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Abstract — This paper reports an embedded case study of a 

Thayer-inspired teaching routine (M1–M2–M3) implemented 

across four business curricular units (covering global 

competitiveness, strategic marketing, international marketing, 

and B2B marketing) during the 2025–2026 academic year. The 

routine operationalises (M1) a 10–20 minutes conceptual 

framing with explicit learning outcomes; (M2) small-group (≤3 

students) applied problem work using permitted digital tools 

(including AI under disclosure and verification rules); and (M3) 

an unsupported oral defence (no slides, notes, or devices), with 

mandatory individual contribution and structured questioning. 

Drawing on evidence on active learning effectiveness and 

constructive alignment, the M1–M2–M3 routine is 

conceptualised as integrity-by-design: students may use tools to 

learn and build artefacts (M2), while their individual 

understanding and reasoning are authenticated through a 

technology-free defence (M3). Across the four embedded units 

of analysis, findings report a trajectory from initial student 

discomfort and insufficient preparation to progressively 

stronger conceptual accuracy and argumentation. The paper 

documents the positive learning outcomes achieved and the 

structural challenges encountered (including anxiety, overload, 

and unequal academic capital) and discusses their implications 

for assessment design in AI-normalised environments. 
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I. INTRODUCTION 

Generative AI has amplified long-standing concerns 

around authorship, originality, and the authenticity of 

assessment evidence in higher education. In response, 

educators face a dual design problem: enabling students to 

use contemporary tools responsibly while ensuring that 

assessment evidence still reflects individual learning.  

One promising response to this challenge lies in the 

redesign of teaching and assessment practices according to 

integrity-by-design principles, in which learning activities 

may incorporate digital tools while assessment mechanisms 

verify individual reasoning and ownership of knowledge. 

Within this context, the Thayer method, which emphasises 

student preparation, active engagement, and demonstration of 

understanding through questioning and discussion, offers a 

potentially valuable pedagogical framework for 

contemporary higher education environments. 

This paper examines the implementation of a Thayer-

inspired teaching routine (M1–M2–M3) designed to 

reconcile active learning with integrity-by-design 

assessment. The routine consists of three sequential phases: 

(M1) a brief conceptual framing with explicit learning 

outcomes; (M2) small-group applied work in which students 

may use digital tools, including generative AI, under explicit 

disclosure and verification rules; and (M3) an unsupported 

oral defence in which students must individually demonstrate 

their reasoning without the aid of slides, notes, or digital 

devices. 

The study investigates how these routine functions work 

when implemented across multiple curricular contexts. 

Specifically, the intervention was applied during the 

2025/2026 academic year across four business curricular 

units (global competitiveness, strategic marketing, 

international marketing, and B2B marketing) within a 

Portuguese public higher education institution. The aim is to 

explore how the M1–M2–M3 routine operates as a 

mechanism for combining active learning, authentic 

assessment, and academic integrity in an AI-normalised 

educational environment. 

The study adopts an embedded case study design, treating 

the four curricular units as subcases within a single 

instructional intervention. Evidence is triangulated from 

assessment records, rubric-based oral defence scores, 

learning artefacts produced during group work, instructor 

observation notes, and student perception data collected 

through questionnaires. This design allows for within-unit 

analysis and cross-unit comparison to identify recurring 

patterns of learning outcomes, student adaptation processes, 

and structural challenges associated with the routine. 

The findings reveal a clear trajectory of adaptation over 

time. Initial implementation generated significant student 

discomfort, particularly due to the high-accountability nature 

of unsupported oral defence and the requirement for 

autonomous preparation. However, as students became 

accustomed to the M1–M2–M3 cycle, improvements were 

observed in conceptual accuracy, argumentation quality, and 

the ability to link theoretical frameworks to applied decisions. 

At the same time, the study documents several structural 

tensions (including anxiety, workload pressures, and unequal 

academic preparation) that shape how such accountability-

centred designs function in practice. 

The intervention is conceived as integrity-by-design: M2 

supports authentic tool-mediated practice, while M3 secures 

evidence of student ownership through real-time reasoning 

and explanation. Implementation, however, proved neither 

frictionless nor uniform.  

The paper contributes with a replicable pedagogical 

routine that integrates active learning with integrity-by-

design assessment in AI-permissive environments. It 
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advances a critical discussion of structural conditions (such 

as academic capital, workload distribution, and assessment 

design) that influence the effectiveness and equity of 

accountability-centred pedagogical models. This paper 

documents the achievements and the structural tensions 

encountered, contributing a nuanced account of how Thayer-

inspired accountability design functions in practice.  

The remainder of the paper is structured as follows. Section 

2 presents the literature review; Section 3 presents the 

research methodology and evidence sources. Section 4 

reports the results and Section 5 discusses the implications of 

the findings for pedagogy and assessment design in AI-

normalised higher education. Finally, section 6 presents the 

conclusions, limitations, and suggestions for future research. 

II. LITERATURE REVIEW 

This section reviews literature on the Thayer method, 

active learning approaches, and constructive alignment, with 

particular attention to their implications for assessment in 

contexts where artificial intelligence tools are increasingly 

used. 

The Thayer method emphasises student responsibility for 

preparation, with classroom time centred on demonstration 

and intensive questioning rather than extended lecturing [1, 

2]. Multi-course adaptations in higher education share 

features such as scheduled preparation, minimal lecturing, 

maximised active work, and frequent evaluation [3]. This 

logic aligns with evidence that active learning outperforms 

lecture-centric instruction in achievement and retention [4, 5]. 

However, the method's effectiveness depends critically on the 

quality of implementation, student readiness, and contextual 

supports [6]. 

Constructive alignment [7] proposes that intended learning 

outcomes, teaching-learning activities, and assessment tasks 

should cohere so that assessment directly evidences the 

targeted outcomes. Assessment-for-learning emphasises 

feedback loops as levers for learning gains [8]. Feedback 

supports self-regulation when it clarifies standards, enables 

self-evaluation, and promotes action [9]. In M1–M2–M3, 

alignment is operationalised as: explicit criteria (M1) → 

deliberate practice with feedback (M2) → authentic 

demonstration (M3). 

Authentic assessment evaluates the application of 

knowledge, judgement, and communication in meaningful 

contexts [10, 11]. Oral defence formats can serve as authentic 

demonstrations of reasoning and as validation mechanisms 

for ownership when written outputs may be tool-assisted [12]. 

However, systematic reviews identify reliability and equity 

risks, including performance anxiety, language effects, and 

assessor bias, that require rubric transparency, calibration, 

and scaffolding [12]. In AI-normalised contexts, integrity-by-

design combines tool-enabled practice with robust 

demonstration requirements [13, 14, 15]. 

A critical reading of Thayer-inspired approaches must 

acknowledge the structural tensions inherent in transferring 

full preparation responsibility to students. Drawing on [16] 

zone of proximal development, designs that demand 

independent first contact with new material before instructor 

mediation risk requiring students to operate beyond their 

current cognitive reach, generating anxiety rather than 

curiosity [17]. The emphasis on textual preparation also 

presupposes academic literacy capital that is unequally 

distributed across student populations [18], potentially 

amplifying rather than equalising existing disparities. 

Moreover, graded participation requirements risk producing 

instrumental rather than genuine engagement, substituting 

performative compliance for authentic intellectual risk-

taking. 

III. METHOD 

A.  Purpose and Research Design 

The study adopts a single-case design with four embedded 

units of analysis, enabling within-unit description and cross-

unit synthesis. This design supports analytic generalisation 

through pattern matching and triangulation rather than 

statistical generalisation [19]. Each curricular unit is analysed 

as a subcase and then compared to identify replicated 

mechanisms and boundary conditions. Within this 

framework, the following research questions (RQs) guide the 

empirical analysis: 

RQ1. How can a Thayer-inspired M1–M2–M3 routine be 

implemented with constructive alignment across four 

business curricular units? 

RQ2. What learning evidence and student perceptions 

(including challenges and adaptations) are observed within 

and across units under this routine? 

RQ3. How does combining tool-permitted applied work 

(M2) with an unsupported oral defence (M3) shape perceived 

authenticity, integrity, and equity? 

The case is situated in a Portuguese public higher education 

institution (School of Business Studies), academic year 

2025–2026. The four business curricular units are treated as 

embedded units of analysis (see Table 1), spanning 

undergraduate and postgraduate levels. Table 1 describes the 

four units and their assessment structures. 

 
Table 1. Embedded business units of analysis and assessment overview. 

Business 

Curricular 

Unit 

Cycle / 

ECTS 
Thematic Focus 

Key 

Assessment 

Evidence 

Business Unit 

A (Global 

Competitivene

ss) 

MSc / 6 

ECTS 

Globalisation, 

competitiveness, 

institutional and 

ethical issues 

M3 oral 

defence; group 

project; 

participation 

Business Unit 

B (Strategic 

Marketing) 

MSc / 6 

ECTS 

Strategic analysis 

and marketing 

strategy 

formulation 

M3 oral 

defence; group 

strategic plan; 

participation 

Business Unit 

C 

(International 

Marketing) 

BSc / 6 

ECTS 

Market selection, 

entry modes, 

global marketing 

mix 

M3 oral 

defence; group 

project; 

individual test; 

participation 

Business Unit 

D (B2B 

Marketing) 

BSc / 5 

ECTS 

Organisational 

buying, relational 

value, key 

accounts, B2B 

digital channels 

M3 oral 

defence; group 

work; 

participation; 

exam 

 

All units share the same M1–M2–M3 session routine and 

an assessment approach that combines applied group work 

with an unsupported oral defence. Routine M1 (10–20 

minutes) consists of a brief exposition of essential concepts, 



explicit learning outcomes, and success criteria aligned to the 

M3 rubric. Typical misconceptions are addressed proactively. 

Routine M2 (≤3 students per group) applied tasks (case 

studies, decision matrices, planning, and diagnostic 

exercises) with free but accountable use of digital tools 

(LMS, collaborative suites, analytics, visualisation, 

simulations, and digital bibliography). Generative AI may be 

used as a learning aid provided that use is disclosed, outputs 

are verified, and final decisions are justified with independent 

reasoning. Routine M3 (unsupported oral defence) consists of 

oral presentation and Q&A without slides, notes, or devices. 

Each student must contribute individually and respond to 

directed questioning that probes conceptual accuracy, 

application, and argumentation. Formative feedback, 

including a brief peer review, is provided at the end of each 

session. 

B.  Data Analysis 

Qualitative material — open-ended questionnaire 

responses, instructor session-observation notes, and 

analytical annotations on the M2 learning artefacts — was 

analysed using reflexive thematic analysis following the six-

phase procedure of Braun and Clarke [21]. The corpus was 

first read repeatedly for familiarisation, with analytic memos 

recording initial impressions. Codes were then generated 

inductively, staying close to participants' own wording, and 

collated into candidate themes through iterative comparison 

within each unit and across the four units. Candidate themes 

were reviewed against both the coded extracts and the full 

dataset to verify internal coherence and external 

distinctiveness, and were subsequently refined, defined, and 

named in relation to the three research questions. To 

strengthen dependability, coding was performed 

independently by two members of the research team and 

reconciled through discussion; disagreements were resolved 

by returning to the source extracts rather than by majority 

decision, and an audit trail of coding decisions and theme 

revisions was retained. Finally, the qualitative themes were 

integrated with the quantitative strand in a joint display [22], 

in which thematic findings were juxtaposed with the 

descriptive rubric and assessment patterns for each unit, 

allowing convergence and divergence between perceived and 

demonstrated learning to be examined. Quantitative data 

(final and component grades and M3 rubric dimension 

scores) were summarised descriptively at the unit level and 

synthesised across units; consistent with the embedded 

single-case design, these summaries are interpreted as 

analytic, non-causal patterns rather than as statistical effects 

[19]. Table 2 details the evidence matrix. 

 
Table 2. Evidence sources and planned analyses. 

Evidence 

Source 

Construct 

Focus 

Instrument/

Measure 
Timing Planned Analysis 

Assessme

nt records 

Achievement; 

progression 

Final and 

component 

grades 

End of 

term 

Descriptive patterns 

by unit; cross-unit 

comparison (non-

causal) 

M3 rubric 

scores 

Reasoning; 

communicati

on; 

ownership 

Rubric with 

criteria and 

anchors 

Session

al / 

end-of-

term 

Dimension-level 

profiles; inter-rater 

checks if feasible; 

cross-unit synthesis 

Evidence 

Source 

Construct 

Focus 

Instrument/

Measure 
Timing Planned Analysis 

Learning 

artefacts 

(M2) 

Decision 

quality; 

evidence use 

Artefact 

scoring + 

content 

analysis 

Throug

hout 

term 

Coding of decision 

logic; exemplar 

analysis; alignment to 

LOs 

Student 

perceptio

ns 

Perceived 

learning; 

fairness; 

integrity 

climate 

Survey 

(Likert + 

open text) 

Mid/en

d of 

term 

Thematic analysis; 

joint display with 

rubric outcomes 

LMS 

traces 

(optional) 

Engagement; 

pacing 

proxies 

Access/submi

ssion 

timestamps 

Continu

ous 

Exploratory 

associations with 

outcomes (privacy-

limited) 

 

Student perceptions were collected through an end-of-term 

questionnaire administered online via the institutional 

learning management system during the final weeks of the 

semester. The instrument combined closed items rated on a 

five-point Likert scale (1 = strongly disagree, 5 = strongly 

agree), grouped into thematic blocks – perceived learning and 

conceptual understanding, perceived fairness and integrity 

climate, and affective experience (anxiety, workload, and 

confidence) – and open-ended prompts asking students to 

describe what most helped and hindered their learning across 

the M1–M2–M3 routine, their experience of the unsupported 

M3 oral defence, and any suggestions for improvement. 

Completion was voluntary, and responses were anonymous. 

Across the four units, 47 of 149 enrolled students completed 

the questionnaire. The open-ended items produced free-text 

comments, which constituted the primary corpus for the 

thematic analysis reported in Section 4. The full 

questionnaire, the coding frame, and the anonymised 

response set are available from the authors upon request. 

C.  Ethics, Data Protection, and AI Disclosure 

The study was conducted under institutional norms for 

educational evaluation and research ethics. Student data were 

minimised and processed in line with the General Data 

Protection Regulation [20]. AI tool use was permitted in M2 

under explicit disclosure and verification expectations; M3 

provided a technology-free setting for confirming individual 

understanding and reducing the risk of misattributed 

authorship. 

IV. RESULTS 

Results are reported across two dimensions: a trajectory of 

learning gains over the term, and a systematic account of the 

structural challenges encountered. This dual structure avoids 

confirmation bias by ensuring that difficulties are 

documented with the same rigour as achievements. 

Implementation across all four units revealed a consistent 

initial phase of student resistance and distress that must be 

acknowledged before reporting eventual outcomes. Two 

patterns dominated this early period: 

▪ Challenge 1: Anxiety under direct accountability: 

Students across units expressed significant 

discomfort with the no-support constraint of M3. 



The absence of slides, notes, or devices, combined 

with direct instructor questioning, created acute 

performance stress, particularly at the undergraduate 

level. Students accustomed to lecture formats 

reported feeling exposed and unprepared in a way 

they described as qualitatively different from written 

assessments. 

▪ Challenge 2: Insufficient autonomous preparation: 

In early sessions, students were consistently 

underprepared for M1 and M2, treating theoretical 

content as optional or deferrable. The design 

assumption that students would arrive having 

engaged substantively with preparation materials 

was not initially met. This produced weak M2 

outputs and thin M3 responses, amplifying student 

anxiety and creating a negative feedback loop. 

These early dynamics reflect the paradox of accountability-

centred designs: the conditions that make oral defence an 

effective integrity mechanism are precisely those that 

generate the highest affective load when students are not yet 

acculturated to the routine. 

Beyond the initial adaptation phase, several structural 

challenges persisted across units to varying degrees. Table 3 

documents these with their observed manifestations and the 

mitigations applied. 

 
Table 3. Structural challenges, observed manifestations, and mitigations 

applied across the four business units. 

Challenge 
Observed 

Manifestation 
Mitigation Applied 

Anxiety and 

exposure 

stress (M3) 

Students distressed 

by no-support 

constraint; 

discomfort with 

direct instructor 

questioning without 

slides or notes 

Low-stakes rehearsal 

sessions; calibration 

exemplars shared in 

advance; rubric made 

fully transparent from 

Week 1 

Insufficient 

prior 

preparation 

Students arrived at 

sessions unprepared, 

treating theoretical 

content as optional 

Preparation guides 

issued weekly; 

preparation quality 

incorporated into 

participation 

component; M1 criteria 

made explicit 

Surface-

level 

participation 

Graded participation 

produced formulaic, 

non-generative 

contributions 

lacking genuine 

reasoning 

Participation rubric 

shifted from frequency 

to quality of reasoning; 

peer-review prompts 

embedded in M2 

Overload 

and shallow 

self-study 

Heavy timetable 

loads prevented 

adequate 

autonomous 

preparation; 

superficial reading 

became the norm 

Task scoping reduced; 

M2 tasks designed to 

reward depth over 

breadth; feedforward 

used to scaffold next 

session 

Unequal 

academic 

capital 

Students with 

weaker prior 

academic literacy 

struggled 

disproportionately 

Supplementary access 

materials provided; M1 

re-anchored key 

concepts before M2 

tasks began 

Challenge 
Observed 

Manifestation 
Mitigation Applied 

with text-heavy 

preparation 

 

Of the five challenges documented, overload and unequal 

academic capital proved most persistent. Students carrying 

heavy timetable loads reported that adequate preparation for 

all sessions was structurally impossible, generating surface 

engagement rather than the deep processing the design 

assumed. Students with weaker prior academic literacy, 

particularly in reading dense theoretical texts, were doubly 

disadvantaged: their preparation was weaker, and their oral 

performance in M3 reflected this compounding. 

Despite the challenges documented above, implementation 

logs and observation notes across all four units recorded a 

consistent trajectory of improvement from mid-term 

onwards. As the M1–M2–M3 cycle became routine, students 

adapted their preparation habits, and the quality of M3 

defences improved measurably. 

Rubric-based evaluations of M3 showed progressively 

stronger conceptual accuracy, tighter argument structure, and 

more explicit linkage between theory and case evidence. 

Instructors noted improvements in justification quality (the 

ability to articulate why a recommendation follows from a 

framework) and in responsiveness to probing questions. 

Where written artefacts in M2 displayed stylistic 

homogeneity consistent with AI-assisted drafting, the oral 

defence reliably differentiated levels of understanding. 

End-of-term perception data reflected the dual character of 

students' experience. On the positive side, students identified 

M2 as a space for genuine experimentation and peer learning, 

and M3 as a consolidation catalyst that, once normalised, 

improved their confidence in applying concepts to novel 

cases. Respondents described M3 as improving perceived 

fairness in an AI-available context precisely because grades 

depended on individual demonstration. 

These patterns were echoed in students' own words. Several 

respondents valued M2 as a space for authentic, accountable 

experimentation; as one postgraduate student commented: 

“Knowing I would have to defend the work without notes 

made me actually check the AI's answer instead of just 

pasting it”. The consolidating function of M3 recurred across 

units: “The oral defence was the most stressful part, but it was 

also where I finally saw how much I understood”. The 

perceived-fairness theme in an AI-available context was 

likewise explicit: “It felt fairer than a written exam, because 

the mark depended on what I could explain to myself”. The 

countervailing concerns were expressed with equal force, on 

performance anxiety, “I knew the content, but I froze under 

the direct questioning”, on the perceived arbitrariness of 

participation grading, “I never understood exactly what 

counted as good participation”, and on competing workload, 

”With four units demanding this kind of preparation every 

week, something always had to give”. These extracts are 



reproduced verbatim from the open-ended responses; they are 

illustrative rather than exhaustive and were selected to 

represent the range of positions expressed within and across 

the four units. 

Persistent concerns clustered around three themes: (i) 

performance anxiety, particularly for students with weaker 

oral fluency; (ii) the perceived arbitrariness of participation 

grading; and (iii) the tension between preparation demands 

and competing academic commitments. Students whose 

discomfort with direct questioning persisted throughout the 

term reported a sense of structural disadvantage that rubric 

transparency and rehearsal sessions only partially mitigated. 

No major academic integrity incidents were recorded 

during the implementation period. Students reported that the 

requirement to defend decisions without aids reduced 

incentives for uncritical tool use and encouraged verification 

of AI-generated content during M2. From the instructor's 

perspective, the routine shifted integrity management from 

detection towards pedagogy: the assessment anchor 

(individual oral reasoning) remained resistant to tool-

mediated misrepresentation. 

V. DISCUSSION 

The findings support a qualified account of M1–M2–M3 as 

integrity-by-design active learning: the routine produced 

genuine learning gains, but did so through a trajectory that 

included significant initial friction and persistent structural 

tensions. This qualification matters for theoretical 

interpretation and practical adoption. 

Where the design succeeded, it did so through three aligned 

mechanisms. First, M1 operationalised constructive 

alignment [7] by making intended outcomes and performance 

criteria explicit and recurring, reducing the ambiguity that 

generates surface engagement. Second, M2 instantiated 

active learning through small-group problem work [4, 5], 

providing the repeated deliberate practice that the learning 

sciences associate with durable knowledge acquisition. Third, 

M3 constituted an authentic assessment [10, 11] that closed 

the feedback loop [8, 9] and made reasoning visible to the 

instructor and to students themselves. 

The integrity-by-design logic also proved effective in 

practice: the combination of tool-permitted M2 and tool-free 

M3 shifted student behaviour towards verification and source 

triangulation during applied work, consistent with UNESCO 

guidance on human-centred AI integration [15]. 

The challenges documented in Section 4 are not incidental 

failures of implementation; they reflect structural features of 

accountability-centred designs that require explicit 

theorisation. Three tensions are particularly significant: 

▪ The autonomy paradox. The method assumes 

students can perform meaningful independent first 

contact with new material; that is, that they can 

operate productively before instructor mediation. 

From a Vygotskian perspective [16], this inverts the 

developmental logic of scaffolded learning: students 

are placed in the zone of proximal development 

without the guided support that makes that zone 

productive. When this gap is too large, the result is 

not productive struggle but affective flooding, as 

anxiety closes down rather than opens up thinking. 

▪ The academic capital asymmetry. Text-heavy 

preparation demands presuppose academic literacy 

capital distributed unequally across student 

populations [18]. Students with weaker prior access 

to academic reading cultures are doubly penalised: 

disadvantaged in preparation and consequently in 

oral performance. Far from functioning as an 

equalising mechanism, the design can amplify pre-

existing inequalities if scaffolding is insufficient. 

▪ The participation instrumentalisation risk. 

Grading participation introduces the risk that 

students optimise for performative contribution 

rather than genuine intellectual engagement. The 

authentic curiosity and productive vulnerability 

necessary for deep learning, including the 

willingness to say 'I don't understand', are 

suppressed in contexts where participation is 

evaluated for quality rather than rewarded for 

honesty. 

These tensions take on a wider significance when 

situated within the broader transformation currently 

reshaping higher education, in which two forces are 

converging. The first is the continuing diversification and 

massification of the student body, which widens the 

distribution of prior academic capital within any single cohort 

[18]. The second is the normalisation of generative AI, which 

simultaneously lowers the cost of producing fluent written 

artefacts and raises the premium on demonstrable individual 

understanding. These forces interact: recent work cautions 

that AI tools may widen rather than narrow attainment gaps, 

because students with stronger prior literacy and 

metacognitive resources are better placed to use them 

critically, whereas less-prepared students risk substituting 

tool output for understanding [13, 14]. A growing critical 

literature similarly warns against techno-solutionist adoption 

that frames AI as a neutral efficiency gain rather than as a 

force that interacts with existing inequalities and institutional 

arrangements [23, 24]. Read against this backdrop, the 

academic-capital asymmetry observed here is not a 

peculiarity of the Thayer-inspired routine but a localised 

instance of a system-level problem: as cohorts diversify and 

AI becomes ambient, assessments that authenticate 

individual reasoning, such as M3, become more necessary for 

integrity, yet also more exposed to equity risk unless the 

preparation phase is deliberately scaffolded for the full range 

of academic capital present. The contribution of M1–M2–M3 

is therefore not only a replicable routine but a concrete 



demonstration that, in AI-era assessment, integrity-by-design 

and equity-by-design must be pursued together if such 

designs are to widen rather than restrict participation. 

These tensions do not render the M1–M2–M3 routine 

unworkable; they define the conditions under which it can 

work well. The evidence suggests three necessary conditions. 

First, the instructor must adopt a hyperactive rather than 

reactive role: M1 must genuinely reduce ambiguity and 

anxiety rather than merely announcing that content was 

assigned. Second, preparation materials must be designed for 

accessibility across the range of academic capital present in 

the cohort, not calibrated to the median student. Third, 

participation assessment must explicitly reward reasoning 

quality and intellectual honesty, not punish visible confusion. 

When these conditions are met, the design appears 

capable of producing the shift documented from mid-term 

onwards: from anxious compliance to genuine engagement 

with the preparation–application–demonstration cycle. 

VI. CONCLUSION 

This paper set out to examine how a Thayer-inspired M1–

M2–M3 routine can combine active learning with integrity-

by-design assessment across four business curricular units in 

an AI-normalised environment. The evidence supports a 

qualified but clear conclusion. The routine, brief conceptual 

framing (M1), tool-permitted small-group application (M2), 

and an unsupported individual oral defence (M3), produced a 

measurable trajectory from initial anxiety and under 

preparation towards stronger conceptual accuracy, tighter 

argumentation, and more explicit linkage of theory to applied 

decisions by mid-term. Critically, where M2 artefacts showed 

signs of AI-assisted homogeneity, the technology-free M3 

defence reliably differentiated levels of individual 

understanding, and no major integrity incidents were 

recorded over the implementation period. In relation to the 

study's research questions, the routine proved implementable 

with constructive alignment across heterogeneous units 

(RQ1), generated learning evidence and student perceptions 

that were positive overall but unevenly distributed (RQ2), and 

reshaped perceived authenticity, integrity, and fairness in an 

AI-available context by anchoring grades in individual 

demonstration (RQ3). 

At the same time, the study's central contribution is its 

candid account of the structural conditions that determine 

whether such a design succeeds. Three tensions – the 

autonomy paradox, academic-capital asymmetry, and the 

instrumentalisation of graded participation – recurred across 

units and were only partially mitigated. These are not 

incidental implementation failures but defining features of 

accountability-centred assessment: the very mechanisms that 

make the oral defence robust against tool-mediated 

misrepresentation are those that impose the heaviest affective 

and preparatory load on the least-resourced students. The 

routine works well, in short, only under specific conditions – 

a proactive rather than reactive instructor role in M1, 

preparation materials designed for the full range of academic 

capital in the cohort, and participation criteria that reward 

reasoning and intellectual honesty rather than performative 

compliance. 

The broader implication for AI-normalised higher 

education is that integrity-by-design approaches are most 

defensible when they are simultaneously demanding and 

equitable: the accountability anchor of oral defence must be 

paired with sufficient scaffolding to prevent the design from 

functioning as a mechanism of exclusion rather than a 

mechanism of learning. 

Several limitations bound the claims advanced here. This is 

an embedded single-case study conducted in one Portuguese 

public business school, across four curricular units, in a single 

academic year; its aim is analytic generalisation through 

pattern matching and triangulation, not statistical 

generalisation to other institutions, disciplines, or national 

systems [19]. The number of units and participants is small, 

and the design includes no control or comparison condition: 

the learning gains reported therefore, cannot be attributed 

causally to the M1–M2–M3 routine rather than to maturation, 

instructor effects, or cohort-specific factors, and no claim is 

made that the routine outperforms alternative assessment 

formats. Perception data are self-reported and subject to 

social-desirability and non-response bias. The qualitative 

findings reflect the interpretive judgement of a research team 

who were also the instructors; this dual role affords 

contextual insight but introduces potential bias that the audit 

trail and integration with rubric evidence only partially offset. 

Rubric scoring was likewise conducted by the instructors, 

with inter-rater agreement checked only where feasible. 

Accordingly, what travels beyond this case is the routine's 

design logic and the catalogue of structural tensions and 

mitigations, not effect sizes or generalisable performance 

differences; the patterns reported should be treated as 

hypotheses for testing in larger, multi-institutional, and 

ideally comparative or longitudinal studies. 

Future research should examine longer-term transfer 

effects, multi-instructor replication, and the specific 

relationship between academic capital, preparation quality, 

and oral defence performance across diverse student 

populations. In addition, a larger-scale quantitative study, 

supported by a validated student questionnaire, is needed to 

probe more deeply the difficulties identified here and to test 

targeted interventions for improving student engagement and 

equalising preparation. 
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