
https://www.aimspress.com/journal/steme

STEM Education, 6(2): 194–229
DOI:10.3934/steme.2026009
Received: 07 October 2025
Revised: 09 February 2026
Accepted: 23 February 2026
Published: 05 March 2026

Research article

AI leads, humans lead, or collaborate? Empirical findings and the SAGE
roadmap for embedding GenAI in systems analysis and design education

Mahmoud Elkhodr*and Ergun Gide

School of Engineering and Technology, Central Queensland University, Sydney, Australia

* Correspondence: Email: m.elkhodr@cqu.edu.au.

Academic Editor: Sasha Nikolic

Abstract: Generative AI orchestration competencies, the abilities to evaluate, adapt, and integrate AI
outputs with human judgment, remain inadequately addressed by general AI literacy frameworks. This
paper applies and extends the SAGE (Structured AI-Guided Education) framework to systems analysis
and design education through three experimental assessments targeting requirements synthesis, formal
modelling correction, and design evaluation. In the Brisbane baseline cohort (n = 13 groups),
84% demonstrated selective and justified AI use (Balanced Integrator or Selective Adapter), and no
group reached expert-level synthesis; the subsequent cross-campus cohorts (n=5 groups, yielding
N = 18 template-compliant groups analysed overall out of 21 participating groups) corroborated these
patterns. Students consistently recognised accessibility needs when working with user requirements
and interface designs, but almost entirely neglected them when producing system architecture
diagrams, suggesting that this competency depends on continuous prompting rather than transferring
automatically between tasks. When AI was used to generate formal data flow diagrams from
the students’ specifications, the resulting errors were not random but clustered around system
boundary classification, exception handling, and data lifecycle completeness. These findings carry
implications for how educators structure AI collaboration in technical curricula, particularly regarding
the sequencing of human and AI contributions, the need for stage-specific scaffolding, and the role of
explicit justification in developing professional judgment.

Keywords: SAGE, generative AI (GenAI), systems analysis and design education, AI orchestration,
accessibility, data flow diagrams (DFD)

https://www.aimspress.com/journal/steme
http://dx.doi.org/10.3934/steme.2026009


195

1. Introduction

The integration of Generative Artificial Intelligence into higher education has accelerated
rapidly [1], yet evidence-based frameworks addressing discipline-specific orchestration competencies
(the abilities to evaluate, adapt, and integrate AI-generated outputs with human judgment)
remain underdeveloped. Whilst general AI literacy initiatives provide broad guidance on
understanding AI capabilities and ethical considerations [2], they inadequately address the unique
challenges facing systems analysts who must synthesise stakeholder requirements with AI-generated
suggestions, correct algorithmic misinterpretations of business logic in formal models, and evaluate
automated design recommendations against contextual constraints. This orchestration demands
sophisticated metacognitive capabilities and critical evaluation skills that transcend generic AI literacy
instruction [3].

This paper advances a systematic research program investigating GenAI integration in technical
education through methodological maturation and cross-domain application. Building on a validated
pedagogical architecture established in cybersecurity education [4], which demonstrated effectiveness
through qualitative evidence with 105 students across undergraduate and postgraduate cohorts, this
work applies and extends the SAGE (Structured AI-Guided Education) framework, established and
validated in cybersecurity education [4], to systems analysis and design education. Whilst SAGE’s two-
stage progression and three-dimensional competency model were demonstrated through qualitative
evidence in that foundational study, this work advances the framework through three innovations.
First, it embeds measurable metrics into student work (including decision logs, confidence ratings, and
written justifications), making previously invisible orchestration processes observable and assessable.
Second, it provides standardised components (prompts, templates, rubrics) enabling educators at
different campuses and delivery modes within a single Australian university to replicate the approach
rather than designing from scratch. Third, it deliberately varies levels of support across tasks as a
pedagogical strategy, providing explicit scaffolding in some assignments whilst removing it in others
to test whether students internalise skills or remain dependent on continuous prompts.

Systems analysis education presents distinctive pedagogical challenges [5] for GenAI integration
that differ fundamentally from cybersecurity contexts. Unlike cybersecurity policy development,
where compliance against regulatory frameworks provides clear evaluation criteria, systems analysis
involves subjective stakeholder priority negotiations, competing design trade-offs, and context-
dependent feasibility judgments. Requirements emerge through iterative stakeholder dialogue rather
than objective specification. Formal models demand precise semantic relationships where subtle
errors fundamentally alter system behaviour. Interface design balances competing objectives without
definitive optimal solutions. These characteristics necessitate pedagogical approaches specifically
calibrated to analytical judgment rather than adapted from general frameworks or transferred without
modification from other technical domains [6].

SAGE addresses critical gaps in understanding how GenAI integration frameworks must balance
general pedagogical principles with domain-specific adaptations. The framework operationalises
AI orchestration competency development through three experimental assessments embedded within
authentic systems analysis tasks: (i) requirements synthesis, examining reconciliation of human
and AI-generated stakeholder needs; (ii) formal modelling correction, investigating knowledge
prerequisites for identifying AI translation errors in Data Flow Diagrams; and (iii) design evaluation,
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testing contextual judgment when universal usability principles conflict with situated constraints.
Each assessment functions simultaneously as a pedagogical learning activity, a summative evaluation
instrument, and a controlled experiment, generating systematic empirical data through standardised
decision matrices, mandatory justifications, and embedded quantitative metrics.

SAGE was implemented across four campuses and delivery modes of an Australian university
(Central Queensland University) (Brisbane, Melbourne, Sydney, Online) with 21 student groups
participating, yielding 18 template-compliant groups included in the final analysis. Implementation
spanned an initial baseline term and a subsequent term across delivery modes, testing framework
robustness under varying institutional conditions whilst enabling investigation of theoretical questions
about competency transfer, orchestration pattern development, and durability of skills across system
abstraction layers. Cross-campus replication corroborated core pedagogical mechanisms whilst
revealing adaptations that enhance framework effectiveness.

To this end, this work makes three contributions to systems analysis pedagogy:

• It demonstrates that structured embedding of GenAI into curriculum successfully develops critical
AI partnership skills rather than passive acceptance. SAGE trains students to evaluate AI
outputs systematically, deciding when to accept suggestions that genuinely improve their work,
when to modify recommendations to fit contextual constraints, and when to confidently reject
AI contributions that miss stakeholder needs or violate domain principles. This represents a
pedagogical shift from treating AI as either forbidden tool or uncritical assistant to teaching AI as
collaborative partner requiring human judgment.
• Second, this work replicates SAGE’s transferability beyond its original cybersecurity context

by demonstrating that its two-stage progression, three competency dimensions (analytical
deconstruction, contextual application, reflective synthesis), and ready-to-use protocols including
standardised prompts generalise to a domain characterised by subjective stakeholder negotiation
and context-dependent trade-offs, validated through replication across diverse student populations
and delivery modes.
• Third, this work provides actionable guidance grounded in cross-campus implementation,

revealing what works, what proves fragile, and where students struggle. Systems analysis
educators gain evidence-based strategies for assessment design (require written justification for
every AI decision), scaffolding approaches (embed critical prompts at each development stage
because awareness collapses without continuous support), and evaluation protocols (baseline-
comparison enabling systematic gap identification).

The rest of the paper is structured as follows. Section 2 positions SAGE within the GenAI pedagogy
literature and articulates the cybersecurity-informed rationale for the framework. Section 3 specifies
the framework architecture and the three experimental tasks used to operationalise competency
development. Section 4 describes the participants and the multi-campus implementation context.
Section 5 reports the empirical results. Section 6 discusses the findings in relation to learning theory
and orchestration scholarship. Section 7 derives practical implications for educators and curriculum
designers. Section 8 outlines the study limitations and identifies directions for future work. Section 9
concludes the paper.
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2. Related work

GenAI integration in higher education has generated diverse pedagogical frameworks addressing
implementation challenges across disciplines [7, 8]. This section positions SAGE within three
research streams: general AI literacy frameworks, domain-specific integration approaches including
the cybersecurity foundation upon which SAGE builds methodologically, and assessment-as-research
methodologies. We identify gaps in existing literature that SAGE addresses through quantitative
instrumentation, cross-campus validation, and systematic investigation of competency transfer.

2.1. General AI literacy frameworks

Several researchers have proposed broad frameworks for AI literacy development applicable
across disciplines [9]. Long and Magerko established foundational competencies through Delphi
studies, identifying that AI literacy encompasses understanding what AI is, what it can do, how
it works, and how it should be used [10]. Ng et al. extended this through emphasis on ethical
dimensions and societal impacts alongside technical understanding [11]. In parallel, Bloom-
aligned approaches to structuring cognitive progression in AI-enhanced learning environments
argue for staged development across remembering/understanding to application and creation [12].
Complementing these academic accounts, recent sector guidance synthesises institutional imperatives
for GenAI adoption, foregrounding transparency, assessment redesign, and staff capability-building
[13, 14]. Concurrently, review essays have framed LLMs’ affordances and risks for learners and
teachers, emphasising opportunities for feedback and personalisation alongside concerns about bias,
hallucination, and over-reliance [15,16]. Whilst valuable for establishing general education objectives,
these frameworks provide limited operational guidance for discipline-specific orchestration where
students must critically evaluate AI outputs against domain expertise rather than simply understand
AI capabilities conceptually.

2.2. Domain-specific GenAI integration

Recent work has begun addressing discipline-specific integration challenges with varying degrees
of methodological rigour. In computing education, studies report both promise and pitfalls, including
over-reliance on AI suggestions and shallow understanding of underlying logic [7, 17]. Within
requirements engineering, reviews show that ChatGPT outputs often require substantial human
refinement, particularly for non-functional requirements and stakeholder-specific concerns [18].
Parallel lines of inquiry in higher education have examined academic integrity under GenAI, arguing
for constructive alignment of assessment, explicit disclosure norms, and redesigned tasks rather than
detection arms races [19]. These studies highlight discipline-specific challenges but rarely provide
systematic frameworks validated through multi-site research.

Elkhodr and Gide [4] developed a comprehensive two-stage pedagogical framework for
cybersecurity education, implementing it across undergraduate and postgraduate cohorts. Their
framework integrated constructivist learning principles with Bloom’s taxonomy through structured
progression from scaffolded tutorials to independent application, demonstrating pedagogical
effectiveness through qualitative analysis of student reflections, observational data, and policy
document assessments. The framework established three core principles: progressive cognitive
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development through taxonomy levels, structured AI engagement through controlled prompts and
evaluation rubrics, and authentic contextualisation grounding activities in professional practice. The
three-dimension competency model operationalised critical thinking through analytical deconstruction,
contextual application, and reflective synthesis.

Whilst pedagogically effective in cybersecurity contexts, this work left theoretical questions
unanswered regarding cross-domain generalisability, quantitative relationships among competency
dimensions, and durability of developed skills across different analytical tasks.

2.3. Positioning relative to prior SAGE research

This study builds methodologically on the SAGE framework established in cybersecurity
education [4], which demonstrated pedagogical effectiveness through qualitative analysis of student
reflections and policy document assessments with 105 students. That foundational work validated
SAGE’s two-stage progression and three-dimensional competency model but left critical questions
unanswered. First, the cybersecurity context involved compliance-oriented tasks where regulatory
frameworks provided clear evaluation criteria; whether SAGE transfers to domains requiring subjective
stakeholder negotiation and context-dependent trade-offs remained untested. Second, the reliance
on qualitative reflection data precluded systematic investigation of competency relationships and
developmental trajectories. Third, single-site implementation left generalisability uncertain.

Systems analysis presents fundamentally different pedagogical challenges. Requirements emerge
through iterative stakeholder dialogue rather than regulatory specification. Formal models demand
precise semantic relationships where subtle errors alter system behaviour. Interface design balances
competing objectives without definitive optimal solutions. These characteristics test whether SAGE’s
orchestration competencies generalise beyond compliance-focused domains to contexts requiring
situated judgment.

This study advances the SAGE research program through three innovations. Quantitative
instrumentation replaces qualitative reflection analysis with embedded metrics (decision matrices,
error classifications, confidence ratings) enabling correlation analysis and pattern identification. Cross-
campus validation with 18 groups across four campuses and delivery modes within a single Australian
university tests replicability beyond single-site implementation. Controlled experimental manipulation
of scaffolding intensity according to the task’s (accessibility cued in Tasks 1 and 3, absent in
Task 2) enables investigation of competency transfer and durability. The resulting discoveries—the
accessibility U-curve revealing layer-dependent competency expression, the three-zone collaboration
model differentiating authority distributions, and the systematic AI translation error taxonomy—
represent findings that qualitative single-site designs could not generate.

2.4. Theoretical foundation and gaps addressed

SAGE builds methodologically on assessment-as-research and constructive alignment
traditions [20], and aligns with critical thinking frameworks emphasising analysis, evaluation,
inference, and self-regulation [21, 22]. SAGE operationalises these principles through experimental
assessments serving triple purposes: pedagogical skill development, summative evaluation, and
empirical research on orchestration patterns. Standardised instruments create observable evidence
through structured decision matrices, mandatory justifications, confidence ratings, and error
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classification taxonomies.
Existing literature exhibits three critical gaps SAGE addresses. First, general AI literacy

frameworks emphasise conceptual understanding without operational mechanisms for embedding
competency development within discipline-specific professional practice, leaving educators without
concrete protocols or validated assessment designs [11, 12]. Second, domain-specific studies
rarely provide systematic frameworks validated through multi-site empirical research, with single-
implementation case studies demonstrating feasibility but leaving generalisability uncertain [7,17–19].
Third, assessment methodologies seldom serve simultaneous pedagogical and research purposes,
missing opportunities for evidence-based practice improvement [20].

SAGE contributes complete architectural specification with standardised protocols enabling
replication, validated through cross-campus implementation with 18 groups across four campuses
and delivery modes within a single Australian university demonstrating core pattern robustness.
The accessibility U-curve revealing layer-dependent competency expression and the three-zone
orchestration model differentiating authority distributions represent theoretical advancement, patterns
unlikely to surface in single-site qualitative implementations but emerging through quantitatively
instrumented, cross-campus investigation [23].

3. SAGE framework and experimental design

This study adapts and extends the SAGE (Structured AI-Guided Education) framework, established
in cybersecurity education [4], to the systems analysis and design context. SAGE operationalises AI
orchestration competency development through a two-stage progression: scaffolded tutorials (Weeks
1–6) developing critical evaluation through repeated generation–analysis–synthesis–reflection cycles,
followed by experimental assessments (Weeks 8, 10, 12) serving triple purposes—pedagogical skill
development, summative evaluation, and empirical research through standardised prompts, structured
decision matrices, and embedded metrics. The competency model encompasses three dimensions
(Analytical Deconstruction, Contextual Application, and Reflective Synthesis). Full definitions are
provided in Appendix A.

The experimental work consisted of three assessments that instantiate SAGE competencies through
domain-specific protocols targeting requirements synthesis, formal modelling correction, and design
evaluation. Each assessment embeds controlled experiments within authentic systems analysis tasks,
generating systematic data through standardised measurement instruments.
Experiment 1 (Requirements Synthesis):

A three-part workflow comprising a human-only baseline, subsequent AI generation using a
standardised prompt, and final synthesis into a prioritised backlog is used to examine whether students
can identify gaps in AI outputs whilst productively leveraging them. Synthesis is operationalised
through Accept/Modify/Reject decisions with brief justifications, and primary measures include
Synthesis Evidence, Domain Knowledge, and Accessibility Awareness.
Experiment 2 (DFD Translation and Correction):

A structured specification is first produced by students, after which AI is prompted to generate a
Level-0 DFD component listing; students then identify and correct errors using a formal correction
log. Key metrics include Error Detection Rate, Correction Accuracy, and the distribution of error
categories (Structural, Completeness, Semantic, Notation, Scope), with cross-cutting analysis of

STEM Education Volume 6, Issue 2, 194–229



200

boundary reasoning, state management, and exception handling.
Experiment 3 (Design Evaluation):

Students create low-fidelity wireframes for an elderly-focused kiosk context, obtain an AI heuristic
evaluation aligned to Nielsen’s principles, and complete a decision matrix that records whether AI
suggestions are implemented, modified, or rejected with contextual justification. Evaluation focuses
on context sensitivity, trade-off recognition, user empathy, and professional judgement.

Figure 1. Architecture of SAGE adapted for Systems Analysis and Design, which formalises
AI–human orchestration.

Figure 1 presents the SAGE architecture adapted for Systems Analysis and Design, elevating
the framework from tool integration to a competency-centred AI–human orchestration model.
The adaptation operationalises analytical deconstruction, contextual application, and reflective
synthesis, and introduces quantitative instrumentation (decision matrices, confidence/justification
logs), controlled scaffolding across tasks, and an assessment-as-research design corroborated through
cross-campus replication. SAD-specific protocols (requirements synthesis, DFD translation and
correction, design evaluation) serve as contexts for observing orchestration, rather than as mere
implementation artefacts. Full protocols and details for all three experiments are provided in
Appendix B.

3.1. Cross-task scaffolding manipulation

The three tasks implement controlled experimental variation in accessibility scaffolding to test
competency durability. Task 1 explicitly cues accessibility (“elderly users and Indigenous customers”
in the standardised AI prompt, accessibility awareness as a measured competency dimension).
Task 2 provides zero accessibility scaffolding (no mentions in Process Description Template fields,
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DFD creation requirements, translation prompts, or reflection questions), testing whether students
spontaneously maintain the accessibility focus demonstrated in Task 1 when environmental cues are
absent. Task 3 reintroduces accessibility pervasively (target user specifications requiring elderly focus,
design justification requirements addressing elderly needs, AI evaluation prompt cueing elderly impact
assessment).

This within-subjects manipulation enables investigation of whether accessibility competency
represents durable internalised expertise transferring automatically across tasks and abstraction layers,
or stimulus-dependent awareness requiring continuous environmental cueing. The experimental
design tests two competing hypotheses: (1) competency developed through Task 1 scaffolding
transfers robustly to subsequent analytical tasks regardless of explicit prompting, or (2) competency
expression remains fragile and prompt-dependent, suppressing when scaffolding is removed before
recovering when reintroduced. Evidence supporting the second hypothesis would indicate that
accessibility awareness operates differently from other analytical competencies, with implications for
curriculum design requiring layer-specific scaffolding rather than assuming transfer from requirements
to architecture to interface.

4. Participants and implementation contexts

The study involved a Brisbane baseline cohort (13 groups) during 2025 Term 2, followed by cross-
campus validation cohorts in Melbourne, Sydney, and Online in the subsequent term, yielding an
initial pool of 21 student groups. Of these, 18 groups produced template-compliant submissions
and were included in the final analysis, whilst 3 groups were excluded due to template non-
compliance. Brisbane served as the baseline cohort with 13 groups of four students (N=52) enrolled in
COIT20248: Information Systems Analysis and Design, a postgraduate course at Central Queensland
University. Two additional Brisbane groups were excluded from analysis due to non-compliance with
structured response templates, precluding systematic comparison. The cohort comprised primarily
international students ( about 90%) from the Indian subcontinent, bringing diverse cultural perspectives
to accessibility considerations within the GreenHarvest Smart Kiosk case study. Implementation
proceeded through scaffolded tutorials (Weeks 1–6), followed by three experimental assessments
scheduled for Weeks 8, 10, and 12 of the 12-week term.

Table 1. Cross-campus sample characteristics.

Campus Groups Included Groups Excluded Primary Contribution Marks (out of
30)

Brisbane 13 2 (template non-
compliance)

Baseline quantitative patterns; full
statistical analysis

17–28/30

Melbourne 2 0 DFD scaffolding bundle
(Melbourne-A); saturation
confirmation (Melbourne-B)

22, 27/30

Sydney 2 0 Privacy-aware patterns, payment
rigour, unified accessibility controls

19, 26/30

Online 1 1 (template non-
compliance)

Saturation confirmation; micro-
refinements

24/30
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Cross-campus validation data were subsequently collected from Melbourne (two groups), Sydney
(two groups), and Online (two groups, with one subsequently excluded) cohorts in the subsequent
term. In total, 21 groups participated; 18 groups produced template-compliant submissions and were
included in analysis; 3 groups were excluded due to template non-compliance. Table 1 summarises
sample characteristics and primary contributions. Melbourne-A uniquely contributed architectural
scaffolding innovations (DFD pre-specification bundle reducing AI translation errors), whilst
other cohorts confirmed thematic saturation of Brisbane baseline patterns including orchestration
distributions, accessibility U-curve replication, and AI systematic failure taxonomies.

4.1. Analytical approach

Analysis employed concurrent mixed methods integrating quantitative pattern recognition with
qualitative thematic coding. Descriptive statistics characterised decision distributions, means,
and standard deviations across embedded metrics. Spearman rank correlation coefficients
examined relationships among ordinal competency codes (Synthesis Evidence, Domain Knowledge,
Accessibility Awareness, non-functional requirements (NFR) coverage, Justification Quality), with
significance thresholds p < 0.01 for primary relationships. Orchestration patterns (Passive Acceptor,
Selective Adapter, Balanced Integrator, Critical Synthesizer) were treated as descriptive taxonomy
rather than correlational variables, with cluster profiles presenting mean competency scores without
computing spurious correlations embedding the construction rule.

Qualitative analysis was conducted by the first author through iterative thematic coding of
justification texts and reflection responses. A two-layer coding scheme was employed: (i) a
priori codes operationalising the study’s theoretical constructs (Analytical Deconstruction, Contextual
Application, Reflective Synthesis and associated rubric dimensions), and (ii) emergent codes capturing
recurring, data-driven patterns not fully specified by the initial framework. Emergent codes (e.g.,
boundary reasoning competence, exception awareness, context calibration, trade-off recognition) were
retained only when they met three criteria: (a) recurrence across multiple groups and tasks rather
than isolated observations; (b) grounding in observable, domain-specific behaviours (e.g., systematic
misclassification of internal versus external entities; omission of timeout and rollback flows; explicit
articulation of accessibility-feature trade-offs) rather than broad interpretive labels; and (c) improved
explanatory power in distinguishing high- versus low-quality orchestration beyond what the primary
rubric codes captured.

Task 2 error analysis employed dual coding: primary categories (Structural, Completeness,
Semantic, Notation, Scope) assigned as single labels with distributions summing to 100%, and cross-
cutting themes (boundary reasoning, state management) coded as orthogonal overlays. This separation
preserves mutually exclusive error counts for quantitative distributions whilst allowing theoretically
meaningful co-occurrence patterns (e.g., a structural error that also reflects boundary reasoning failure)
to be analysed qualitatively without conflating measurement levels.

4.2. Ethical considerations

The study operated within normal curriculum delivery, with students informed that aggregated,
anonymised assessment data might inform pedagogical research. No additional burden beyond
standard coursework was imposed. All data were de-identified before analysis, with group codes
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replacing student identifiers. Participation in research analysis was voluntary without grade impact.
Assessments benefited student learning regardless of research outcomes, ensuring ethical alignment
between educational and research objectives. Students retained work ownership, with institutional
rights to use anonymised data for quality assurance and research consistent with educational quality
frameworks.

5. Results

5.1. Orchestration pattern distribution and competency clustering

Analysis of the Brisbane cohort (n = 13) revealed that orchestration patterns clustered around
intermediate sophistication levels rather than distributing across the full continuum. Balanced
Integrator behaviour, characterised by systematic synthesis of human and AI contributions with
explicit trade-off reasoning, emerged in six groups (46%). Selective Adapter patterns, reflecting
targeted acceptance of AI outputs with domain-based filtering, appeared in five groups (38%). Passive
Acceptor behaviour, indicating minimal critical evaluation of AI suggestions, was observed in only
two groups (15%). Notably, this occurred despite explicit assessment guidance instructing students
to actively identify gaps, errors, and context misalignments in AI outputs rather than treating AI
responses as authoritative. The presence of a small Passive Acceptor subgroup therefore likely reflects
a combination of factors such as low confidence in domain knowledge, time pressure leading to
“default acceptance,” or misunderstanding the task as primarily documenting AI suggestions rather
than critiquing them.

Critically, no groups achieved Critical Synthesizer status, the highest orchestration category
requiring evidence of proactive gap identification, systematic bias correction, and generative synthesis
beyond mere combination. We conceptualise Critical Synthesizer as an expert-level capability akin
to professional systems analysts who can reframe problems, surface latent stakeholder needs, and
generate novel directions beyond any single input source. Given the one-semester timeframe and the
participants’ developmental stage, we did not expect most groups to consistently demonstrate this
level; therefore, 0% achievement should be interpreted as a normal limitation rather than a pedagogical
failure. Table 2 reports the distribution of patterns alongside mean competency scores for each
category.

Cluster profiles demonstrated systematic competency differentiation across orchestration categories.
Passive Acceptor groups exhibited mean justification quality scores of 0.5 on the zero-to-three rubric,
with synthesis evidence absent (mean 0.0), domain knowledge weakly applied (mean 0.5), accessibility
awareness minimal (mean 0.0), and non-functional requirements coverage absent (mean 0.0). Selective
Adapter groups showed marked improvement, with mean justification quality of 2.0, basic synthesis
evidence (mean 1.0), strong domain application (mean 2.0), explicit accessibility awareness (mean
2.0), and partial non-functional coverage (mean 1.0). Balanced Integrator groups achieved the
highest competency levels, with mean justification quality of 2.67, advanced synthesis evidence
(mean 2.0), strong domain grounding (mean 2.0), explicit accessibility considerations (mean 2.0), and
comprehensive non-functional breadth approaching the upper threshold (mean 1.5).

Spearman rank correlations among independent competency codes revealed substantial coupling
effects, suggesting that orchestration capabilities develop as integrated clusters rather than isolated
skills. Justification quality correlated strongly with synthesis evidence (ρ = 0.84, p = 0.0004),
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indicating that groups capable of articulating sophisticated reasoning also demonstrated ability to
integrate multiple requirement sources coherently. Synthesis evidence correlated substantially with
non-functional requirements coverage (ρ = 0.78, p = 0.0019), suggesting that groups able to
synthesize human and AI contributions also attended to broader system qualities beyond functional
scope. Justification quality and non-functional coverage showed a moderate positive association
(ρ = 0.69, p = 0.0088). Domain knowledge and accessibility awareness exhibited near-perfect
correlation (ρ = 0.997, p < 0.0001), indicating that groups demonstrating strong domain grounding
simultaneously showed heightened sensitivity to elderly and Indigenous user needs within the
GreenHarvest case context. This very high correlation should be interpreted cautiously given the small
sample (n = 13). It may also reflect partial construct overlap in our coding (i.e., groups demonstrating
applied domain grounding often articulated user-group implications in the same justification texts),
rather than a stable underlying relationship. Replication with larger cohorts and independently-
validated measures is needed to test whether this association generalises. The corresponding pairwise
associations are reported in Table 3.

Table 2. Orchestration pattern distribution and competency cluster profiles (Brisbane n =
13). Acronyms: MJQ =Mean Justification Quality (0–3), MSE =Mean Synthesis Evidence
(0–2), MDK = Mean Domain Knowledge (0–2), MAA = Mean Accessibility Awareness
(0–2), MNFR =Mean NFR Coverage (0–2).

Pattern n % MJQ MSE MDK MAA MNFR
Critical Synthesizer 0 0 — — — — —

Balanced Integrator 6 46 2.67 2.00 2.00 2.00 1.50

Selective Adapter 5 38 2.00 1.00 2.00 2.00 1.00

Passive Acceptor 2 15 0.50 0.00 0.50 0.00 0.00

Distribution analysis of specific competency dimensions revealed additional patterns. Accessibility
awareness showed explicit recognition in 85% of Brisbane groups during Task 1, with only 8%
demonstrating implicit recognition and 8% showing absence of accessibility consideration. Non-
functional requirements coverage demonstrated partial breadth in 69% of groups, with comprehensive
coverage achieved by 15% and minimal coverage observed in 15%. Synthesis evidence appeared
at advanced levels in 38% of groups, basic levels in 46%, and remained absent in 15%. Domain
knowledge application was strong across the cohort, with 85% demonstrating applied domain
reasoning, whilst only 8% showed generic understanding and 8% exhibited lacking domain grounding.
Justification quality followed a normal-like distribution, with 31% providing strong context-specific
reasoning, 54% adequate explanations, and 15% weak or missing justifications.

5.2. The accessibility U-curve: Layer-dependent competency expression

A striking non-monotonic pattern emerged in accessibility awareness across the three experimental
tasks, revealing that competency expression depends critically on system abstraction layer. Task
1 (Requirements Synthesis) demonstrated explicit accessibility consideration in 84% of Brisbane
groups, operationalised through user stories directly addressing elderly checkout processes, Indigenous
language preferences, or low-literacy interaction patterns. This high awareness reflected both the
explicit prompt scaffolding (“accessibility needs for elderly users and Indigenous customers”) and
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the natural alignment between requirements language and user-facing concerns.

Task 2 (DFD Translation and Correction) showed dramatic accessibility suppression, with only
10% of groups incorporating accessibility-relevant architectural elements into their corrected data
flow diagrams. Operational measurement at this layer required architectural recognition through
accessibility profile attributes in data stores, error assistance pathways reflecting cognitive limitations,
or explicit read/write semantics for consent and preference management. The Process Description
Template provided no explicit accessibility scaffolding, emphasising functional decomposition through
triggers, preconditions, and exception handling without prompting consideration of user attribute
modelling or accessibility-specific data flows. Groups treating DFDs as “functionally neutral
plumbing” externalised no accessibility considerations at the architectural layer despite having
demonstrated strong accessibility awareness in requirements just two weeks prior.

Task 3 (Design Evaluation) evidenced robust accessibility recovery, with 90% of groups justifying
heuristic evaluation responses through explicit reference to elderly cognitive needs, physical
limitations, or Indigenous cultural considerations. Operational measurement required at least two
AI feedback decisions (Implement or Modify actions) explicitly motivated by elderly or Indigenous
user impacts. The design task naturally invited accessibility reasoning through requirements targeting
elderly users (65+) with low digital literacy, standing interaction contexts, and time pressure
constraints. The rebound to 90% awareness approached the Task 1 baseline, suggesting that
accessibility competency remained latent during Task 2 rather than degrading permanently.

Table 3. Spearman rank correlations among competency codes (Brisbane n = 13).

Relationship ρ p-value Interpretation
Justification Quality–Synthesis Evidence 0.84 0.0004 Strong positive: reasoning quality

couples with integration ability
Synthesis Evidence–NFR Coverage 0.78 0.0019 Strong positive: synthesis capability

extends to non-functional breadth
Justification Quality–NFR Coverage 0.69 0.0088 Moderate positive: reasoning quality

associates with system quality
awareness

Domain Knowledge–Accessibility
Awareness

0.997 < 0.0001 Near-perfect: domain grounding
inseparable from user sensitivity in
this cohort

This U-curve pattern (85% to 10% to 90%) reveals that students conceptualise accessibility
primarily at interaction layers where user characteristics directly influence interface decisions, but
struggle to embed accessibility systematically into system architecture where it manifests through
data modelling, state management, and exception pathways. The architectural trough occurred despite
students possessing demonstrable accessibility awareness, indicating a translation failure rather than
conceptual deficiency. This finding suggests that inclusive design education must explicitly scaffold
accessibility at each abstraction level, as competencies do not automatically transfer from requirements
to architecture to interface without layer-specific pedagogical intervention.
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5.3. Task 2 translation errors: Systematic AI limitations and student corrections

Analysis of 104 DFD corrections across 13 Brisbane groups revealed systematic patterns in AI
translation failures when converting structured natural language process descriptions into formal data
flow diagrams. Primary error categories showed relatively even distribution across fundamental DFD
knowledge domains. Structural errors, involving incorrect component relationships or malformed
diagram topology, comprised 30% of corrections. Completeness errors, reflecting missing processes,
data flows, or exception pathways, accounted for 27% of corrections. Semantic errors, indicating
conceptual misunderstandings of process meaning or data flow directionality, constituted 26% of
corrections. Notation errors, involving improper symbology or numbering violations, represented 15%
of corrections. Scope errors, where AI introduced out-of-specification elements, appeared minimally
at 2% of corrections. The taxonomy, prevalence, and illustrative examples are consolidated in Table 4,
while Figure 2 visualises primary category shares and Figure 3 highlights cross-cutting struggle
themes.

Table 4. Task 2 error taxonomy and cross-cutting struggle themes (Brisbane n = 13, 104
corrections).

Primary Error Category % of Corrections Example
Structural 30% Incorrect process decomposition; unbalanced context

diagram
Completeness 27% Missing confirmation flows; absent audit trail pathways
Semantic 26% Payment confirmation to Gateway instead of Member;

login as top-level process
Notation 15% Improper numbering; incorrect symbology
Scope 2% Out-of-specification features introduced

Cross-Cutting Theme % of Groups
Struggling

Example

Boundary reasoning 55% Internal staff functions marked as external entities; data
flow termination errors

State management (CRUD: create,
read, update, delete)

45% Read-only inventory store without write-back; missing
bidirectional flows

Exception handling 55% Absent timeout pathways; missing error recovery
mechanisms

Accessibility modelling ≤10% No accessibility profile attributes or assistance pathways
in architecture

Note: Primary categories sum to 100%; cross-cutting themes are orthogonal overlays and do not sum.

Cross-cutting thematic analysis revealed that specific knowledge prerequisites posed systematic
challenges independent of primary error categories. Boundary reasoning failures appeared in
corrections from 55% of groups, operationalised through entity misclassifications (marking internal
staff functions as external entities), incorrect data flow termination points (directing outputs to wrong
external actors), or confusion between system scope and environmental context. State management
omissions emerged in 45% of groups, manifested through missing bidirectional data flows (particularly
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read/write semantics for data stores), absent confirmation or receipt pathways, or incomplete order
lifecycle representations. Exception handling gaps appeared in corrections from 55% of groups,
evidenced through missing error flows, absent timeout pathways, or incomplete failure recovery
mechanisms.

Specific recurring errors illustrated these cross-cutting themes. Payment confirmation flows
frequently terminated at Payment Gateway external entities rather than returning receipts to
Member entities, exemplifying both boundary reasoning failure (misidentifying the proper sink for
confirmation data) and state management gaps (incomplete transactional closure). Inventory data stores
commonly appeared as read-only without corresponding write-back flows following order placement,
demonstrating state management blindness regarding CRUD (create, read, update, delete) operation
completeness. Login processes frequently appeared as top-level numbered processes (1.0 Login) rather
than as precondition states, revealing confusion between process decomposition and state prerequisites.
Audit trails and receipt generation pathways were systematically omitted despite explicit mention in
process descriptions, indicating AI difficulty with implicit data lifecycle requirements.

All Brisbane groups successfully identified multiple AI errors, with 100% detection of at least
one systematic failure. Correction complexity distributed across simple (40%), moderate (35%), and
complex (25%) classifications based on rubric assessment of knowledge depth required. Groups
demonstrating strong boundary reasoning competence in corrections showed moderate positive
correlation with Task 3 contextual rejection confidence (ρ = 0.71). Interpret cautiously given small
sample size. This suggests that formal modelling rigour developed in Task 2 supported sophisticated
situated judgment in Task 3. However, accessibility awareness at the architectural layer showed no
significant correlation with Task 1 or Task 3 accessibility measures, reinforcing the layer-dependent
competency expression pattern. While primary error categories (Figure 2) reveal relatively even
distribution across AI translation failures, cross-cutting thematic analysis (Figure 3) identifies specific
knowledge domains where struggles concentrate, with boundary reasoning and exception handling
each challenging over half of all groups.

5.4. Task 3 design evaluation: Contextual calibration and professional judgment

The design evaluation experiment revealed sophisticated contextual reasoning that distinguished
universal usability principles from situated implementation constraints. Across 130 discrete AI
feedback responses from 13 Brisbane groups, acceptance patterns clustered by heuristic category.
Visibility and status feedback suggestions (Nielsen H1) achieved 95% implementation or modification
rates, as groups recognised the universal value of progress indicators, confirmation messages, and
error state visibility regardless of specific context. User control and freedom principles (H3),
particularly undo functions and navigation reversibility, achieved 92% acceptance rates. These findings
indicate strong alignment between AI-generated universal usability guidance and student recognition
of foundational interface requirements. Disposition of AI heuristic suggestions by Nielsen category is
summarised in Table 5.

Conversely, context-specific AI suggestions faced systematic rejection based on situated reasoning
about the GreenHarvest kiosk environment. Channel modality mismatches achieved 100% rejection
rates, as students identified that live chat support proved inappropriate for unstaffed kiosks, hover states
violated touch-only interaction constraints, and voice-first interfaces conflicted with noisy supermarket
environments. Cognitive load management decisions showed 85% rejection or substantial modification
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Figure 2. Task 2 DFD translation error distribution, showing a relatively even spread across
structural (30%), completeness (27%), semantic (26%), and notation (15%) errors (scope
errors: 2%).

Figure 3. Cross-cutting struggle themes in Task 2, highlighting that boundary reasoning and
exception handling challenged 55% of groups, with state management (CRUD) difficulties
evident in 45%.
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Figure 4. Competency Progression Matrix showing that accessibility awareness drops from
85% (requirements) to 10% (diagrams) to 90% (interface), indicating that students require
stage-specific reminders to sustain accessibility thinking throughout the lifecycle.

rates when AI suggested dense information grids, multiple concurrent warning dialogs, or reduced
visual contrast, which students recognised as overwhelming for elderly users, inducing alarm fatigue,
or unsuitable for bright retail lighting conditions respectively. Redundancy detection drove 95%
rejection of suggestions to enlarge already-large touch targets or add buttons when sufficient options
existed, demonstrating ability to evaluate current design state against AI feedback validity.

Design choice domains (H2 match to real world, H4/H6 consistency and recognition) operated
as collaborative refinement zones with approximately 45% modification rates. Students accepted AI
guidance on labelling clarity and recognition-over-recall principles whilst modifying specific icon
selections, button placements, and terminology choices to align with elderly user mental models
and supermarket task contexts. Aesthetic and legibility suggestions (H8) showed context-dependent
acceptance, with 70% implementation when addressing contrast for elderly vision but 40% rejection
when AI suggested stylistic elements that sacrificed legibility for visual appeal.

Figure 4 presents competency performance magnitudes across task-layer intersections, with color
intensity revealing the dramatic accessibility suppression at architectural layer (10% dark cell
surrounded by 85-90% yellow cells), whilst Figure 5 traces developmental trajectories emphasizing
distinct transfer patterns: U-curve (accessibility), recovery (domain knowledge), ascending (critical
evaluation), and stable (synthesis).

The relationship between AI-assigned severity ratings and student action decisions proved non-
linear, evidencing professional judgment development beyond algorithmic deference. Severity-4
(catastrophic) ratings achieved 75% implementation, severity-3 (major) ratings 65% implementation,
severity-2 (minor) ratings 70% modification, and severity-1 (cosmetic) ratings 40% rejection. This
pattern demonstrates that students exercised contextual trade-offs rather than following severity
rankings mechanically. High-severity items were rejected when they conflicted with elderly user
needs despite AI categorisation, whilst low-severity items were implemented when they enhanced
accessibility beyond AI recognition. Strong correlation between Task 3 contextual calibration
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Figure 5. Competency transfer and progression.

sophistication and overall professional readiness assessment (ρ = 0.85, though interpreted cautiously
given the small sample size), which suggests that situated judgment in design evaluation serves as a
reliable indicator of mature AI orchestration competency.

Justification analysis revealed that accessibility considerations functioned as a primary decision
filter across all Task 3 responses. Suggestions explicitly benefiting elderly users achieved 90%
implementation or modification rates, compared to 60% for generic usability improvements and
30% for suggestions lacking accessibility justification. This filtering pattern indicates successful
internalisation of the elderly-first design principle established through case study framing and explicit
task requirements. Groups consistently articulated trade-offs between universal design patterns and
specific cognitive, physical, or cultural needs of the target user population, demonstrating ability to
calibrate general principles against situated constraints.

5.5. Cross-campus triangulation and thematic saturation

Validation data from Melbourne, Sydney, and Online cohorts corroborated Brisbane quantitative
patterns whilst contributing targeted pedagogical insights. Melbourne-A (highest-performing group,
27/30 marks) uniquely contributed a DFD scaffolding bundle comprising an external entity list with
explicit role descriptions, a one-page input-output balancing table for context diagram validation,
a mini data dictionary specifying attribute names and directionality, and a CRUD matrix for core
data stores (Customer Relationship Management, Orders, Inventory). This scaffolding approach
measurably reduced translation errors through systematic pre-specification of DFD components before
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AI generation, addressing the boundary reasoning and state management gaps identified in Brisbane
data. The scaffolding bundle represents a substantive pedagogical enhancement to Task 2 protocol for
future implementations.

Sydney cohorts provided nuanced elaborations on established themes. Sydney-A (lower
performance, 19/30 marks) contributed privacy-aware session restoration patterns for kiosks,
specifying short-lived cart persistence with personal data masking until explicit user confirmation.
Payment handling rigour appeared through tokenised draft-order-to-receipt sequencing with explicit
retry and exception loops. Accessibility innovations included focus-order specifications with skip-
to-content patterns and unified accessibility control panels co-locating text size, contrast, and voice
guidance for improved discoverability. Sydney-B (higher performance, 26/30 marks) elevated
notification services to first-class architectural actors with explicit confirmation routing, implemented
crash-tolerant ordering through pending-order-on-crash reconciliation patterns, and framed voice input
risks with severity-4 classifications requiring confirm-before-execute dialogs for elderly and low-
literacy users.

Melbourne-B and Online-A cohorts confirmed thematic saturation without introducing novel
patterns. Both groups demonstrated standard orchestration distributions (Balanced/Selective
dominance, no Critical Synthesizers), accepted H1/H3 universal principles at high rates, moderated
icon and labelling consistency suggestions, and corrected systematic DFD boundary and exception
errors consistent with Brisbane taxonomy. Online-A contributed micro-refinements including grid-
level product availability display justified through recognition-over-recall principles and icon semantics
moderation (rejecting ambiguous staff-badge icons in favour of text labels for kiosks), but these
represented tidy instantiations of established patterns rather than new thematic categories.

Table 5. Disposition of AI heuristic suggestions by Nielsen category (Task 3).

Nielsen Heuristic Category Implement % Modify % Reject % Dominant Zone Interpretation

H1 Visibility of Status 70% 25% 5% AI Leads Universal principle; high
alignment

H3 User Control & Freedom 68% 24% 8% AI Leads Universal principle; high
acceptance

H8 Aesthetic & Minimalist
(contrast)

55% 30% 15% Collaborative Context dependent; elderly
contrast needs

H2 Match Real World 20% 40% 40% Collaborative Design choice requiring
cultural calibration

H4/H6 Consistency &
Recognition

25% 45% 30% Collaborative Trade-offs between
consistency and simplicity

Context-Specific (channel,
modality)

5% 5% 90% Human Leads Physical environment
expertise essential

Across all campuses, the accessibility U-curve pattern replicated consistently. Requirements
specifications showed 75% to 85% explicit accessibility awareness, architectural diagrams suppressed
accessibility to 10% to 15% visibility, and interface evaluations recovered to 85% to 95% accessibility-
motivated decisions. Orchestration pattern distributions remained stable, with combined Balanced and
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Selective categories comprising 70% to 80% of groups and Critical Synthesizer status unachieved
in any cohort. Task 2 error taxonomy distributions (Structural 28-32%, Completeness 25-29%,
Semantic 24-28%, Notation 13-17%) and cross-cutting struggle themes (boundary reasoning 50-60%,
state management 40-50%) showed consistency within measurement tolerance. These replication
patterns provide confidence that Brisbane baseline findings generalise beyond single-campus or single-
term implementations, whilst Melbourne-A’s scaffolding contribution offers a validated pedagogical
enhancement for addressing systematic translation difficulties.

6. Discussion

6.1. The three-zone model of human-AI collaboration in systems analysis

The Task 3 results reveal a systematic pattern of competency-dependent collaboration that
challenges simplistic narratives of AI augmentation in professional education. Three distinct zones
emerged, each characterised by differential human–AI authority. In the universal principles zone,
students appropriately deferred to AI on foundational usability heuristics. In the collaborative
refinement zone, genuine co-creation occurred where neither human nor AI perspective dominated.
In the contextual constraints zone, students asserted human expertise regarding situated factors that AI
could not assess.

This three-zone pattern validates SAGE’s fundamental premise that AI orchestration competency
requires graduated judgment rather than binary acceptance or rejection. The high rejection rate in
the contextual constraints zone represents pedagogical success rather than AI limitation, evidencing
development of professional confidence to override algorithmic suggestions when human expertise
proves superior.

However, the absence of Critical Synthesiser patterns across all cohorts indicates a competency
ceiling that the current framework does not penetrate. No groups demonstrated proactive gap
identification, systematic bias correction, or generative synthesis beyond combination of human and
AI contributions. Whether this ceiling reflects developmental constraints requiring extended practice,
task design limitations, or fundamental pedagogical gaps in scaffolding expert synthesis remains an
empirical question warranting future investigation.

6.2. Layer-dependent competency expression: The accessibility paradox

The accessibility U-curve reflects scaffold-dependence of competency rather than cognitive inability
to apply accessibility reasoning across abstraction layers. The experimental design deliberately
manipulated scaffolding intensity: Task 1 explicitly cued accessibility, Task 2 provided none, and
Task 3 reintroduced cues. The resulting pattern demonstrates that accessibility competency remains
stimulus-dependent despite successful initial development. Students who successfully specified
accessible requirements when prompted did not spontaneously apply this reasoning to architectural
decisions, yet immediately reactivated accessibility thinking when Task 3 made elderly user needs
salient.

Cross-campus replication strengthens confidence in scaffold-dependence as a robust pattern rather
than a Brisbane-specific artefact. Several complementary factors may reinforce this phenomenon.
Abstraction layer characteristics determine accessibility salience through differential alignment
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with user-facing concerns—requirements and interfaces operate at interaction layers where user
characteristics directly influence decisions, whilst architecture emphasises data flows and process
decomposition where user characteristics appear less immediately relevant. Additionally, formal
modelling notations evolved primarily for functional representation, with accessibility absent from
notation standards and textbooks, leaving students without architectural vocabulary for accessibility
translation.

The Melbourne-A scaffolding bundle provides preliminary evidence that architectural accessibility
gaps can be addressed through targeted intervention. Future framework iterations might test whether
embedding accessibility-specific prompts within process description templates successfully maintains
visibility at the architectural layer.

6.3. Systematic AI limitations and student correction patterns

Task 2 error taxonomy reveals that AI translation failures cluster in predictable knowledge domains
rather than being distributed randomly. Structural and completeness errors jointly constitute the
majority of corrections, indicating systematic weakness in compositional reasoning and systems
thinking. AI demonstrates facility with local transformations but struggles with global constraints
requiring holistic system understanding: balancing decomposition levels, ensuring data flow closure,
and maintaining consistent abstraction.

The cross-cutting struggle themes reinforce this pattern. Boundary reasoning failures manifested
through entity misclassifications and scope confusion. State management omissions emerged as
missing bidirectional data flows and incomplete lifecycle representations. Exception handling gaps
appeared through missing error flows and failure recovery mechanisms. These systematic failures
occurred despite students providing structured, detailed process descriptions, indicating AI knowledge
limitations rather than inadequate input specification.

The structured template approach proved effective for enabling student identification of these
failures, validating SAGE’s pedagogical strategy of providing scaffolded comparison opportunities.
Students who completed templates thoroughly possessed clear mental models enabling systematic gap
identification. However, the finding that error recognition proves easier than sophisticated correction
indicates that the latter requires deeper formal modelling knowledge regarding decomposition
principles and semantic coherence.

6.4. Competency coupling effects

The strong correlations among independent competency codes demonstrate that orchestration
capabilities develop as integrated clusters rather than isolated skills. Groups capable of articulating
sophisticated reasoning simultaneously demonstrated ability to integrate multiple requirement sources
coherently. Groups able to synthesise human and AI contributions also attended to broader system
qualities beyond immediate functional scope. The near-perfect correlation between domain knowledge
and accessibility awareness indicates that deep engagement with case context simultaneously develops
both domain expertise and stakeholder sensitivity.

This coupling pattern suggests that AI orchestration pedagogy should target competency
constellations rather than discrete skills, as improvements in critical evaluation, synthesis, and domain
application appears to be mutually reinforcing. The practical implication for assessment design is that
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evaluating orchestration competency requires examining multiple evidence streams rather than single
indicators, as dissociations between articulating one’s reasoning articulation and integration of skills
provide diagnostic information about specific competency gaps.

6.5. Cross-task competency progression

The three-task sequence reveals differential developmental trajectories for distinct competency
dimensions. Critical evaluation capability showed ascending development—students grew
progressively more confident in challenging AI outputs as they accumulated experience and
familiarity with systematic AI failures. Domain application showed a recovery trajectory rather
than linear progression, paralleling the accessibility U-curve and suggesting that architectural tasks
generally proved more challenging for translating conceptual understanding into formal structural
representations.

These divergent trajectories indicate that competency development is non-uniform and domain-
dependent, requiring differentiated pedagogical strategies. Critical evaluation benefited from
progressive challenge and cumulative experience, suggesting that graduated difficulty effectively
scaffolds judgment. Domain application required layer-specific support, with architectural tasks
demanding explicit instruction on boundary reasoning and scope determination. These findings
challenge one-size-fits-all approaches to AI orchestration education, indicating that effective pedagogy
must adapt scaffolding intensity according to the task’s characteristics and abstraction layer demands.

6.6. Theoretical interpretation through Bloom’s revised taxonomy

The empirical findings align productively with Bloom’s revised taxonomy [24], illuminating
both competency progression and the absence of Critical Synthesiser orchestration. The three-
task sequence maps onto ascending cognitive levels: Task 1 engaged Apply and Analyse
processes as students evaluated AI-generated requirements against stakeholder needs and identified
contextual misalignments; Task 2 elevated demands to Evaluate as students judged AI architectural
representations against formal modelling principles; Task 3 sustained evaluation whilst approaching
Create through contextual calibration of AI feedback against situated constraints.

The absence of Critical Synthesiser patterns finds theoretical explanation within this framework.
Critical Synthesiser status required Create-level cognition: proactive gap identification generating
novel requirements beyond either source, and generative synthesis constructing innovative solutions
rather than combining existing contributions. That 84% of groups demonstrated sophisticated Analyse
and Evaluate capabilities yet none achieved Create-level orchestration suggests a developmental
threshold that single-term interventions may not penetrate [25]. Future iterations might introduce
explicit Create-focused activities, such as requiring students to identify what neither human nor AI
considered.

The competency coupling effects also find theoretical resonance. The strong correlation between
justification quality and synthesis evidence suggests that metacognitive articulation and analytical
integration develop interdependently, consistent with views positioning metacognition as operating
across cognitive levels [26]. Similarly, the near-perfect domain knowledge and accessibility awareness
correlation reflects integrated development through contextual application of abstract principles.
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Figure 6. Variation matrix.

7. Implications

Figure 6 provides at-a-glance synthesis of validated competencies, evidence strength, and critical
implementation requirements across all three experimental tasks, enabling educators to rapidly
assess the framework’s applicability to their institutional contexts. The subsequent sections detail
the pedagogical reasoning underlying these recommendations, curriculum design implications for
inclusive systems analysis education, and enhancement opportunities for future implementations.

7.1. Pedagogical recommendations for AI orchestration education

The SAGE framework’s empirical validation generates actionable recommendations for educators
designing AI orchestration curricula in systems analysis or related technical domains.

7.1.1. Structured documentation and baseline comparison enable systematic evaluation

Mandatory decision matrices with embedded justifications, confidence ratings, and source
attributions proved essential for generating observable evidence of orchestration processes. That
all groups detected at least one AI translation error in Task 2 validates requiring students to create
structured baseline artifacts before AI interaction, enabling systematic comparison between human
specifications and AI outputs. Educators should structure AI collaboration as controlled experiments:
students generate baseline expectations, document them explicitly using standardised prompts, then
evaluate AI outputs against baselines. This approach develops judgment competencies rather than
merely procedural AI interaction skills. Mandated response distributions (4–3–3 in Task 3) prevented
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passive acceptance whilst forcing discriminative judgment, though distributions must align with
the task’s characteristics rather than arbitrary quotas.This aligns with constructive alignment and
formative-assessment principles that integrate assessment with learning activities [20].

7.1.2. Scaffolding must be layer-specific and continuously present

The accessibility U-curve demonstrates that competencies developed at one abstraction layer do not
transfer automatically without explicit scaffolding at each layer. For prompt-dependent competencies,
scaffolding should be built into task templates rather than provided only through briefing instructions.
The Melbourne-A DFD scaffolding bundle provides a model: require pre-specification of system
components with explicit enumeration of user characteristics, data attributes, and operation types
before AI translation. Educators should identify which competencies require continuous environmental
support (accessibility awareness) versus which transfer reliably once established (synthesis capability).

7.1.3. Graduated challenge supports progressive development

The three-task progression from synthesis through correction to rejection provided scaffolded
increase in metacognitive demand. Task 1 established baseline orchestration in supportive context,
Task 2 challenged students to identify systematic AI failures requiring formal modelling knowledge,
and Task 3 required confident override based on situated judgment. Educators should sequence AI
collaboration tasks to develop progressively sophisticated capabilities rather than expecting expert-
level judgment immediately.

7.2. Curriculum design implications for inclusive systems analysis

Current approaches addressing accessibility primarily at requirements or interface stages may
produce systems with accessibility conceptualised as add-on features rather than embedded
architectural qualities. The dramatic suppression from 85% awareness (requirements) to 10%
(architecture) despite maintaining group composition suggests systems analysis education lacks
established approaches for teaching architectural-layer accessibility.

Curriculum reform should ensure accessibility receives explicit attention at each development
phase: requirements (user characteristics, functional needs), architecture (user profile data stores,
adaptive pathways), database design (preference attributes, consent management), algorithm design
(bias detection, fairness constraints), and interface design (interaction modalities, cognitive load).
Each phase requires distinct pedagogy because accessibility manifests differently at each layer. Formal
modelling notations (data flow diagrams (DFDs), entity–relationship diagrams (ERDs), and the Unified
Modeling Language (UML)) evolved primarily for functional representation, with accessibility often
absent from notation standards and textbooks. Curriculum development should establish standard
patterns for representing accessibility architecturally: user capability attributes in entity models,
adaptive process branches in activity diagrams, accessibility service layers in architectural views,
assistive data flows in DFDs. Providing exemplar models would create currently lacking reference
points. Embedding accessibility across artefacts is consistent with accessibility standards that
emphasise end-to-end consideration (e.g., the Web Content Accessibility Guidelines (WCAG) [27]).
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7.3. Framework enhancements and future directions

Several enhancement opportunities emerge from identified limitations. The absence of Critical
Synthesiser patterns indicates current scaffolding does not support expert-level orchestration. Future
iterations might introduce advanced tasks requiring proactive gap identification, systematic bias
detection, or generative synthesis creating novel requirements beyond either source. Whether
structured practice can penetrate this competency ceiling or whether expert orchestration requires
different pedagogical approaches (apprenticeship, critique, reflective practice) warrants investigation.

The assessment-as-research design proved effective but creates sustainability challenges. Structured
templates and mandatory documentation substantially increase marking time compared to traditional
assessments. Institutions should budget appropriate resources and consider semi-automated metric
processing whilst preserving qualitative feedback, or alternate between research-grade data collection
and streamlined practitioner versions maintaining pedagogical benefits.

Cross-campus validation revealed value in multi-site implementation for quality assurance and
innovation discovery. The Melbourne-A contribution emerged from the students’ initiative, indicating
diverse contexts generate valuable adaptations. Communities of practice among AI orchestration
educators could share protocols, student innovations, systematic failure patterns, and pedagogical
refinements, accelerating the framework’s evolution whilst distributing development effort.

8. Limitations

This study has five main limitations:

• Small sample: The core quantitative analysis uses a small cohort (Brisbane n = 13 groups), so
effect sizes and correlations should be interpreted cautiously.
• Participant profile: the cohort was predominantly international postgraduate students (over

90% from the Indian subcontinent), which may limit generalisability to other demographics and
program levels.
• Single-coder analysis: Qualitative coding was conducted by a single researcher without a formal

inter-rater reliability assessment. The primary evidentiary basis rests on quantitative metrics
embedded within the assessment instruments (decision matrices, error counts, acceptance rates),
with qualitative coding serving an interpretive function to explain observed patterns; nevertheless,
future studies should use multi-coder designs to strengthen confirmability of emergent patterns.
• Model specificity: Findings reflect the behaviour of the generative AI systems used during the

study period (e.g., ChatGPT accessed via our standard student access channels, during the study
terms). Behaviour may differ under subsequent model updates or alternative LLMs.
• NFR scope: the experimental manipulation and interpretation emphasised accessibility; we

did not systematically test whether other non-functional concerns (e.g., security, privacy,
performance, maintainability, ethics) exhibit similar layer-dependent patterns.

A further methodological consideration is the absence of a control group comparing SAGE
against AI-free instruction. This design was deliberate. The research question was not whether
AI improves learning compared with traditional pedagogy, but how to develop critical orchestration
competencies given that generative AI is already pervasive in student practice [19]. Students use AI
tools regardless of curricular acknowledgment; the pedagogical challenge is transforming unstructured
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use into disciplined professional judgment. Our contribution demonstrates that structured integration
produces observable orchestration competencies and has identified patterns informing curriculum
design. Whether SAGE outcomes exceed alternative pedagogies remains an empirical question for
future research.

Accordingly, the results should be read as exploratory but reproducible patterns under defined
conditions, motivating replications with larger and more diverse cohorts, multi-coder qualitative
designs, and broader non-functional coverage.

9. Conclusions

This paper presented SAGE, a pedagogy for embedding generative AI within the systems analysis
and design curriculum to strengthen job-ready orchestration competencies. The framework, adapted
and extended from a validated cybersecurity architecture, rests on three ideas: staged scaffolding
for progressive judgment, assessment-as-research instrumentation, and multi-layer competency
operationalisation across requirements, architecture, and interface work.

In the Brisbane baseline cohort (n = 13 groups), orchestration behaviours concentrated at
intermediate levels (Balanced Integrator 46%, Selective Adapter 38%), with no group reaching
expert synthesis. Cross-campus cohorts (n=5 groups, yielding N = 18 template-compliant groups
analysed overall out of 21 participating groups) corroborated the same qualitative distribution
(Balanced/Selective dominance; no Critical Synthesizers) without materially altering the baseline
interpretation.

In summary, this experiment reveals that students tend to plateau at a mid-level of orchestration.
That means they can merge and tidy AI output, but rarely challenge its framing, or propose genuinely
new directions. More broadly, the findings reinforce that effective AI literacy in professional
education is not primarily about prompt engineering or output optimisation; it is about developing
disciplined critical evaluation and the confidence to override AI when context demands. Designing
for orchestration therefore requires assessment tasks that make reasoning visible and reward justified
acceptance, modification, and rejection.

Accessibility shows up in requirements and screen designs, then disappears in architecture unless
we make it explicit at that layer. AI prose-to-DFD translations often fail at the system boundary and
across the data lifecycle, for example misclassifying internal actors as externals, omitting write-backs
to stores, and dropping confirmations or error and timeout paths. In practice, the fix is to add one task
that rewards gap finding and bias checks, embed accessibility fields in DFD and CRUD templates, and
require a short pre-translation scaffold with an entity list, input–output balance, and a CRUD matrix.
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A. Appendix A

A.1. The Three-Dimensional Competency Model

The framework operationalises three dimensions of critical thinking adapted from cybersecurity
pedagogy for systems analysis contexts, making abstract cognitive capabilities observable through
domain-specific behaviours documented in assessment artifacts.

A.1.1. Analytical Deconstruction

This involves systematic identification of gaps, errors, and biases in AI-generated artifacts. In
requirements contexts, students identify missing stakeholder perspectives (elderly users, Indigenous
customers, accessibility needs) that AI systematically overlooks. In formal modelling, students
recognise systematic translation errors including boundary classification failures, state management
omissions, and exception handling gaps. In design contexts, students detect optimisation biases where
AI recommendations prioritise single dimensions without recognising trade-offs. Observable evidence
emerges through error identification rates, rejection patterns, and justification quality articulating
systematic AI failure patterns.

A.1.2. Contextual Application

requires adapting generic AI outputs to specific organisational, domain, and stakeholder contexts.
In requirements, students modify AI suggestions for GreenHarvest-specific constraints (elderly
demographics, fresh produce perishability, regional positioning). In formal modelling, students correct
translations for domain-specific business rules (loyalty member versus guest processes, promotional
integration, inventory constraints). In design evaluation, students balance recommendations against
project constraints (interaction timeframes, elderly cognitive load, environmental conditions).
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Observable evidence appears through modification patterns showing sophisticated adaptation and
justifications revealing contextual reasoning depth.

A.1.3. Reflective Synthesis

encompasses integrating human and AI contributions whilst maintaining explicit awareness of
reasoning processes and trade-offs. In requirements, students justify prioritisation by balancing
competing needs using systems analysis principles. In formal modelling, students explain corrections
using architectural theory (process mediation, data conservation, CRUD completeness). In design,
students articulate trade-offs across stakeholder groups and competing objectives with explicit
acknowledgment of who benefits and who compromises. Observable evidence emerges through
justification sophistication, synthesis quality ratings, and metacognitive awareness in reflections.

These dimensions operate interdependently: analytical deconstruction enables recognition of when
contextual application is necessary; contextual application generates material for reflective synthesis;
reflective synthesis deepens future analytical capabilities. Section 4 operationalises these dimensions
through measurement frameworks enabling systematic investigation of competency development
patterns.

B. Appendix B

B.1. Experiment 1: Requirements Synthesis

This experiment investigates a fundamental question in AI-augmented requirements engineering:
can students effectively synthesise human and AI-generated requirements whilst maintaining critical
judgment about stakeholder representation, domain appropriateness, and feasibility? Contemporary
systems analysts increasingly encounter AI-generated requirement sets that appear comprehensive
but may systematically overlook implicit stakeholder needs, organisational constraints, or domain-
specific nuances. The experiment tests whether students can identify these gaps whilst
leveraging AI’s generative capabilities, operationalising synthesis competency through measurable
accept/modify/reject decisions.

B.1.1. Task Overview

Students complete a three-phase requirements development workflow for the GreenHarvest Smart
Kiosk system (a supermarket self-service kiosk for elderly customers and Indigenous community
members). First, they manually author user stories without AI assistance, establishing baseline
human requirement quality. Second, they use AI to generate comprehensive requirements using
a standardised prompt. Third, they synthesize both sources into a prioritised product backlog,
documenting every decision with source attribution, confidence ratings, and justifications. This
workflow mirrors professional agile practice where analysts reconcile requirements from multiple
sources whilst maintaining traceability.

B.1.2. Detailed Protocol and Phase Aims

Phase 1 - Manual Baseline (Pre-AI): Each of four group members independently writes two
user stories (eight total per group) following standard agile format: ”As a [stakeholder], I want
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[functionality], so that [business value]” with 2-3 measurable acceptance criteria and story point
estimates (1, 2, 3, 5, or 8).

Aim: Capture students’ baseline requirement generation capabilities, analytical priorities, and
stakeholder awareness before AI exposure influences their thinking. This phase also documents pre-AI
expectations through a structured table where students predict AI’s likely contributions and blind spots,
enabling later comparison between expectations and actual AI performance.

Phase 2 - AI Generation (Intervention): Groups apply a standardised prompt to ChatGPT
requesting comprehensive user stories for all GreenHarvest stakeholders. The prompt explicitly
cues consideration of edge cases, non-functional requirements, accessibility needs for elderly users
and Indigenous customers, and technical constraints, deliberately testing whether students critically
evaluate AI outputs even when prompts appear comprehensive.

Aim: Generate comparable AI outputs across all groups (reduces prompt-quality variation as
a confounding factor by using a standardised prompt), whilst creating conditions where students
must evaluate AI-generated requirements that mix genuinely useful suggestions with systematic gaps
characteristic of current language models.

Phase 3 - Synthesis and Documentation: Groups compile final product backlog of 15+ requirements
by evaluating every human and AI story, completing the Product Backlog Synthesis Table (Table 6)
for each decision. Required distribution mandates inclusion of all eight human stories, minimum five
AI stories (three accepted or modified, two rejected), and at least two hybrid stories merging human
and AI ideas. The column definitions and coding intents used in the decision log are summarised in
Table 6.

Aim: Force discriminative judgment rather than passive AI acceptance or blanket rejection. The
mandated distribution ensures sufficient data for pattern analysis whilst reflecting realistic professional
practice where analysts combine multiple requirement sources. Each decision requires a 50-75-word
justification, making reasoning processes observable.

Table 6. Product backlog synthesis table structure.

Column Values Purpose
Story Title Brief description Requirement identification
Source Human / AI / Hybrid Attribution tracking enables analysis of source preference

patterns
Category Core / Nice-to-have / Out-of-scope Tests scope management judgment
Priority High /Medium / Low Reveals prioritisation criteria (technical vs user-centred)
Story Points 1, 2, 3, 5, 8 Effort estimation capability
Confidence 1–5 scale Self-assessment enabling calibration analysis
Decision Accept /Modify /Merge / Reject Primary orchestration behaviour
Justification 50–75 words Reasoning quality and domain knowledge indicator

B.1.3. Measurement and Data Extraction

Completed synthesis tables generate multiple data streams revealing orchestration patterns.
Synthesis Evidence is coded as None (no integration, simple copying), Basic (combines sources but
minimal reconciliation), or Advanced (sophisticated integration with explicit trade-off reasoning and
consistency checking) based on justification content and decision pattern sophistication. Domain
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Knowledge is assessed through justification content as Lacking (generic reasoning applicable to
any system), Generic (basic retail understanding), or Applied (GreenHarvest-specific insights about
elderly customers, Indigenous community needs, fresh produce constraints, or regional supermarket
contexts). Accessibility Awareness is rated Absent (no mention of elderly or Indigenous users),
Implicit (generic usability language without specific user groups), or Explicit (direct reference to
elderly cognitive/physical needs or Indigenous cultural considerations in story titles, acceptance
criteria, or justifications).

The distribution of Accept/Modify/Reject decisions across human versus AI sources reveals
Orchestration Patterns: Passive Acceptor (predominantly AI acceptance with weak justifications),
Selective Adapter (domain-based filtering with differential treatment of technical versus business
requirements), Balanced Integrator (systematic synthesis combining strengths from both sources with
explicit trade-off reasoning), or Critical Synthesizer (proactive gap identification, systematic bias
correction, and generative synthesis producing novel requirements beyond either source). Confidence
ratings enable calibration analysis examining whether high-confidence decisions correlate with
successful synthesis outcomes. Complete coding rubrics appear in Appendix A. Inter-rater reliability
procedures are recommended for future replications.

B.2. Experiment 2: DFD Translation and Correction

This experiment addresses a critical knowledge gap in AI-augmented systems analysis: what formal
modelling expertise do students need to identify and correct AI translation errors when converting
natural language process descriptions into Data Flow Diagrams? Unlike requirements engineering
where evaluation criteria involve subjective stakeholder priorities, formal modelling demands precise
semantic relationships and syntactic correctness. AI frequently generates plausible-looking DFDs
containing subtle errors in boundary classification, data flow directionality, or process decomposition
that fundamentally alter system behaviour. The experiment systematically investigates which types of
DFD knowledge prove essential for effective human-AI collaboration in architectural modelling.

B.2.1. Task Overview

Students complete a controlled translation workflow revealing the gap between human conceptual
understanding and AI’s formal representation. First, they write detailed structured process descriptions
for ”Loyalty Member Express Order Processing” without AI involvement, establishing explicit
specifications of trigger events, preconditions, process steps, data inputs/outputs, data stores with
operation types, external entities, postconditions, and exception handling. Second, they submit
these descriptions to AI using a standardised translation prompt requesting Level-0 DFD component
listings. Third, they systematically identify and correct AI errors, documenting each correction with
error classification, complexity rating, and systems-analysis-based explanations. This workflow tests
whether formal modelling knowledge enables error detection that less technically-trained stakeholders
would miss.

B.2.2. Detailed Protocol and Phase Aims

Phase 1 - Structured Specification (Baseline):
Students complete the Process Description Template specifying all elements of loyalty member
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express ordering: what triggers the process (member scans card at kiosk), what must be true beforehand
(member has active account, previous orders exist in system), 8-10 numbered process steps with data
transformations, all incoming data with sources (member ID from card reader, order history from
database), all outgoing data with destinations (order confirmation to member, order details to kitchen
management system), data stores accessed with read/write operations, external entities with interaction
types, what must be true afterwards (order recorded, inventory updated, payment processed), and 2-3
exception scenarios (payment failure, out-of-stock items, system timeout).

Aim: Create detailed comparison standard enabling systematic evaluation of AI translation
accuracy. The structured template ensures students think through all DFD components before seeing
AI’s interpretation, preventing AI outputs from anchoring student mental models.

Phase 2 - AI Translation (Intervention):
Students submit completed descriptions using standardised prompt requesting Level-0 DFD

conversion with components listed in structured format: numbered processes with descriptions,
external entities with roles, data stores with contents, and data flows with source-destination-content
specifications. The prompt explicitly requests balancing with context diagram.

Aim:
Generate AI translations exhibiting systematic failures observable across groups—enabling

investigation of which error types students successfully detect versus overlook, and which formal
modelling knowledge proves essential for correction.

Phase 3 - Error Analysis and Correction:
Students identify minimum eight errors in AI-generated DFDs, completing the DFD Correction Log

(Table 7) for each. They specify what component AI generated incorrectly, provide corrected version,
classify error type, rate correction complexity, and explain why correction is necessary using systems
analysis terminology (concepts like balancing, decomposition levels, external entity constraints, data
flow closure). The DFD Correction Log fields and their analytic purposes are defined in Table 7.

Aim: Make formal modelling knowledge visible through correction explanations. Students who
deeply understand DFD semantics articulate corrections using theoretical principles (e.g., ”external
entities cannot directly access data stores; interactions must flow through processes”), whilst those
with surface knowledge provide procedural fixes without theoretical grounding. This phase also tests
accessibility transfer: does awareness demonstrated in Task 1 requirements spontaneously transfer
to architectural modelling without explicit scaffolding? Task 2 deliberately provides no accessibility
prompts in templates or reflection questions.

Table 7. DFD correction log structure.

Column Values Purpose
Component Type Process / Entity / Store / Flow Identifies which DFD element contains the error
AI Output [Generated version] Documents AI’s incorrect interpretation
Correct Version [Fixed specification] Shows the student’s correction
Error Category Structural / Semantic /

Notation / Completeness
Enables error taxonomy; reveals systematic AI weaknesses

Complexity Simple /Moderate / Complex Indicates knowledge depth required for the correction
Explanation 30–50 words Reveals understanding through systems analysis reasoning
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B.2.3. Measurement and Data Extraction

The correction logs enable multiple analyses revealing formal modelling competency patterns.
Error Detection Rate calculates percentage of systematic AI failures successfully identified by each
group, indicating observational accuracy and formal notation literacy. Correction Accuracy assesses
whether fixes genuinely resolve issues (Perfect), partially address problems (Partial), introduce new
errors (Incorrect), or worsen the model (Worse), revealing depth of DFD semantic understanding
beyond surface pattern recognition.

Error Distribution analysis across taxonomy categories reveals which AI failure types students
recognise versus overlook. Structural errors involve incorrect component relationships or
malformed topology (unbalanced decomposition, inappropriate connections between element types).
Completeness errors reflect missing processes, flows, or exception pathways (absent confirmation
loops, missing audit trails, incomplete state transitions). Semantic errors indicate conceptual
misunderstandings of process meaning or data directionality (payment confirmations directed to wrong
entities, login treated as process rather than precondition). Notation errors involve improper symbology
or numbering conventions (incorrect process numbering, data store labelling violations). Scope errors
introduce out-of-specification elements beyond stated requirements.

Cross-cutting thematic analysis examines which knowledge domains prove most challenging
independent of primary error category. Boundary Reasoning competence (distinguishing internal
processes from external entities, correctly identifying data flow termination points, understanding
system scope boundaries) is assessed through corrections involving entity classifications and flow
directions. State Management capability (recognising missing bidirectional flows, identifying absent
write-back operations, ensuring CRUD operation completeness) is evaluated through corrections
addressing data store interactions and transactional closure. Exception Handling sophistication
(identifying missing timeout pathways, detecting absent error recovery mechanisms, recognising
incomplete failure flows) is measured through corrections adding exception-related DFD elements.

Accessibility Modelling (whether groups spontaneously include accessibility-relevant states, flows,
or stores without explicit prompting) is tracked through presence of accessibility profile attributes in
data stores, error assistance pathways reflecting cognitive limitations, or explicit read/write semantics
for consent and preference management. This measurement tests whether strong accessibility
awareness demonstrated in Task 1 requirements transfers to architectural representations, or whether
competency expression depends on system abstraction layer with accessibility readily visible at
requirements but suppressed at architecture without explicit scaffolding. Detailed error classification
criteria and knowledge assessment rubrics appear in Appendix B. Inter-rater reliability procedures are
recommended for future replications.

B.3. Experiment 3: Design Evaluation

This experiment investigates how students develop contextual judgment to critically evaluate AI
design feedback, specifically examining the tension between universal usability principles and situated
constraints. Unlike binary compliance decisions (policy follows regulation or not) or correctness
judgments (DFD balances or not), design evaluation requires subjective trade-offs where multiple valid
solutions exist. AI design feedback typically applies universal heuristics (Nielsen’s usability principles)
without recognising contextual factors like physical environment constraints (standing versus seated
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interaction), demographic-specific needs (elderly users versus general populations), or organisational
priorities (accessibility versus feature richness). The experiment tests whether students can confidently
override AI recommendations when context demands whilst appropriately accepting universally valid
suggestions.

B.3.1. Task Overview

Students complete a design-evaluate-decide workflow mirroring professional user interface (UI)
design practice. First, they create low-fidelity wireframes for two GreenHarvest kiosk screens
(Welcome/Home and Product Search Results) specifically targeting elderly users (65+) with low digital
literacy in standing interaction contexts with 2-3 minute time constraints. They justify design decisions
relative to elderly cognitive/physical needs, Indigenous cultural considerations, standing constraints,
and supermarket time pressure. Second, they submit wireframes to AI requesting heuristic evaluation
using Nielsen’s 10 usability principles with explicit attention to elderly impact and busy supermarket
context. Third, they critically assess AI feedback, completing evaluation matrix with exactly 10
decisions following mandated 4-3-3 distribution (four implementations, three modifications, three
rejections), forcing discrimination between universally valid suggestions and context-inappropriate
recommendations.

B.3.2. Detailed Protocol and Phase Aims

Phase 1 - Design Creation and Justification:
Students develop wireframes addressing GreenHarvest’s specific constraints: elderly users requiring

large touch targets (minimum 44x44 pixels), high contrast for vision limitations, simple navigation
without nested menus, visible status feedback, and undo capabilities for error recovery; Indigenous
customers potentially requiring language toggles or cultural sensitivity in imagery; standing interaction
constraining session duration and favouring recognition over recall (no password entry); busy
supermarket environment creating noise interference (visual feedback over audio) and time pressure
(progressive disclosure rather than feature completeness). Design justification document (200-250
words) explicitly connects wireframe decisions to these constraints.

Aim: Establish students’ independent design reasoning and user empathy before AI evaluation
influences their perspective. The justification requirement makes initial design logic transparent,
enabling later assessment of whether AI feedback reinforces, challenges, or redirects student thinking.

Phase 2 - AI Heuristic Evaluation (Intervention):
Students submit wireframe descriptions using a standardised prompt requesting evaluation

against Nielsen’s 10 heuristics (visibility of status, match real world, user control, consistency,
error prevention, recognition over recall, flexibility, aesthetic minimalism, error recovery, help
documentation). The prompt explicitly cues elderly user impact and supermarket context
considerations.

Aim: Generate AI feedback exhibiting systematic patterns across universal principles,
design choices, and context-specific recommendations, enabling investigation of whether students
appropriately distinguish principle-based feedback from context-blind suggestions and develop
graduated authority distribution across these domains.

Phase 3 - Critical Evaluation and Decision Documentation:
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Groups complete AI Feedback Evaluation Matrix (Table 8) for exactly 10 AI suggestions with
mandated distribution: four implementations (accepting AI feedback as valuable improvement), three
modifications (adapting AI suggestion to context constraints), three rejections (overriding AI when
recommendation conflicts with elderly needs, standing interaction limits, or supermarket environment
realities). Each decision requires 50-75 word justification explicitly addressing elderly impact,
contextual appropriateness, and trade-off considerations.Table 8 specifies the AI Feedback Evaluation
Matrix used to capture decisions and justifications.

Aim: Develop confident professional judgment to lead human-AI collaboration rather than
deferring to algorithmic authority. The mandated rejection quota is pedagogically critical—it forces
students to find instances where their contextual expertise supersedes AI’s generic recommendations,
building confidence in situated judgment. This phase reintroduces accessibility scaffolding through
explicit design requirements and evaluation prompts, testing whether awareness suppressed in Task 2
architecture can be reactivated at interface layer.

Table 8. AI feedback evaluation matrix structure.

Column Values Purpose
AI Suggestion 15–25 word summary Documents AI recommendation content
Heuristic H1–H10 Links to Nielsen’s usability principle
AI Severity 1–4 scale Records AI’s importance rating
Agreement Agree / Partial / Disagree Student’s evaluation position
Action Implement /Modify / Reject Decision type revealing authority distribution
Elderly Impact High /Medium / Low Context sensitivity indicator
Justification 50–75 words Reasoning quality and contextual judgment evidence

B.3.3. Measurement and Data Extraction

Completed evaluation matrices reveal sophisticated patterns in human-AI authority negotiation.
Context Sensitivity is rated High (justifications explicitly reference elderly users, standing posture, time
limits, or supermarket noise), Medium (generic usability reasoning without context-specific factors),
Low (purely aesthetic preferences), or None (no justification), enabling assessment of whether students
ground decisions in situated analysis versus abstract principles. Trade-off Recognition is classified as
Explicit (articulates competing objectives like ”large buttons improve elderly accessibility but reduce
information density; prioritising accessibility given target users”), Implicit (acknowledges complexity
without detailed reasoning), or Absent (treats decisions as straightforward without recognising
tensions), revealing sophistication in handling design’s inherently contested nature.

User Empathy is assessed as Strong (demonstrates deep understanding of elderly cognitive
load, physical dexterity limits, vision requirements, or Indigenous cultural needs through specific
references), Present (acknowledges user characteristics generically), or Lacking (ignores or
dismisses elderly-specific considerations), measuring whether students maintain a stakeholder-centred
perspective versus defaulting to designer preferences or AI recommendations.

Professional Judgment is evaluated through the confidence and appropriateness of AI overrides.
Mature judgment shows confident rejection of context-inappropriate suggestions with sophisticated
reasoning articulating why contextual factors supersede universal principles in specific cases.
Developing judgment shows some independent thinking with hesitation or over-qualification. Novice
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judgment defers to AI authority based on severity ratings or algorithmic confidence without critical
contextual evaluation.

The matrix enables quantitative analysis of collaboration zones by examining acceptance patterns
across heuristic categories. Decisions regarding universal usability principles versus context-specific
recommendations reveal whether students appropriately distribute authority, accepting AI guidance
where principles genuinely apply, whilst asserting human expertise where situated factors dominate.
Analysis investigates whether high AI severity ratings correlate with student implementation decisions,
or whether students exercise independent judgment, overriding severity assessments when contextually
appropriate.
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