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Abstract. As generative Al becomes embedded in instructional design,
understanding how novice designers reason about AI’s pedagogical impli-
cations is critical. This study examines how principle-based pedagogical
reasoning and Al integration reasoning co-develop in 27 instructional
design graduate students across four learning science modules. Students
completed paired pre/post constructed responses scored on two analytic
rubrics and two categorical codes capturing agency framing and locus of
control. Both principle-based pedagogical reasoning (d = 1.39) and Al
integration reasoning (d = 1.31) improved substantially, with AI inte-
gration gains more uniform across modules than principle-based gains.
Principle-based pedagogical reasoning was significantly associated with
Al integration reasoning, with positive cross-dimensional correlations
across all rubric criteria. This indicates that the association extends be-
yond surface familiarity to recognition, strategy, and explanatory compo-
nents. Students’ agency framings shifted significantly toward human-led
conceptions, as “Human Leads + AI Supports” nearly doubled (11.5% to
20.6%) while “AI Threatens” decreased (8.7% to 3.7%). However, their
perceived locus of control remained comparatively stable. These findings
suggest that grounding in learning science principles supports more so-
phisticated reasoning about AI’s pedagogical role and more collaborative
conceptions of human-Al partnership in instructional design.
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1 Introduction

Advances in generative Al have made it possible for people with limited domain
expertise to produce polished educational materials in minutes, from lesson plans
to quizzes. Education has been quick to adopt these tools, with instructors in-
creasingly using large language models (LLMs) to generate the very assignments
that students may also use LLMs to complete |3, 8]. These capabilities have also
enabled genuinely novel learning experiences, including instruction that can be
personalized in real time and adapted to learners’ needs at a scale that was
previously difficult to achieve [2]. Yet the ease of producing such educational
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content does not guarantee the quality of learning it supports. Designing effec-
tive instructional materials requires nuanced reasoning about how specific design
choices elicit learning processes [14]. This type of reasoning is continually devel-
oping for novice instructional designers and new instructors, even as Al amplifies
their productivity [13,4]. This raises a central issue for Al-enabled instructional
design. When humans and AT co-produce learning materials, the ease of generat-
ing content may outpace designers’ ability to apply appropriate learning science
principles and reason about Al’s pedagogical implications.

Prior research has examined whether generative Al improves the quality of
instructional artifacts and whether Al-supported workflows affect learning out-
comes [8]. Yet the success of Al-supported instructional design depends not only
on the artifacts produced or outcomes observed, but also on the reasoning that
guides when and how Al is used to support learning [17]. If these tools promise
faster production and higher-quality learning experiences, then the next ques-
tion becomes what conditions make that promise plausible. One likely condi-
tion is that designers possess enough pedagogical content knowledge to evaluate
whether Al-generated materials align with established learning science princi-
ples, rather than merely appearing well-structured or pedagogically sound on
the surface [19]. Without this evaluation, Al may accelerate the production of
superficially plausible activities that fail to activate the intended learning mech-
anisms [9]. Effective human-AT collaboration in instructional design requires de-
signers who can reason about how generative Al intersects with learning science
principles and make decisions about how Al-generated suggestions should be
adopted, adapted, or rejected.

These considerations motivate the need to characterize how Principle-based
Pedagogical Reasoning (PPR) and AI Integration Reasoning (AIIR) develop
together in instructional designers. Drawing on existing frameworks for peda-
gogical content knowledge [22, 28] and AT literacy [18, 19], we distinguish these
two competencies central to Al-enabled instructional design. PPR refers to a
designer’s ability to recognize a learning science principle and justify instruc-
tional decisions in terms of that principle’s learning mechanisms. AIIR refers to
a designer’s ability to reason about how generative Al may support or hinder
those same mechanisms and to articulate principle-aligned adaptations for using
AT in instruction.

Understanding how novices frame AI’s role and responsibility in human—AT
instructional design work is central to supporting effective collaboration. To
address these gaps, we conducted a study that provides evidence on how novice
instructional designers’ AIIR develops in relation to PPR. We examine students
enrolled in a graduate instructional design course that included four learning
science modules. Across each module, students completed paired pre- and post-
instruction constructed responses. These responses act as observable evidence of
two linked competencies, with one focused on applying the given learning science
principle in lesson design and a second focused on reasoning about how generative
AT might shape learning and design decisions with respect to that same principle.
Using descriptive and inferential analyses of these eight paired assessments, we
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trace how students’ reasoning changes after targeted instruction and hands-on
experience using generative Al to generate and critique instructional materials.
Through this study, we address the following research questions:

RQ1: How do students’ principle-based pedagogical reasoning and Al inte-
gration reasoning develop from pre- to post-instruction, and do these develop-
mental patterns differ across learning science principles?

RQ2: What is the relationship between novice instructional designers’ un-
derstanding of learning science principles and their ability to reason about Al’s
pedagogical impacts, both overall and across specific dimensions of reasoning?

RQ3: How do novice instructional designers conceptualize human-Al agency
when reasoning about Al’s impact on learning, and do these conceptions shift
following instruction?

This work makes three contributions to research on Al-enabled instructional
design. First, it provides empirical evidence that novices’ PPR is positively asso-
ciated with the quality of their AIIR. Second, it identifies a developmental pat-
tern in which AIIR improves more uniformly than PPR across learning science
principles, suggesting that novices may acquire principle-general ways of eval-
uating AT’s pedagogical role. Third, it characterizes how novice instructional
designers conceptualize human-Al agency and control, revealing shifts toward
more human-led framings and comparatively stable perceptions of control. These
findings inform AIED tool and curriculum design that foreground pedagogical
judgment as a foundation for responsible Al integration.

2 Related Work

2.1 Pedagogical Reasoning in Instructional Design

Effective instructional design requires pedagogical content knowledge (PCK), the
specialized understanding of how to represent content in ways that make it com-
prehensible to learners [30,29]. Recent work has decomposed PCK into declar-
ative (knowledge of facts and principles), procedural (knowledge of instructional
procedures), and conditional (knowledge of when and why to apply particular
strategies) dimensions [24]. Research consistently shows that novices primarily
possess declarative and procedural PCK, while conditional develops only through
extensive practice [26]. This developmental trajectory mirrors broader models of
expertise acquisition in pedagogy, in which learners progress from acquiring ter-
minology and rules to explaining underlying mechanisms and flexibly responding
to novel situations [27,4]. Even trained teachers have demonstrated PCK and
subject matter knowledge that was weakly developed relative to their curriculum
design expertise [13], suggesting that PPR remains a persistent challenge even
beyond novice stages.

2.2 Generative Al in Instructional Design and Pedagogy

Generative Al tools are increasingly integrated into instructional design work-
flows for content creation, assessment development, and lesson planning [3, §].
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Beyond the quality of Al-generated content and its effects on learning outcomes,
effective integration also demands that designers reason about Al capabilities.
Specifically, how they interact with the mechanisms through which learning oc-
curs, in a way that requires expertise to critically evaluate Al output and mitigate
risks of over-reliance [9]. Emerging frameworks for Al literacy provide guidance
for characterizing such reasoning. Prior work has identified competencies span-
ning recognition of Al capabilities, understanding of how AI works, and critical
evaluation of how AI should be used [18]. UNESCO’s AI Competency Frame-
work for Teachers [19] specifies three progression levels of acquire, deepen, and
create. Novice designers typically operate at the acquire level, where they are
capable of recognizing that AI has implications for instruction, but unable to
analyze tradeoffs or propose nuanced design adaptations.

2.3 Human-AI Agency and Locus of Control

As AT becomes embedded in educational and instructional design practice, how
humans conceptualize their relationship with Al systems carries significant im-
plications for design decisions and learning outcomes [11, 31]. Theoretical frame-
works distinguish between Agency, who is positioned as the primary actor or
decision-maker, and Locus of Control, where influence over outcomes is per-
ceived to reside [28,23]. These constructs can diverge as a designer might frame
humans as rightfully leading AI integration (Agency) while also recognizing that
AT substantially shapes the resulting decisions (Locus of Control). Research on
human-Al collaboration further suggests that users’ mental models of Al sig-
nificantly affect how they interact with and evaluate AI outputs [25]. Common
conceptions can range from Al being a passive tool to being directed to an
autonomous agent that replaces human functions. Understanding how novice
designers conceptualize these relationships is essential for supporting principled
AT integration in instructional design [1,6].

3 Methods

3.1 Study Context and Participants

This study was conducted in a 14-week graduate course on educational technol-
ogy at a university in the United States (Spring 2024). The course emphasized
learning science principles and their application in instructional design. Students
entered with prior program coursework and some experience using generative Al
for educational tasks. The study focused on four one-week modules: Universal
Design for Learning (UDL), Guided Discovery, Fostering Help-Seeking, and Col-
laborative Learning. Each module followed a common structure where students
completed asynchronous e-learning materials (readings,/videos/formative assess-
ments) and attended two 80-minute in-person sessions (lecture, discussion, and
activities). Outside of class the students also completed bi-weekly projects in-
tended to provide hands-on experience with various pieces of popular educational
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technology, such as commonly used online course authoring platforms. As part of
these activities, students created microlessons incorporating each module’s focal
learning science principle using a scaffolded four-step process (topic selection,
learning objective formulation, assessment creation, and instructional content
writing). Following a counterbalanced A /B design, students alternated between
using generative Al (ChatGPT) to assist with microlesson creation and creating
the microlessons independently. When using generative Al, students were guided
to leverage it for drafting and refining lesson components, and to critically eval-
uate the output against the focal learning science principle’s mechanisms. Full
details of the microlesson design process, Al usage protocols, and quality evalu-
ation are reported in [21] and [22]. Students also completed a pre-test at the
start of each module and a post-test at the end, which form the primary data
for this study (Section 3.2).

Participants were 27 master’s students in an educational technology and
learning sciences program enrolled in a required second-semester course. Stu-
dents ranged in age from 22 to 36 years and self-reported gender was 21 female
and 6 male. To contextualize the label "novice instructional designers", we note
that most participants had limited formal teaching or instructional design expe-
rience. Students applied learning science principles across self-selected instruc-
tional contexts, such as technology, professional development, or cooking, rather
than a single content domain. All students reported prior exposure to generative
AT tools for general academic purposes and from previous coursework using it
for instructional and assessment development.

3.2 Assessment Instruments

Each module included a paired pre-test and post-test consisting of two constructed-
response prompts. The pre-test was administered prior to module instruction
and the post-test at the end of the module before the course moved to the next
topic. Students were prohibited from using generative Al for these assessments.
The first prompt elicited PPR by asking students to identify key lesson features
and strategies aligned with the focal learning science principle (“What are key
aspects of a lesson that incorporates strategies for [Principle/?”). The second
prompt elicited AITR by asking students to anticipate how generative AT might
shape learning and design decisions with respect to the same principle (“How
might the use of generative Al integrate with [Principle/?”). Across the four
modules and two timepoints, each student contributed eight response occasions
(4 modules x 2 timepoints), yielding two open-ended responses per occasion.
Responses were evaluated using two analytic rubrics and two categorical
codes, each informed by prior frameworks on pedagogical reasoning and response
structure. Rubric A, Principle-based Pedagogical Reasoning (PPR), draws on
PCK decompositions [24,15] and the SOLO taxonomy [5,7] to capture a three-
level progression from everyday recognition of a principle’s general idea. This in-
cludes partial technical articulation of strategies to integrated understanding of
its pedagogical implications. Rubric B, Al Integration Reasoning (AIIR), draws
on Al literacy and competency frameworks [18,19] to capture how students con-
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Table 1. Rubric dimensions for evaluating Principle-based Pedagogical Reasoning and
AT Integration Reasoning along with verbatim student excerpts presenting low vs. high
performance on each dimension.

Dimension Description Low Example (1) High Example (3)

Rubric A: Principle-based Pedagogical Reasoning

Principl . e e
nmep’e Recognition of core “it involves students “positive interdependence,
Recognition . P, .
concepts and working together individual accountability,
terminology and team interaction”
Strat . . . 1
rategy Identification of “guide students to  “By providing
Identification . . " e
instructional resources opportunities for students
strategies to self-reflect, you can”
R i . .
casoning Explanation of “lets them figure out “Because instructors are
Quality . .
purpose, context, and items by not the focal point of the
mechanisms themselves” lesson”

Rubric B: Al Integration Reasoning

Principle—Al

Connection Specificity of “help evaluate “adding captions or
ATl-principle material for UDL”  generating explanations to
connection clarify”

gt::rll(;)elexi ty Consideration of “could be used in “either aid or hurt the
benefits, risks, and constructing help-seeking, by
conditions scaffolding to help” providing”

gi;sﬁtr;:igr‘:e Forward-looking “teachers can “creating customized
implications for generate group materials based on the
practice assignments using” abilities of each group”

nect generative Al to the focal learning science principle. Scores progress from
generic statements about AI with no principle-specific connection, through par-
tial connection, to nuanced analysis involving multiple principle-linked tradeoffs
and constructive suggestions for practice. Because effectively using Al tools is
distinct from articulating how AI affects the learning mechanisms of one’s de-
signs, Rubrics A and B are scored independently for each response occasion.
Additionally, responses to the Al integration prompt were coded on two cate-
gorical dimensions informed by prior conceptualizations of human—AT agency [28,
23]. The first, Agency Framing, characterizes how the response positions the hu-
man—Al relationship (e.g. Al as a tool or Al as a threat). The second, Locus
of Control, characterizes where decision-making influence is perceived to reside
(e.g. Al-directed vs. human-directed). Table 1 summarizes the dimensions of
Rubrics A and B, each scored 0-3, with verbatim student excerpts illustrating
low and high scores. Table 2 defines the categorical coding schemes for Agency
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Table 2. Coding framework for agency framing and locus of control along with verba-
tim student excerpts illustrating each category.

Category Description Example

Agency Framing

AT Replaces AT takes over human functions; “Al could be the instructor and do
humans become passive the lesson”

AT as Tool Al as instrument humans use; “Students use it for more accurate
purely instrumental feedback”

Human Leads

+ AT Supports Human agency pr'%mary; Al “AT can be used t9 h”elp guide and
augments human judgment support the creation

Partnership Collaborative framing; shared, “generative Al can consult as a
complementary roles partial expert”

Al Threatens Al framed primarily as risk to “introduce biases that instructors
human roles or agency might not notice”

Locus of Control

Al-Directed AT makes primary decisions; “parse through student confused and
humans react or accept return to them a solution”

Shared Distributed decisions; human  “Generative Al can help with
and Al exercise judgment identifying where opportunities”

gir;iz;i Humans make decisions; Al “So the user still needs to have
provides input or options oversight”

Framing and Locus of Control with verbatim student excerpts for each category.
A complete version of the rubrics and codes used is made available®.

Across all response occasions, PPR responses averaged 25.8 words (SD =
22.1) and AIIR responses averaged 29.5 words (SD = 21.2). Post-test responses
were significantly longer than pre-test ones for both PPR (¢(26) = 5.82, p < .001)
and AIIR (¢(26) = 5.37, p < .001). Response length was strongly correlated
with rubric scores at the observation level (PPR r = .74, AIIR r = .61), which
is expected for constructed response measures where more elaborated reasoning
necessarily requires more text. Note, we re-estimated key models controlling for
word count and results were substantively unchanged.

3.3 Coding Procedures

Two raters with expertise in learning sciences and instructional design indepen-
dently coded all student responses, blind to student identity and timepoint. Prior
to independent coding, raters calibrated by reviewing the rubric and anchor ex-
amples, independently coding approximately 10% of responses per module, and
discussing disagreements until consensus was reached.

Following calibration, raters independently coded all remaining responses.
Inter-rater reliability was computed using weighted Cohen’s kappa (quadratic

3 https://osf.io/z8fhq/overview?view_only=7e55db53e7874ca4add3c63b06074cTb
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Table 3. Inter-rater reliability for the rubric dimensions and categorical tags.

Dimension Scale k % Exact Agreement
Rubric A: Pedagogical-based Principle
Al: Principle Recognition ~ 0-3 .79 81%
A2: Strategy Identification 0-3 .71 2%
A3: Reasoning Quality 0-3 .69 66%
Rubric B: AI Integration
B1: Principle-Al Connection 0-3 .77 74%
B2: Stance Complexity 0-3 .68 69%
B3: Constructive Orientation 0-3 .70 66%
Categorical Tags
Agency Framing 1-5 .84 79%
Locus of Control 1-3 .93 86%

weights) for the six ordinal rubric dimensions (A1-A3 and B1-B3, scale 0-3) and
unweighted Cohen’s kappa for the two categorical codes [10]. The categorical
codes required a substantive claim about AI’s relationship to the focal principle,
respounses too vague to reflect a codeable stance (n = 4, scoring at the floor on
Rubric B) were excluded, resulting in slightly reduced counts for the Agency
Framing and Locus of Control analyses. All disagreements were resolved via dis-
cussion to produce consensus scores used in subsequent analyses. Disagreements
were typically within one score point (adjacent categories), consistent with the
use of quadratic-weighted k for ordinal dimensions. As shown in Table 3, relia-
bility was moderate to substantial across all dimensions.

3.4 Analysis

All analyses account for within-student dependence across modules and time-
points. For each response occasion consisting of each module at each time-
point, rubric criteria scores were summed to produce composite totals forPPR
(Arotal = Al + A2 + A3, range 0-9) and AIIR (Brota = Bl + B2 + B3, range
0-9). This yields one Arya and one Brota for every student per module for
their pre- and post-test. Student pre-post development was then assessed using
two-way repeated-measures ANOVAs with Timepoint (pre, post) and Module
(UDL, Guided Discovery, Fostering Help-Seeking, Collaborative Learning) as
crossed within-subjects factors. This tests whether scores improved from pre- to
post-test and whether those gains varied by module. Effect sizes are reported
as generalized eta-squared (nZ) for ANOVA effects and Cohen’s d, for within-
subject paired comparisons. Additionally, to examine the relationship between
the two reasoning competencies, we computed Pearson’s r and Spearman’s p be-
tween rubric totals, fit a linear mixed-effects model predicting Broga from Arotal
with Module as a fixed effect and Student as a random intercept, and computed
cross-correlations between rubric subdimensions. Agency Framing and Locus of
Control distributions were compared across timepoints using chi-square tests,
supplemented by transition matrices and direction-of-change summaries.
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4 Results

In this study, we first examine whether students’ PPR (Rubric A) and AIIR
(Rubric B) improved from pre- to post-instruction across the four learning sci-
ence modules. We then test whether stronger PPR is associated with more so-
phisticated principle-linked AIIR for the same learning science principle. Finally,
we analyze how students’ agency framings of the human—AT relationship shift
over time as they gain knowledge of the principles and experience using genera-
tive Al in instructional design tasks.

Table 4. Pre-Post test comparison of Principle-based Pedagogical Reasoning and Al
Integration Reasoning scores.

Measure Pre M (SD) Post M (SD) Change Effect Size
Pedagogical Reasoning 3.25 (1.74) 5.07 (2.28) +1.82 d=1.39
AT Integration Reasoning 3.68 (1.72) 5.07 (2.04) +139 d=1.31

4.1 Development of Reasoning

Across the four modules, both PPR and AIIR improved from pre- to post-test
with large effect sizes (Table 4). For PPR, there was a significant main effect
of Timepoint (F(1,26) = 37.06, p < .001, nZ = .18) and a modest main effect
of Module (F(3,78) = 3.47, p = .02, n% = .04). This reflects that some princi-
ples, such as Guided Discovery, elicited higher overall scores. The Timepoint x
Module interaction was not significant (F'(3,78) = 1.26, p = .30). For AIIR, the
main effect of Timepoint was significant (F(1,26) = 24.61, p < .001, n% = .13),
but neither the Module main effect (F(3,78) = 0.88, p = .45) or the interaction
(F(3,78) = 0.38, p = .77) reached significance. Module-level paired comparisons
confirmed pre-post gains for PPR across all four modules and for AIIR in three
of four (Table 5).

These findings indicate that both types of reasoning improved following in-
struction. PPR in particular showed modest differences by module in overall
level, whereas AIIR appeared more uniform across principles in this dataset.
This is consistent with the possibility that students were developing a more
principle-general way of thinking about AI’s pedagogical impacts that develops
alongside, but not fully determined by, principle-specific pedagogical knowledge.

4.2 Relationship Between Principle and AI Reasoning

PPR (Rubric A total) and AIIR (Rubric B total) were moderately and posi-
tively related (Spearman p = .35, p < .001; Pearson r = .40, p < .001), cor-
responding to approximately 12-16% shared variance. In variance terms, this
level of shared variance indicates a meaningful relationship for two constructed-
response assessments. This relationship remained when accounting for repeated
measures within students and controlling for module in a mixed-effects regression
(B_Total ~ A Total + Module + (1|Student ID)): A Total was a significantly
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Table 5. Changes in average pre-post score across Principle-based Pedagogical Rea-
soning (A) and Al Integration Reasoning (B) collapsed by module.

Module AArotal ds ABrotal ds

Guided Discovery +2.58** 0.90 +1.62** 0.60
Fostering Help-Seeking +1.85°* 0.81 +0.85T 0.37
Universal Design for Learning +2.08"* 0.67 +1.60"* 0.58
Collaborative Learning 4+0.93* 0.46 +1.67"* 0.65

Note. A indicates Post—Pre change. T'p = .067, *p < .05, **p < .01, ***p < .001.
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Fig. 1. Spearman correlation heatmap between Rubric A (PPR) and Rubric B (AIIR)
dimensions where all correlations significant at p < .01.

associated with B_Total (8 = 0.36, SE = 0.06, p < .001). This means for each
1-point increase in PPR corresponded to an average increase of 0.36 points in
ATIR (on the 0-9 scale), with no reliable differences in mean B_ Total across
modules after controlling for A Total.

To examine whether this relationship was broad or driven by a single sub-
skill, we computed cross-correlations between the three Rubric A dimensions
and three Rubric B dimensions (Figure 1). All nine correlations were positive
and statistically significant (all p < .01), indicating that the association was not
limited to one dimension. Three theoretically meaningful pairings were particu-
larly notable: (1) Principle Recognition (A1) correlated with Principle-AI
Connection (B1, p = .29), suggesting that clearer identification of the learn-
ing principle supports more Principled-based Pedagogical Reasoning about Al,
rather than generic Al statements); (2) Strategy Identification (A2) corre-
lated with Constructive Orientation (B3, p = .24), suggesting that knowl-
edge of instructional strategies supports more actionable recommendations for
adapting practice in the presence of AI; and (3) Reasoning Quality (A3) corre-
lated with Stance Complexity (B2, p = .24), suggesting that more mechanis-
tic or conditional pedagogical reasoning aligns with more nuanced consideration
of AT tradeoffs.
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B Pre-test B Post-test
(a) Agency Framing (b) Locus of Control

Frequency Count

N
o

=
o

Replaces Tool Human Partner- Threatens Shared Human-
Leads ship Dlrected Directed

Fig. 2. Distribution of Agency Framing (a) and Locus of Control (b) codes in pre- and
post-instruction responses, collapsed across modules.

Together, these findings indicate that students who demonstrate stronger
PPR also produce more sophisticated reasoning about generative AI’s pedagog-
ical impacts. Importantly, the relationship operates across recognition, strategy,
and explanatory components, suggesting that deep pedagogical knowledge, not
just surface familiarity with terminology, supports thoughtful AIIR.

4.3 Agency and Control Shifts

For Agency Framing, Al as Tool was the dominant conception at both time-
points (69.2% pre, 66.4% post) with the counts shown in Figure 2a. Despite this
stable modal category, the overall distribution shifted significantly from pre to
post, x2(16) = 32.20, p = .009. The most notable changes were an increase in
Human Leads + AI Supports (11.5% — 20.6%) and a decrease in AI Threatens
(8.7% — 3.7%), a majority shift towards more human-led framings. Together,
these patterns indicate that post responses were more likely to position Al in a
supportive role under human direction and less like a threat.

Locus of Control showed a different pattern (Figure 2b). The overall distribu-
tion did not shift significantly, x?(4) = 9.43, p = .053, with Human-Directed re-
maining the most common code at both timepoints (54.8% pre, 49.5% post). De-
scriptively, however, there was a modest increase in AI-Directed control (19.2%
— 26.2%) and module-level patterns suggested heterogeneity in these shifts.

5 Discussion

This study examined how novice instructional designers’ Principle-based Ped-
agogical Reasoning (PPR), AI Integration Reasoning (AIIR), and conceptions
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of human-Al agency develop through instruction on learning science principles.
First, students improved substantially from pre to post on both rubrics, with
large within-subject effects for PPR and AIIR. These gains were broadly consis-
tent across all four modules. Second, PPR was positively associated with AIIR
and this relationship held across recognition, strategy, and explanatory dimen-
sions. Third, students’ agency framings shifted towards a more human direc-
tion, as "Human Leads + AI Supports" nearly doubled (11% to 21%) while
"AI Threatens" decreased. These findings provide insights into how students
developed more differentiated judgments about AI’s pedagogical role and the
human-AlI relationship in educational contexts.

The significant positive association between students’ PPR and their rea-
soning about generative Al’s pedagogical implications has direct implications
for how we prepare instructional designers to work with AI. A common refrain
among students and practitioners is “Why do I need to learn this if I can just ask
an LLM?” [12]. Our findings offer an empirical response, as we demonstrate that
students who exhibited stronger PPR also produced more principle-connected
judgments about generative AI. This pattern aligns with the PCK [30] and
related frameworks (e.g. TPACK [14]). These emphasize that effective design re-
quires more than knowing content or tools, but also understanding how instruc-
tional choices connect to learning processes in context. We extend this logic to
human-AT collaboration, where designers need principled pedagogical knowledge
not merely to use Al tools, but to evaluate whether Al-generated suggestions
align with how learning actually works. Without this foundation novices may
accept Al output that appear plausible yet conflicts with established learning
principles, limiting the quality and safety of Al-supported instructional decisions.

In the present study, novices’ conceptions of human-Al collaboration be-
come more nuanced with instruction and experience, but not uniformly across
constructs. Students’ role framings (Agency) shifted significantly toward more
human-led conceptions, as “Human Leads + AI Supports” increased, while “Al
Threatens” decreased. This suggests that role conceptions are malleable and
responsive to learning experiences. At the same time, perceived control over de-
cisions (Locus of Control) was comparatively stable and trended toward greater
acknowledgment of Al-directed influence. Students may simultaneously endorse
humans being in command while recognizing that Al can shape decisions in
practice through persuasive outputs or efficiency affordances [20]. This diver-
gence is part of a theoretically important separation between who should lead
and what actually steers choices. These results suggest that the combination of
principled instruction and structured Al experience is associated with novices
moving away from simplistic replacement/threat framings and toward a more
collaborative mental model of Al as a teammate.

These results suggest novices may develop principle-general ways of evaluat-
ing Al even when principle-specific pedagogical understanding remains uneven.
Instructional design curricula may therefore benefit from foregrounding learn-
ing mechanisms and requiring students to justify AI use (or non-use) in terms
of those mechanisms, not just productivity. Structured reflection checkpoints
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that force explicit human decisions may reduce uncritical adoption and support
principled “Al-in-the-loop” design habits. As generative Al becomes routine in
instructional workflows, responsible integration requires a foundation in learning
science principles. The role of the instructional designer will not become obsolete
as generative Al continues to grow, but rather be enhanced by such advance-
ments [16]. Instructional designers will therefore need to evaluate AI outputs
against learning mechanisms and to adapt them in ways that facilitate learning
rather than hindering it.

This study is not without limitations, as it involved 27 students from a sin-
gle graduate program at one U.S. institution, constraining generalizability. Our
constructed response measures capture articulated reasoning, and although two
trained raters achieved acceptable reliability, rubric evaluation necessarily in-
volves some subjectivity. Because instruction and hands-on Al experience were
combined within an authentic course, the design does not isolate their individ-
ual contributions to the observed gains. This limits causal specificity but offers
an ecologically valid picture of how PPR and AIIR co-develop within realistic
instructional design training. Although the non-significant Timepoint x Module
interaction suggests that pre-post gains did not differ systematically by module,
we cannot rule out the possibility that cumulative experience with the course
structure or generative Al tools contributed to gains observed in later modules.
Despite these constraints, the consistency of findings across all four modules
strengthens confidence in the observed patterns.

6 Conclusion

This study set out to examine whether novice instructional designers can develop
sophisticated reasoning about AI’s integration with instructional design, and
whether such reasoning depends on foundational pedagogical knowledge. Our
findings affirm these aims as we found learning science principle understanding
was significantly associated with Al Integration Reasoning, and both capacities
improved substantially across modules that combined targeted instruction with
hands-on design experience. Students’ conceptions of human-Al agency shifted
toward more human-centered framings, suggesting that appropriate mental mod-
els of Al collaboration can be cultivated alongside pedagogical expertise. Beyond
documenting these patterns, this work provides an account of what responsible
ATl integration demands cognitively. Our results are consistent with the view that
this transition requires more than exposure to Al capabilities, suggesting that
grounding in learning science principles may be what allows humans to evaluate
and appropriately constrain AI’s role in instruction. As generative Al becomes
increasingly embedded in educational practice, ensuring that designers possess
both deep pedagogical knowledge and the capacity to reason critically about
AT’s impacts may be essential for realizing human-AI partnerships that genuinely
serve learning. One in which tools scaffold designers to articulate mechanisms,
anticipate tradeoffs, and enable generative Al to function as a true collaborator
that strengthens instructional design.
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