as an upper bound. A

design that could decompose the package needs at least three arms beyond a control: the full

framework, a grounded-only arm with calibration and the variant mechanism disabled, and a

volume-matched arm in which the control class receives three conventional resources and an

equivalent practice set with no generative component. The third arm matters most, because it

separates the technology question from the quantity question.

5.3. Implications for Practice

The knowledge base is the binding constraint. The efficiency gain came from keeping

generation on grounded content, so the quality of that grounding decides whether the output is

useful or merely fluent. An institution considering a similar approach should budget for

knowledge-base construction as the main cost, not for model access, which is cheap by

comparison.

The cost structure is not what the headline number suggests. Preparation time per unit halved,

but per released resource it fell much further, and the absolute time spent on disciplinary

verification barely moved; the pattern to expect is a redistribution towards less drafting, more

verification, more volume and more concentration. In TPACK terms a framework of this kind

can supply content, representational and assessment knowledge, but the judgement about what

counts as good work in a given course stays with the teacher, which is why the review stage is

not a transitional safeguard that better models will make unnecessary.

There is a student-facing implication too: some students handled three variants well and

others did not know where to start, so a short orientation in the first week, and possibly a

recommended reading order in the interface, would fix a problem the framework created rather

than solved. Finally, on these figures the approach is more expensive than the conventional

workflow for at least the first cohort and becomes cheaper only on reuse — a normal profile

for an investment in reusable material, but not what "preparation time fell by half" conveys on

its own.

5.4. Limitations

The most serious limitation is the non-random assignment of classes. The groups were

equivalent on every baseline measure collected, but the confidence intervals in Table 3 show

how little that establishes at this sample size, unmeasured differences between intact classes

cannot be ruled out, and the design does not support causal claims. The instructor also designed

the framework, taught both classes and knew the group assignment, so expectations cannot be
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entirely excluded even though the examination scheme was fixed in advance and the design

questions were scored blind. Replication with instructors who did not build the system is needed

before the results travel.

The second limitation is the bundle described in Section 5.2: the study cannot attribute the

difference to grounding, calibration, teacher review or added volume, and the volume

explanation is the most obvious rival account. Time on task was not measured for the control

class, and the study could detect only effects of about d = 0.60 or larger, so the self-directed

learning result would not have been detected had it been smaller. The scope is narrow for the

same reason: one course, one institution, 89 students, twelve weeks, with the posttest collected

immediately after the intervention, so nothing here speaks to retention.

The self-report scales carry a further limitation of the same kind: they were translated and

back-translated but not re-validated in this cohort, so their construct validity rests on the original

instrument validations rather than on evidence collected here.

Finally, the ethics of unequal access deserve to be stated rather than acknowledged in passing.

Half the cohort spent a semester without a support that appears to have helped their peers, a

deliberate design choice made to permit a comparison. Releasing the materials after the posttest

mitigates but does not undo the asymmetry, and in an institutional deployment the question of

who receives AI-supported instruction, and on what basis, would have to be settled as policy

rather than as an experimental condition.

6. Conclusion
This study asked whether generative AI can support instruction in a course whose outcomes

are made rather than recalled, when it is organised around a defined framework instead of used

as a general-purpose assistant. The evidence is consistent with a moderate positive association:

after adjusting for pretest achievement, the framework-supported class scored 5.6 points higher,

reported higher motivation and satisfaction, and showed a smaller gain in self-directed learning,

though the design cannot separate the framework from the extra resources that came with it.

Two conclusions survive those qualifications. Grounding and calibration are not optional

refinements: general models produce fluent material about teaching and learning, and fluent

material that is subtly wrong is worse than nothing for students who cannot yet tell the

difference, so restricting generation to a curated knowledge base and fixing the difficulty of

output against a learner profile are what made generation usable as instruction here. And the

teacher stays in the loop, which is where the pedagogy lives. The most defensible claim the
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study supports is not that generative AI teaches, but that a constrained generative workflow

changes what a teacher can produce in the time available, at the price of a substantial upfront

investment.

Three questions follow. Does the association hold when the volume of material is held

constant, as in the ablation study described in Section 5.2? Does it persist beyond the semester

and outside the course for which the knowledge base was built? And how should the benefits

be distributed when access cannot be universal and a comparison requires that it is not?
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