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1  Introduction
Contemporary web programming education confronts a fundamental misalignment 
between academic instruction methodologies and the operational realities of modern 
software development ecosystems [1]. This disconnect pervades multiple dimensions of 
the educational experience, from technical skill acquisition to professional socialization 
processes [2]. Traditional computer science curricula, originally architected for sequen-
tial knowledge transfer and individual performance metrics, struggle to accommodate 
the collaborative, iterative workflows that characterize current industry practice.

The magnitude of this educational-professional gap manifests in quantifiable work-
force readiness deficiencies. Recent industry surveys reveal that 67% of technology 
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employers assess recent computer science graduates as inadequately prepared for collab-
orative development environments, while 73% identify specific deficiencies in practical 
agile methodology application [3]. These statistics reflect deeper structural issues within 
computing education: outdated technical content that emphasizes isolated program-
ming skills over system-level thinking, insufficient attention to client–server architec-
ture integration, and pedagogical models rooted in objectivist rather than constructivist 
learning theories (Table 1) [4, 5].

The emergence of generative artificial intelligence technologies has intensified these 
pedagogical challenges while simultaneously offering potential solutions. Large language 
models and code generation tools such as GitHub Copilot and ChatGPT have funda-
mentally altered the programming landscape, enabling students to produce syntactically 
correct code without necessarily understanding underlying computational concepts 
[6]. This technological disruption creates what [7] characterize as an “assessment valid-
ity crisis” wherein traditional evaluation methods become obsolete virtually overnight. 
Academic integrity concerns multiply as AI tools can complete conventional program-
ming assignments with minimal human intervention, necessitating fundamental recon-
ceptualization of what constitutes programming competency in an AI-augmented 
environment.

Educational institutions worldwide have experimented with various approaches to 
bridge this divide, yet systematic integration of industry-aligned methodologies with 
appropriate technological support remains elusive [8]. The COVID-19 pandemic inad-
vertently catalyzed pedagogical experimentation as remote learning exposed structural 
weaknesses in lecture-based instruction models. These forced experiments demon-
strated that knowledge transmission approaches fail to develop the collaborative com-
petencies essential for professional software development, yet they also revealed 
opportunities for innovation in course design and delivery mechanisms.

1.1  Research questions

This paper addresses the following research questions: 
RQ1:	 What are the essential components and relationships of a theoretical frame-
work that integrates agile methodologies, AI-assisted learning, and continuous assess-
ment for web programming education?
RQ2:	 How can AI-assisted learning tools be scaffolded to develop founda-
tional programming skills while mitigating dependency risks, particularly for novice 
programmers?
RQ3:	 What adaptations are necessary to ensure framework accessibility for diverse 
learner populations, including neurodiverse students, multilingual learners, and those in 
low-resource contexts?
RQ4:	 Under what boundary conditions does the proposed framework demonstrate 

Table 1  Dimensions of disconnect between traditional pedagogy and industry requirements
Dimension Traditional approach Industry requirement
Technical alignment Isolated skills, procedural focus System integration, abstraction

Soft skills Individual work emphasis Team collaboration, communication

Pedagogical model Objectivist, instructor-centered Constructivist, project-based

Assessment Point-based, competitive Process-oriented, collaborative

Academic integrity Vulnerable to AI exploitation Requires new validation methods
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effectiveness, and what contextual factors moderate its implementation success?

1.2  Contributions and paper positioning

This paper addresses these challenges through presentation of a framework that sys-
tematically integrates agile software development principles with AI-assisted learning 
approaches, specifically designed for web programming education contexts (Fig. 1). The 
theoretical foundation draws from constructivist learning theory, positioning knowl-
edge construction within collaborative project contexts that mirror professional prac-
tice while maintaining educational scaffolding appropriate for novice developers. We 
extend Computer-Supported Collaborative Learning (CSCL) principles to accommo-
date AI agents as learning partners rather than mere tools, addressing critical questions 
about human-AI collaboration in educational settings. Research from SIGCSE proceed-
ings demonstrates that collaborative approaches in CS education produce moderate to 
large effect sizes (Cohen’s d = 0.51) compared to traditional methods, with our frame-
work showing enhanced effects through strategic AI integration [9]. Sprint-based course 
structures create productive urgency that drives deeper engagement with material, while 
AI assistance enables students to tackle more ambitious projects without sacrificing fun-
damental conceptual understanding.

This paper makes four primary contributions to computer science education research. 
First, we present a conceptual framework synthesizing agile methodologies, AI-assisted 
learning, and continuous assessment into an integrated architecture for web program-
ming education. Unlike prior work examining these components in isolation, our frame-
work addresses their synergistic interactions and inherent tensions. Second, we provide 
a theory-to-design mapping demonstrating how constructivist learning theory, CSCL 
principles, and cognitive load theory inform specific framework design decisions. Third, 
we articulate testable propositions derived from the framework, enabling future empiri-
cal validation through controlled studies and longitudinal implementations. Fourth, we 
offer implementation guidance addressing accessibility, boundary conditions, and poten-
tial negative outcomes, providing practitioners with actionable strategies while acknowl-
edging limitations.

This is a conceptual/theoretical paper that synthesizes existing evidence to propose a 
novel framework. We do not present primary empirical data; the case studies discussed 

Fig. 1  Core framework architecture integrating agile methodologies, AI assistance, and continuous assessment
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represent secondary analysis of published implementations. The framework requires rig-
orous empirical validation, which we outline as future research directions.

The remainder of this paper is structured as follows: Sect.  2 describes our research 
methodology. Section  3 examines related work and theoretical foundations. Section  4 
details the framework architecture. Sections  5 and 6 explore AI integration and agile 
adaptations respectively. Section 7 addresses inclusive design considerations. Section 8 
presents assessment innovations. Section 9 analyzes implementation case studies. Sec-
tion 10 discusses challenges and limitations. Section 11 outlines future research direc-
tions. Section 12 concludes with recommendations.

2  Methodology
This study employs a design science research (DSR) approach [10, 11] combined with 
thematic synthesis [12, 13] to develop a conceptual framework for integrating agile 
methodologies and AI-assisted learning in web programming education.

2.1  Research design

Design science research focuses on creating and evaluating artifacts designed to solve 
identified problems [14]. Our artifact is a pedagogical framework synthesized through 
iterative cycles of problem identification from practitioner needs and literature gaps, 
design of framework components grounded in learning theory, evaluation against exist-
ing evidence, and refinement based on identified limitations. Following [15]’s [15] DSR 
methodology, we proceeded through six activities: problem identification, objective defi-
nition, design and development, demonstration through case study analysis, evaluation 
against theoretical criteria, and communication of results.

Unlike empirical studies collecting primary data, our approach synthesizes second-
ary sources to generate novel theoretical contributions. This positions our work within 
the tradition of conceptual framework development in educational technology [16, 17], 
where systematic integration of diverse literature streams produces actionable design 
knowledge.

2.2  Literature search strategy

We conducted systematic searches across five databases: Scopus (primary), Web of 
Science, ACM Digital Library, IEEE Xplore, and Google Scholar (supplementary). The 
search covered publications from January 2015 to December 2024, capturing the period 
of significant AI tool evolution in education.

Search strings combined terms from three domains. For agile education: (“agile” OR 
“scrum” OR “sprint” OR “kanban”) AND (“education” OR “learning” OR “teaching” OR 
“curriculum”). For AI in education: (“artificial intelligence” OR “AI” OR “ChatGPT” OR 
“Copilot” OR “LLM” OR “generative AI”) AND (“programming” OR “coding” OR “com-
puter science”). For assessment: (“continuous assessment” OR “formative assessment” 
OR “portfolio” OR “specification grading” OR “peer assessment”).

Initial searches yielded 2,847 records. After duplicate removal (n=612) and title/
abstract screening for relevance to computing education (n=1,456 excluded), we 
assessed 779 full-text articles. Following quality appraisal emphasizing empirical rigor, 
methodological transparency, and relevance to framework components, we included 
127 studies in the final synthesis.
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2.3  Framework derivation process

Following [12]’s thematic synthesis methodology, we employed a three-stage ana-
lytical process. In the first stage, line-by-line coding, we coded 127 empirical studies, 
identifying recurring concepts related to sprint structures, AI scaffolding mechanisms, 
assessment touchpoints, collaborative dynamics, and implementation challenges. This 
inductive process generated 342 initial codes.

In the second stage, descriptive themes, we organized codes through iterative group-
ing into 18 coherent categories aligned with constructivist, CSCL, and cognitive load 
theoretical foundations. Categories included “sprint duration effects”, “AI dependency 
patterns”, “peer assessment reliability”, and “accessibility barriers”.

In the third stage, analytical themes, we generated novel interpretive constructs 
extending beyond individual source studies. The three-pillar framework architecture, 
phased AI integration model, and sprint-aligned assessment protocol emerged as ana-
lytical themes representing our theoretical contribution.

2.4  Theory-to-design mapping

Framework design decisions were systematically linked to theoretical foundations 
(Table 2).

2.5  Methodological limitations

This study synthesizes secondary sources rather than collecting primary empirical data. 
Consequently, we cannot verify implementation fidelity across reported studies, rely-
ing on authors’ descriptions. Publication bias likely favors positive findings; negative 
implementations may be underreported. Heterogeneity in study contexts, populations, 
and methodologies limits direct comparability. Rapid AI tool evolution may render spe-
cific recommendations time-bound; the framework’s principles are designed to be tech-
nology-agnostic where possible. Geographic concentration of source studies in North 
American and European contexts limits generalizability to other regions.

3  Related work and theoretical foundation
The integration of agile methodologies with artificial intelligence in web programming 
education draws from diverse theoretical traditions and empirical investigations. This 
section examines foundational literature across four domains: constructivist learning 
theories, agile educational adaptations, AI tool integration, and assessment innovation.

Table 2  Theory-to-design mapping for framework components
Theoretical
foundation

Key
principles

Framework design
decision

Constructivist learning 
theory [18]

Knowledge construction through expe-
rience; social negotiation of meaning

Project-based sprints requiring artifact 
creation; team-based problem solving

Computer-supported col-
laborative learning [19]

Collaborative knowledge building; 
technology-mediated interaction

Team ceremonies; shared repositories; 
peer code review protocols

Cognitive load theory [20] Intrinsic, extraneous, germane load 
management

Scaffolded AI reducing extraneous 
load; complexity sequencing within 
sprints

Zone of proximal develop-
ment [21]

Learning through assisted performance; 
gradual responsibility transfer

Three-phase AI scaffolding with fade-
out; progressive autonomy

Self-regulated learning [22] Goal setting, monitoring, reflection Sprint planning, daily stand-ups, ret-
rospectives as metacognitive scaffolds
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3.1  Constructivist and collaborative learning in CS education

Constructivist epistemology fundamentally rejects the transmission model of knowledge 
acquisition, positing instead that learners actively build understanding through experi-
ence, reflection, and social negotiation [18]. Within computer science education, this 
theoretical shift manifests in project-based pedagogies where students construct com-
putational knowledge by creating functional software artifacts rather than absorbing 
abstract principles (Fig. 2). [23] demonstrated early implementations of agent-based col-
laborative systems supporting constructivist principles, though these pre-dated modern 
web technologies and AI capabilities.

Computer-supported collaborative learning (CSCL) research provides empirical vali-
dation for constructivist approaches in programming education. Meta-analytic evidence 
reveals effect sizes ranging from 0.51 to 0.73 for collaborative versus individual learn-
ing conditions, with particularly pronounced benefits for complex problem-solving tasks 
[19]. Yet implementation challenges persist. [24] analyzed interaction logs from 2,847 
students using collaborative platforms, finding that only 34% achieved sustained engage-
ment beyond initial novelty phases. This engagement decay suggests that technological 
infrastructure alone cannot sustain collaborative learning without appropriate pedagogi-
cal scaffolding.

The scaffolding mechanisms critical to CSCL success require careful calibration. [25] 
conducted detailed process analyses of student teams working on complex modeling 
problems, identifying three distinct scaffolding trajectories: aggressive (immediate hints 
upon struggle detection), conservative (minimal intervention), and adaptive (dynami-
cally adjusted based on progress indicators). Adaptive scaffolding produced 42% better 
problem-solving outcomes compared to static approaches, yet required sophisticated 
monitoring systems most educational platforms lack.

Cultural dimensions profoundly influence collaborative learning effectiveness, though 
research remains geographically constrained. [26] documented significant variations 
in self-regulated learning strategies across cultural contexts, with collectivist cultures 
showing preference for group regulation mechanisms while individualist cultures 
emphasized personal accountability structures. Recent implementations attempting cul-
turally responsive CSCL design [27] report mixed results: while engagement improved 
for underrepresented minorities (23% increase), overall learning outcomes showed no 
significant difference, suggesting that cultural adaptation alone cannot overcome struc-
tural educational inequities.

Fig. 2  Theoretical relationships between constructivist principles, CSCL implementation, and learning outcomes 
with cultural moderation effects
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3.2  Agile methodologies in educational contexts

The translation of agile software development principles into educational contexts rep-
resents more than methodological borrowing; it requires fundamental reconceptualiza-
tion of learning processes as iterative, collaborative, and value-driven enterprises. Early 
attempts at educational agile adoption focused primarily on teaching agile methods 
rather than teaching through agile methods [28]. This distinction proves critical: courses 
about agility differ fundamentally from courses structured through agility.

Niculescu [29] analyzed 47 implementations of agile-inspired course designs, identi-
fying nine recurring design elements that characterize successful adaptations: goal ori-
entation, transparency, learning planning, self-activity, personal responsibility, feedback 
mechanisms, self-reflection opportunities, autonomy support, and competence experi-
ences. Factor analysis revealed these elements cluster into three higher-order constructs: 
structural agility (planning, transparency, goals), process agility (feedback, reflection, 
iteration), and psychological agility (autonomy, competence, relatedness). Courses 
implementing all three dimensions showed 38% higher student satisfaction and 27% bet-
ter skill retention at six-month follow-up compared to traditional instruction.

Sprint-based course architectures present unique challenges in academic contexts. 
[30] documented the “semester boundary problem” wherein agile sprints must accom-
modate fixed academic calendars, grading deadlines, and prerequisite chains. Their solu-
tion involved a hybrid model: macro-level semester planning with micro-level sprint 
execution. Quantitative analysis of 312 students across four semesters revealed that 
optimal sprint length varies by course level: introductory courses benefit from one-week 
sprints providing rapid feedback, while advanced courses require two to three-week 
sprints allowing deeper project engagement.

The adaptation of specific agile ceremonies for educational purposes yields mixed 
results. Daily stand-ups, when implemented as learning check-ins, show positive effects 
on attendance (18% improvement) and peer learning (self-reported increases in knowl-
edge sharing) [31]. Sprint retrospectives adapted as learning reflection sessions produce 
metacognitive gains, with students demonstrating improved self-assessment accuracy 
(correlation between self-assessment and instructor assessment increasing from r = 0.42 
to r = 0.71 over a semester). Yet sprint planning sessions often devolve into instructor-
dominated task assignment unless students possess sufficient domain knowledge to 
meaningfully estimate effort and define acceptance criteria.

3.3  AI tools in programming education

The integration of AI tools in programming education has generated substantial 
research attention, particularly following the release of ChatGPT and GitHub Copilot. 
[32] developed a platform-independent intelligent assistant demonstrating that AI-aug-
mented teaching assistants reduce instructor logistical workload while providing 24/7 
student support. Their VirtualTA system, built on GPT-3 architecture with Service-
Oriented Architecture enabling deployment across LMS platforms, messaging applica-
tions, and voice interfaces, achieved 94% student satisfaction. Notably, first-generation 
students disproportionately benefited from the system’s availability, addressing imposter 
syndrome and reluctance to visit office hours – a finding with significant equity implica-
tions. Evidence from Georgia State University’s Pounce chatbot demonstrated that AI 
assistants reduced graduation rate gaps for underrepresented students [32].



Page 8 of 31Zahorodko and Semerikov Discover Education           (2026) 5:166 

Ilieva [33] examined generative chatbot effects in higher education, documenting 
both positive outcomes (increased accessibility, personalized feedback) and negative 
consequences (over-reliance, reduced struggle-based learning). This balanced evidence 
informs our framework’s scaffolded approach to AI integration.

Nathaniel [34] demonstrated through controlled experiments with 240 students 
that scaffolded AI integration  – where assistance gradually decreases as competency 
increases – produces superior learning outcomes (Cohen’s d = 0.555 for programming 
logic, d = 0.475 for problem-solving) compared to unrestricted AI access. Our frame-
work operationalizes this finding through a three-phase progression: initial exploration 
with full AI support, guided practice with constrained assistance, and independent mas-
tery requiring unassisted demonstration.

Zarb [35] convened expert panels examining generative AI’s impact on computing cur-
ricula, identifying a fundamental tension: AI tools simultaneously enhance accessibility 
for struggling students while potentially preventing deep conceptual understanding. 
Their proposed resolution involves “pedagogical sandboxing” – controlled environments 
where students experiment with AI assistance while maintaining checkpoints requiring 
unassisted demonstration of core competencies.

3.4  Assessment innovation in computing education

Traditional assessment paradigms in computing education – point-based grading, high-
stakes examinations, individual project evaluation  – misalign with both collaborative 
learning principles and professional development practices. [36] demonstrated through 
statistical power analysis that individual assessment in collaborative contexts systemati-
cally underestimates learning gains, requiring effect sizes exceeding 0.40 to achieve ade-
quate statistical power even with large samples.

Alternative assessment frameworks show promise yet face implementation barriers. 
Specification grading, wherein students demonstrate mastery of clearly defined speci-
fications rather than accumulating points, aligns with agile definitions of “done” [37]. 
Implementation across three engineering courses revealed improved student satisfac-
tion (82% positive versus 61% for traditional grading) and reduced grade anxiety. The 
primary challenge involved institutional grade reporting systems incompatible with 
pass/fail determinations at the assignment level.

Continuous assessment through learning analytics offers granular progress monitor-
ing impossible with periodic examinations. [38] developed systems capturing every code 
compilation, test execution, and version control operation, generating over 100 metrics 
per student per assignment. Machine learning models trained on these metrics achieved 
78% accuracy in predicting final course outcomes by week three. Peer assessment in pro-
gramming contexts shows moderate reliability (inter-rater agreement κ  =  0.62) when 
structured rubrics guide evaluation [39].

3.5  Comparison with existing frameworks

Table  3 positions our framework relative to existing integrated approaches identified 
through systematic search.

Our framework differs from existing approaches in three key aspects: (1) explicit inte-
gration of all three components (agile, AI, assessment) rather than pairwise combina-
tions, (2) systematic accessibility accommodations derived from Universal Design for 
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Learning principles, and (3) comprehensive boundary condition specification enabling 
context-appropriate adaptation.

3.6  Gap analysis and framework novelty

The literature reveals theoretical convergence around constructivist, collaborative, and 
adaptive learning principles, yet significant gaps persist (Table 4).

Three critical gaps demand attention. First, temporal dynamics remain underexplored: 
how do agile iterations interact with AI assistance over a semester’s progression? Sec-
ond, cultural and institutional diversity receives insufficient consideration. Most pub-
lished studies originate from well-resourced Western universities. Whether findings 
generalize to community colleges, developing nations, or first-generation college stu-
dents remains unknown. Third, the rapid evolution of AI capabilities outpaces empirical 
research cycles.

Table 3  Comparison of integrated agile-AI-assessment frameworks in CS education
Framework Agile

component
AI
component

Assessment Validation Distinctive
features

AIcademic 
System [40]

Agile collabora-
tion cycles

Agentic AI, fine-
tuned LLMs

Feedback 
integration

Pilot study (n=32) Multi-agent AI 
simulation

ICD with 
SCRUM [41]

Full SCRUM 
implementation

None Client feedback, 
grades

4-year longitudinal Employability 
focus; 7.7% grade 
improvement

BOPPPS + 
ChatGPT [42]

Structured teach-
ing phases

ChatGPT 
integration

Pre/post 
assessment

Controlled experi-
ment (n=84)

18.4% grade 
improvement

CodeLens 
[43]

Iterative feed-
back cycles

GenAI, fine-
tuned LLM

Automated SQL 
feedback

Pilot 
implementation

Domain-specific 
AI instructor

GenAI-Ped 
[34]

Not explicit Scaffolded AI 
phases

Learning out-
come measures

RCT (n=240) Three-phase AI 
scaffolding

Proposed 
framework

14-day sprints 
with ceremonies

Three-phase 
scaffolded AI

Sprint-aligned 
continuous

Conceptual (vali-
dation planned)

Integrated three-
pillar architecture; 
accessibility focus

Table 4  Domains, foundations, innovations, and gaps/challenges in next-generation learning 
frameworks
Domain Foundations Innovations Gaps/challenges
Constructivist 
and collabora-
tive learning

Active knowledge construction, 
social interaction, CSCL tools, scaf-
folding, cultural sensitivity [18, 23]

Adaptive CSCL, intelligent 
scaffolding, culturally respon-
sive design [27, 34]

Access inequality, 
empirical validation, 
sustained engagement 
[19]

Agile 
methodologies

Scrum, Kanban, eduScrum, flexible 
curriculum, teamwork [28, 29, 31]

Metaverse, AR/VR, project-
based agile learning [30]

Cultural / environmen-
tal moderators, adapta-
tion for inclusivity [26]

AI-assisted 
learning

ChatGPT, GitHub Copilot, LLMs, 
adaptive feedback [44]

Real-time personalized feed-
back, AI-driven assessment, 
project-based AI learning [45]

Long-term skill reten-
tion, ethical risks, over-
reliance, bias [46]

Assessment 
innovation

AI-powered code review, formative 
feedback, peer assessment [47]

Blockchain for integrity, adap-
tive assessment platforms [48]

Privacy, explainability, 
scalable validation [49]

Integrated 
frameworks

Constructivist-agile-AI models, 
Triadic Fusion, QED paradigm [50]

Hybrid learning, Universal 
Design for Learning, AI literacy 
[51, 52]

Empirical validation, 
diversity/inclusion, 
ethical guidelines [53]
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4  Framework design and architecture
The systematic integration of agile principles with artificial intelligence assistance 
demands more than superficial methodological borrowing. This section presents 
our framework’s architecture, detailing how theoretical foundations translate into 
operational components that address the complexities of modern web programming 
education.

4.1  Framework schema and definitions

Definition 1  (Integrated agile-AI learning framework) A pedagogical architecture 
F = ⟨P, R, C⟩ where:

 	• P = {P1, P2, P3} represents the three architectural pillars (iterative cycles, AI 
scaffolding, continuous assessment)

 	• R represents bidirectional relationships between pillars
 	• C represents contextual constraints (boundary conditions)

Definition 2  (Learning sprint) A time-bounded iteration S = ⟨d, G, A, E⟩ where 
d ∈ {7, 14, 21} days (sprint duration), G = learning goals (skill + knowledge objectives), 
A = assessable artifacts produced, and E = evaluation criteria (specifications for mastery).

Definition 3  (AI scaffolding phase) A graduated support level Φi where i ∈ {1, 2, 3} cor-
responding to exploration, guided practice, and independent mastery, with decreasing AI 
assistance availability.

4.2  Core framework components and relationships

Our framework emerges from the intersection of three architectural pillars, each con-
tributing essential characteristics to the integrated whole. Unlike additive models that 
layer technologies onto existing structures, our approach recognizes synergistic depen-
dencies where each component fundamentally alters the others’ operation (Fig. 3).

The first pillar, iterative learning cycles, adapts Scrum’s sprint methodology for educa-
tional contexts. Traditional semester-long projects create artificial separation between 
learning and assessment, with students receiving meaningful feedback only after sub-
mission deadlines. The proposed sprint-based architecture compresses learning cycles 
to 14-day iterations, enabling rapid feedback incorporation and continuous skill refine-
ment, as demonstrated in comparable implementations by [54].

Fig. 3  Framework architecture showing bidirectional dependencies between core components and feedback-
driven adaptation mechanisms
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The second pillar, AI-augmented scaffolding, positions artificial intelligence as a collab-
orative learning partner rather than an automation tool. [34] demonstrated through con-
trolled experiments with 240 students that scaffolded AI integration – where assistance 
gradually decreases as competency increases  – produces superior learning outcomes 
compared to unrestricted AI access. Our framework operationalizes this finding through 
a three-phase progression: initial exploration with full AI support, guided practice with 
constrained assistance, and independent mastery requiring unassisted demonstration.

The third pillar, continuous formative assessment, abandons high-stakes examinations 
in favor of ongoing evaluation aligned with sprint deliverables. Each sprint produces 
assessable artifacts  – functioning code, peer reviews, retrospective reflections  – that 
collectively demonstrate competency development. This approach addresses what [55] 
identifies as the “metrics fatigue problem” by making assessment integral to learning 
rather than an interruption of it.

4.3  Learning sprint architecture and temporal design

Sprint duration significantly impacts learning outcomes, yet optimal timing varies by 
context. [56] found that compressed design sprints (5 days) generated productive learn-
ing experiences for 91% of participants but struggled to accommodate complex web 
development projects. Our framework employs a 14-day sprint cycle derived from 
empirical optimization across multiple cohorts.

The temporal architecture unfolds through four distinct phases (Table  5). Days 1–2 
constitute the planning phase, where teams analyze user stories, estimate complexity 
using planning poker variants adapted for learning contexts, and establish sprint goals. 
Days 3–10 form the development phase, characterized by intensive coding activity punc-
tuated by daily stand-ups. Days 11–12 comprise the integration phase, where individual 
contributions merge into cohesive deliverables. Days 13–14 conclude with the reflection 
phase, incorporating sprint reviews and retrospectives.

The 14-day duration emerged from empirical evidence: [57] found 2-week sprints 
showed 30% higher development velocity than 3-week alternatives in educational con-
texts, while [58] confirmed similar findings in large-scale implementations. [59] ana-
lyzed 40 distributed student teams, finding that role rotation within sprints improved 
both technical outcomes and soft skill development.

4.4  Theoretical justification for design decisions

Each architectural decision stems from theoretical foundations that justify departures 
from traditional educational structures. Constructivist epistemology fundamentally 
shapes our approach. Knowledge construction occurs through iterative refinement  – 
students build initial understanding, test through implementation, encounter failures, 
and reconstruct improved mental models [60]. Sprint cycles operationalize this con-
structivist cycle, with each iteration deepening understanding.

Table 5  Sprint phase characteristics and learning outcomes
Phase Duration Primary activity AI usage Assessment focus
Planning Days 1–2 Story analysis Moderate (∼60%) Comprehension

Development Days 3–10 Code creation High (∼80%) Implementation

Integration Days 11–12 Merge and debug Low (∼25%) Collaboration

Reflection Days 13–14 Review and retrospective Minimal (∼10%) Metacognition
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Complexity theory influences temporal design decisions. [61] argues that agile meth-
odologies acknowledge environmental uncertainty and emergence  – characteristics 
equally applicable to learning environments. Student learning trajectories exhibit non-
linear dynamics: breakthrough moments following struggle periods, sudden conceptual 
connections after incremental progress.

Social learning theory justifies collaborative emphasis despite individual assessment 
requirements. Peer programming sessions, code reviews, and retrospectives create what 
[62] terms “psychological ownership” – students develop emotional investment in col-
lective success.

Cognitive load theory governs AI integration decisions. [63] identifies three load types 
in technology-enhanced learning: intrinsic (concept complexity), extraneous (irrelevant 
processing), and germane (schema construction). AI assistance specifically targets extra-
neous load – environment setup, syntax lookup, error message interpretation – preserv-
ing cognitive resources for germane processing.

4.5  Testable propositions

The framework generates the following testable propositions for empirical validation:

Proposition 1  (Sprint structure effect) Students in 14-day sprint-structured courses will 
demonstrate higher learning gains (Cohen’s d > 0.4) on programming competency mea-
sures compared to students in traditional semester-project courses, controlling for prior 
experience and instructor effects.

Proposition 2  (AI scaffolding effect) Students receiving three-phase scaffolded AI assis-
tance will demonstrate equivalent or superior independent programming ability com-
pared to students with unrestricted AI access, while showing reduced AI dependency 
behaviors.

Proposition 3  (Assessment alignment effect) Sprint-aligned continuous assessment will 
show higher predictive validity for professional performance indicators compared to tra-
ditional examination-based assessment.

Proposition 4  (Accessibility moderation) Framework effectiveness will be moderated by 
implementation of UDL accommodations, with larger effect sizes observed when acces-
sibility features are systematically implemented.

5  AI-assisted learning components
The integration of artificial intelligence tools within web programming education 
necessitates careful consideration of selection criteria, implementation strategies, and 
pedagogical balance. This section examines which AI tools and integration approaches 
effectively support student learning while simultaneously developing programming 
competency and critical thinking capabilities essential for contemporary web develop-
ment practice.

5.1  AI tool selection criteria and educational affordances

The proliferation of AI-powered educational technologies demands systematic evalu-
ation frameworks to guide tool selection in web programming contexts. Our analysis 
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synthesizes empirical evidence from 45 studies meeting rigorous inclusion criteria [64], 
revealing five critical dimensions that determine tool effectiveness within educational 
settings (Table 6).

Adaptability and personalization emerge as primary selection criteria, with tools dem-
onstrating real-time adjustment to learner performance showing significantly enhanced 
engagement metrics. [74] examined predictive analytics frameworks across diverse edu-
cational contexts, finding that XGBoost-based adaptive systems achieved exceptional 
accuracy metrics when tailoring content delivery to individual learning trajectories.

Ease of integration represents a pragmatic yet crucial consideration frequently over-
looked in theoretical frameworks. [75] documented implementation of AI-enhanced 
Moodle architectures, where student engagement metrics increased from 45% to 78% 
following seamless LMS integration. Assignment completion rates similarly improved 
from 67% to 85%, while participation from marginalized groups expanded from 10% to 
22% – demonstrating that accessibility of implementation directly correlates with educa-
tional equity outcomes.

Ethical transparency constitutes an increasingly critical selection criterion as institu-
tions grapple with algorithmic accountability. [66] proposed a six-dimensional evalua-
tion framework encompassing pedagogical, representational, and ethical dimensions, 
applied systematically to 30 AI educational tools. Their analysis revealed that tools 
explicitly addressing data privacy, algorithmic bias mitigation, and decision transpar-
ency achieved 73% higher adoption rates among faculty compared to technically supe-
rior but opaque alternatives.

5.2  Three-phase scaffolding model

Our AI integration model adapts Vygotsky’s zone of proximal development through 
graduated assistance levels (Fig. 4).

Table 6  Comparative analysis of AI tool selection criteria
Selection criterion Representative tools Primary affordance Key studies
Adaptability ChatGPT, Copilot Personalized feedback [65, 66]

Integration ease ChatGPT API, AWAF Reduced friction [67]

Ethical transparency Custom LLMs Trust building [68, 69]

Accreditation alignment AI-USE frameworks Institutional acceptance [70, 71]

Cultural responsiveness Multilingual chatbots Inclusive learning [72, 73]

Fig. 4  Graduated AI scaffolding across skill progression showing assistance levels through three phases
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Phase 1:	 Exploration (sprint days 1–4). Full AI access enables students to explore pos-
sibilities, understand tool capabilities, and tackle ambitious problems beyond their cur-
rent independent ability. Students may use ChatGPT, Copilot, or similar tools without 
restriction, developing familiarity with AI interaction patterns while instructors monitor 
usage for learning opportunity identification.
Phase 2:	 Guided practice (sprint days 5–10). AI access becomes constrained through 
delayed assistance (students must attempt problems independently for defined peri-
ods before AI consultation), explanation requirements (AI-generated code must be 
explained line-by-line before incorporation), and error identification exercises (students 
must find and correct intentional errors in AI outputs).
Phase 3:	 Independent mastery (sprint days 11–14). AI tools become unavailable for core 
deliverables. Students demonstrate unassisted competency through code review ses-
sions, oral defenses, and live problem-solving. This phase validates that learning transfer 
occurred beyond AI-mediated performance.

5.3  Novice programmer considerations

Novice programmers face unique challenges with AI tools that require specialized scaf-
folding [76]: 

1.	 Premature complexity exposure. AI tools can generate sophisticated code patterns that 
novices cannot debug or modify. Our framework addresses this through complexity 
constraints during Phase 1, limiting AI suggestions to patterns covered in prerequisite 
coursework.

2.	 Fundamental skill bypassing. Without explicit intervention, novices may never develop 
debugging skills, algorithm design intuition, or systematic problem decomposition. 
Following [77], we incorporate “AI-free zones” for foundational topics: variable 
manipulation, control structures, and basic algorithm implementation must be 
demonstrated without AI assistance before Phase 1 begins.

3.	 Error evaluation competency. [64] documented a 15% error rate in AI-generated code 
that students frequently failed to detect. Our framework explicitly teaches AI output 
evaluation through structured exercises where students identify, categorize, and 
correct AI errors.

4.	 Critical thinking development. Following [76]’s guided tutorial approach, we require 
students to confront AI limitations directly  – tasks where AI produces incorrect 
solutions, edge cases AI handles poorly, and problems requiring domain knowledge 
AI lacks.

5.4  AI transparency and explainability

Integrating explainable AI (XAI) principles enhances student trust and learning out-
comes [78, 79]. [80] demonstrated that transparent generative AI agents significantly 
improve both trust and exam scores compared to opaque systems (significant effect on 
trust, p < 0.05; strong correlation between trust and learning outcomes for high-trans-
parency conditions).

Our framework incorporates XAI principles through explanation provision (AI assis-
tants provide rationale for suggestions, not just solutions), confidence indicators (fol-
lowing [81]’s [81] SHAP-driven assessment models, students learn to recognize and 
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interpret AI uncertainty signals), and transparency as learning objective (students 
develop “evaluative competence” – the ability to critically assess AI outputs [78]).

Post-hoc interpretability methods such as SHAP and LIME [82, 83] enable under-
standing of feature contributions in AI-generated feedback, helping students understand 
why AI makes specific suggestions and building trust through comprehension rather 
than blind acceptance.

5.5  Cost-benefit analysis for educational implementation

Economic considerations significantly influence AI tool adoption patterns across insti-
tutional contexts. [84] developed automated assessment frameworks demonstrating 
that initial infrastructure investment of approximately $47,000 per course could yield 
break-even within 3.2 semesters through reduced grading labor and improved student 
retention.

Direct tool costs represent only partial economic consideration. GitHub Copilot’s edu-
cational licensing at $0 for verified students appears costless, yet [85] documented hid-
den expenses including faculty training ($3,200 per instructor), infrastructure upgrades 
($8,500 per computer lab), and ongoing technical support ($24,000 annually for 500-stu-
dent programs).

Hadyaoui [86] employed structural equation modeling to assess AI impact on aca-
demic outcomes, finding that personalized AI tutoring increased pass rates by 18% while 
reducing time-to-completion by 0.7 semesters on average. [87] found alumni from AI-
integrated programs commanded starting salaries averaging 12% higher than traditional 
program graduates, with faster promotion trajectories.

6  Agile learning methodology
The adaptation of Scrum and agile practices to educational contexts represents a fun-
damental reimagining of course delivery mechanisms, requiring careful translation of 
industry methodologies to preserve pedagogical integrity while meeting institutional 
constraints.

6.1  Sprint-based course structure design

The transformation from traditional linear course progression to sprint-based architec-
tures necessitates reconceptualization of temporal organization within academic set-
tings. [88] implemented the AIScrum-Sprint methodology across first-year computer 
engineering courses, demonstrating that 2–3 week sprint cycles optimally balance learn-
ing objectives with project deliverables. Their analysis of 47 student teams revealed that 
shorter sprints (under 2 weeks) created excessive cognitive overhead from frequent 

Fig. 5  Educational sprint structure with balanced phase allocation

 



Page 16 of 31Zahorodko and Semerikov Discover Education           (2026) 5:166 

context switching, while longer cycles (exceeding 3 weeks) diminished the urgency that 
drives agile productivity.

The internal structure of educational sprints (Fig.  5) requires careful scaffolding to 
support novice practitioners. [89] examined STEAM education contexts, identifying 
four critical phases within each sprint cycle: exploration (20% of sprint duration), devel-
opment (50%), integration (20%), and reflection (10%). This distribution contrasts with 
industry practice where development dominates 70–80% of sprint time.

Hulshult [90] compared traditional and sprint-based sections of identical web develop-
ment courses, finding that sprint-based approaches produced 23% higher project quality 
scores (measured through automated testing suites) and 31% improved peer evaluation 
ratings. Longitudinal tracking showed that students from sprint-based courses demon-
strated superior performance in subsequent advanced courses.

6.2  Student team formation and role assignment

The constitution of effective student teams requires deliberate strategies that balance 
pedagogical objectives with practical constraints. [91] developed the ASEST+ frame-
work specifically for team formation in agile software engineering education, employing 
multi-criteria optimization algorithms that consider technical competency, personality 
traits, availability patterns, and prior collaboration history.

Their empirical validation across 312 students revealed that algorithmically-formed 
teams outperformed self-selected groups on multiple dimensions: project quality 
(d = 0.47), individual learning gains (d = 0.52), and team satisfaction (d = 0.38). The algo-
rithm’s success stemmed from enforcing heterogeneity along critical dimensions – each 
team contained at least one member with strong technical skills, one with communica-
tion strengths, and one with project management inclinations.

Role rotation within educational Scrum teams serves dual purposes: exposing students 
to diverse responsibilities and preventing rigid hierarchies. [92] implemented mandatory 
role rotation at sprint boundaries in IT undergraduate courses, with students cycling 
through Scrum Master, Product Owner proxy, Development Lead, and Quality Assur-
ance roles. Post-course surveys revealed that 78% of students identified role rotation as 
critical to understanding agile methodologies holistically.

6.3  Adapted agile ceremonies for learning contexts

The ceremonial practices central to Scrum methodology require substantial adaptation 
to serve educational objectives. [93] investigated knowledge management within daily 
stand-ups and retrospectives, identifying fundamental differences between industry and 
educational implementations. Industry stand-ups focus on impediment removal and 
coordination, lasting 5–10  min. Educational stand-ups, reconceptualized as “learning 
stand-ups”, extend to 15–20 min, incorporating peer teaching moments where students 
explain technical concepts encountered during development.

Sprint planning ceremonies in educational contexts diverge significantly from their 
industry counterparts. [48] documented that student-led sprint planning initially pro-
duced overambitious commitments, with teams consistently achieving only 40–50% of 
planned work in early sprints. The introduction of “teaching product owners” – instruc-
tors who guided estimation and scope negotiation – improved delivery rates to 75–80% 
by the third sprint.
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Retrospectives emerge as particularly powerful learning tools when adapted for educa-
tional settings. [94] analyzed retrospective quality across 40 undergraduate teams, devel-
oping a rubric that assessed reflection depth, action item specificity, and implementation 
follow-through. High-quality retrospectives correlated strongly with team performance 
improvement (r = 0.71) and individual learning gains (r = 0.64).

6.4  Handling educational constraints and semester boundaries

The fundamental tension between agile methodology’s continuous flow and academia’s 
discrete semester structure requires creative reconciliation strategies (Table 7).

Jungclaus [95] developed the Agile Sprintlearning framework specifically to address 
these constraints within German vocational education systems. Their approach involved 
“meta-sprints” – semester-long cycles containing multiple learning sprints, with grades 
derived from sprint velocity trends rather than final deliverables. [96] implemented 
“competency scaffolding sprints” – initial cycles focused on skill acquisition rather than 
product development.

7  Accessibility and inclusive learning design
Following [32] on platform-independent intelligent assistants and [33] on equitable chat-
bot integration, we incorporate UDL principles [97, 98] throughout the framework. This 
section addresses accommodations for neurodiverse learners, multilingual students, and 
low-resource contexts.

Agile ceremonies may challenge students with autism spectrum conditions or ADHD 
[99, 100]. Table 8 presents evidence-based accommodations.

The Guiding Empowerment Model [100] provides additional strategies including cus-
tomizable task management interfaces, sensory-friendly virtual environments, and indi-
vidualized pacing options within sprint structures.

AI tools and collaborative practices must support non-native English speakers [98, 
103]. The VirtualTA system [32] demonstrates GPT-based assistants can respond in 

Table 7  Strategies for reconciling agile practices with educational constraints
Constraint type Adaptation strategy Implementation

example
Effectiveness

Semester boundaries Meta-sprint architecture 5 sprints within 15-week semester High

Grading requirements Velocity-based assessment Sprint trends determine grades Moderate

Prerequisite sequencing Competency scaffolding Skill-focused initial sprints High

Schedule rigidity Hybrid synchronous-async Flexible ceremony participation Moderate

Credit hour compliance Effort tracking systems Time logs validate credit hours Low

Table 8  Accommodations for neurodiverse learners in agile settings
Challenge Accommodation strategy Evi-

dence 
base

Unpredictable social interactions Structured ceremony scripts with predictable formats [101]

Sensory overload in synchronous 
meetings

Options for text-based versus video participation [100]

Executive function difficulties Visual sprint boards; explicit deadline tracking; embedded 
scaffolds

[101]

Verbal communication pressure Written stand-up updates as alternative [99]

Task switching demands Extended transition time between activities; advance notice 
of changes

[102]
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Spanish, French, German, and other languages. Our framework recommends configur-
ing AI tools to support students’ preferred languages for conceptual explanations while 
maintaining English for technical terminology.

Additional accommodations include extended processing time for code review and 
peer feedback in second-language contexts, technical vocabulary glossaries provided 
at sprint start covering domain-specific terms, and language-diverse team formation 
enabling peer support while exposing students to diverse communication styles.

Institutions with limited infrastructure require adapted implementation [104, 105]: 

1.	 Platform independence. Following [32]’s [32] service-oriented architecture, our 
framework functions across basic LMS platforms, messaging applications (WhatsApp, 
Telegram), and voice interfaces. No specific commercial tool is required.

2.	 Minimal viable toolset. Framework core functions with free AI tools (ChatGPT free 
tier, Google Colab), basic version control (GitHub free), and standard web browsers. 
Premium tool access provides enhancement but is not prerequisite.

3.	 Asynchronous options. Reduced synchronous meeting requirements accommodate 
students with limited or intermittent connectivity. Asynchronous stand-ups via text, 
recorded code reviews, and flexible sprint boundaries enable participation without 
reliable real-time access.

4.	 Mobile-first design. Support for smartphone access where laptops are unavailable, 
including responsive web interfaces and mobile-optimized collaboration tools.

Evidence from Georgia State University’s Pounce chatbot [32] demonstrates that AI 
assistants disproportionately benefit first-generation students, reducing gaps in gradu-
ation rates. Our framework incorporates 24/7 AI assistance addressing imposter syn-
drome and reluctance to visit office hours, explicit professional norms instruction (email 
etiquette, meeting behavior, code review practices) rather than assuming familiarity, and 
community-connected project themes increasing engagement by demonstrating com-
puting’s relevance to diverse populations.

Table 9  Assessment strategies for measuring individual and collaborative competencies
Assess-
ment
strategy

Individual
outcomes

Collaborative
competencies

AI
integration

Strengths Limitations

Con-
tinuous 
assessment 
(sprint 
cycles)

High High Moderate Real-time 
feedback, 
accountability

Requires careful 
tool design

Specifi-
cation 
grading

High Moderate-High High Clarity, fairness, 
mastery focus

Initial confusion, 
complexity

Portfolio-
based 
evaluation

Moderate-High High Moderate-High Authenticity, 
longitudinal 
tracking

Depth may be 
underrepresented

Peer 
assessment

Moderate High High Social engage-
ment, scalable

Emotional engage-
ment may decrease

Hybrid 
AI-human 
models

High High High Validity, fair-
ness, adaptive

Requires human 
oversight
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8  Assessment and evaluation methods
The convergence of agile methodologies and AI assistance necessitates fundamental 
reconceptualization of assessment strategies, moving beyond traditional evaluation par-
adigms toward continuous, multi-dimensional approaches that capture both individual 
learning trajectories and collaborative competencies (Table 9).

8.1  Continuous assessment through sprint cycles

The integration of continuous assessment within sprint cycles represents a paradigmatic 
shift from summative to formative evaluation. [106] implemented continuous delivery 
systems for personalized assessment across 130 project teams over six years, demon-
strating that sprint-aligned assessment significantly improved both learning outcomes 
and student engagement. Their system revealed that continuous feedback reduced 
assessment anxiety by 43% while improving project quality metrics by 31%.

Sprint-based assessment fundamentally differs from traditional evaluation in its tem-
poral distribution and feedback mechanisms. Rather than concentrating evaluation at 
semester endpoints, assessment occurs at natural sprint boundaries  – typically every 
14–17 days – providing regular performance indicators that inform subsequent learning 
cycles (Fig. 6).

8.2  Measuring AI-assisted learning effectiveness

The assessment of learning within AI-enhanced environments requires novel met-
rics that capture both immediate performance improvements and potential negative 
effects on fundamental skill development. [107] developed comprehensive frameworks 
for evaluating ChatGPT-enhanced adaptive learning systems, measuring not only task 
completion metrics but also dependency indicators, conceptual understanding depth, 
and transfer learning capabilities. Their controlled experiment revealed paradoxical 
outcomes: while AI assistance improved immediate problem-solving speed by 47%, it 
decreased unprompted code generation ability by 23%, suggesting that assessment must 
distinguish between AI-augmented and independent competencies (Table 10).

Table 10  Multi-dimensional metrics for AI-assisted learning assessment
Metric category Specific indicators Measurement

method
AI
impact

Performance speed Time to solution, iteration count Automated tracking +47%

Code quality Complexity, maintainability, testing Static analysis +31%

Conceptual understanding Explanation quality, principle application Rubric evaluation –18%

Independent capability Unassisted problem solving Controlled testing –23%

Strategic AI use Tool selection, prompt quality Process analysis +52%

Collaborative skills Team contribution, peer support 360-degree feedback +12%

Fig. 6  Continuous assessment touchpoints within a single sprint cycle
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The challenge of attribution in AI-assisted work necessitates new assessment para-
digms. [108] proposed “contribution transparency protocols” where students explicitly 
document AI assistance levels for each submission component. Assessment rubrics 
evolved to evaluate not whether AI was used but how effectively it was leveraged  – 
rewarding strategic AI utilization while penalizing over-reliance.

9  Implementation case studies
The following case studies represent secondary analysis of published implementations. 
We did not collect primary data; findings synthesize authors’ reported outcomes. These 
cases illustrate framework application rather than validate it empirically. The examina-
tion of real-world implementations across diverse institutional contexts reveals critical 
patterns that determine success or failure of agile and AI-assisted learning approaches in 
web programming education.

9.1  Oxford University: intensive agile education model

Oxford’s Software Engineering Programme represents one of the longest-running imple-
mentations of intensive agile education in web programming contexts, evolving contin-
uously since 2011. The program’s distinctive approach combines theoretical rigor with 
immersive practical application through week-long intensive courses (Table 11).

The pedagogical design employs “cognitive immersion” [109] – sustained engagement 
with agile practices that accelerates internalization of principles. Coding proficiency 
assessments show 34% improvement in problem-solving speed and 41% enhancement in 
code quality metrics. More significantly, soft skill development demonstrates effect sizes 
exceeding d  =  0.8, substantially higher than lecture-based alternatives. [110] tracked 
alumni career trajectories, finding that intensive agile education participants achieved 
senior developer positions 1.7 years faster than traditional program graduates.

The challenge of supporting novice learners emerged as Oxford’s primary implemen-
tation barrier. Students without prior programming experience struggled with simulta-
neous acquisition of technical skills and agile practices. Initial course iterations showed 
31% attrition among novices compared to 8% among experienced programmers. This 
disparity motivated development of scaffolding interventions including pre-course tech-
nical bootcamps and structured pair programming rotations.

9.2  Eindhoven University: AI integration impact study

Groothuijsen [111] report a mixed-methods case study on students’ use of ChatGPT 
in programming education at Eindhoven University of Technology (TU/e), the Nether-
lands. The 10-week course ran from February to April 2023, and students were encour-
aged (without strict instructions) to use ChatGPT as part of an open, trust-based 
teaching approach. The course used pair-programming principles (driver/navigator 

Table 11  Oxford University implementation metrics across experience levels
Metric Novice Intermediate Advanced Overall
Completion rate 69% 88% 92% 83%

Project quality score 6.2/10 7.8/10 8.9/10 7.6/10

Agile practice adoption 62% 78% 91% 77%

Student satisfaction 3.8/5 4.3/5 4.7/5 4.3/5

Post-course employment 71% 84% 93% 83%
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roles) and required use of tools such as Git. Assessment consisted of both an individual 
deliverable (code + short report) and a group deliverable (merged code + group report), 
each graded with a rubric.

Students in the focus group perceived ChatGPT as beneficial for learning and effi-
ciency (e.g., helping them understand what code does and locate detailed errors). How-
ever, the teacher expressed concerns that overall code quality was not as high as in 
previous years and perceived a decrease in students’ learning, especially regarding pro-
gramming pragmatics (as distinct from syntax and semantics). Both students and the 
teacher reported that ChatGPT use negatively affected the intended pair-programming 
dynamic: students reported that they did not truly enact navigator roles with peers and 
instead used ChatGPT as a “navigator”, with limited team collaboration and late-stage 
merging of work in Git.

Based on the case, [111] argue that programming education should adapt by (i) formu-
lating learning objectives in more detail to clarify essential programming skills and what 
can (or cannot) be outsourced to AI tools, and (ii) explicitly including objectives about 
effective and responsible AI-tool use. They conclude that complex programming assign-
ments remain appropriate, but that pair programming as a didactic approach should be 
reconsidered in light of growing student use of AI chatbots.

9.3  Coimbra Institute: comparative methodology analysis

A two-academic-year pedagogical redesign of the Software Project Management cur-
ricular unit in the BSc in Computer Engineering at the Coimbra Institute of Engineering 
(ISEC, Polytechnic of Coimbra) is documented by [112]. The work reports (i) an initial 
year focused on internally analysing the existing (traditional) teaching approach to iden-
tify effective practices and needed improvements, followed by (ii) a second year in which 
students implemented Scrum alongside DevOps-derived practices and processes in 
their software development work (Table 12).

This Coimbra/ISEC case supports a cautious conclusion that moving from a tradi-
tional delivery model toward an explicitly agile, practice-oriented setup (Scrum with 
DevOps-derived practices) can be associated with improved self-reported or instructor-
assessed competence development, even when incoming knowledge appears stronger in 
the baseline cohort.

Table 12  Year-by-year comparison reported for the ISEC Software Project Management redesign
Aspect Year 1 (baseline/traditional) Year 2 (Scrum + 

DevOps)
Primary focus Internal analysis of the curricular unit to evaluate the processes 

and practices already in use and identify improvements
Planned redesign im-
plemented; students 
applied Scrum to-
gether with practices 
and processes derived 
from DevOps in soft-
ware development

External 
benchmarking

Fieldwork included interviews with influential companies (regional, national, and interna-
tional) and other higher education institutions to identify methodologies and practices 
used in teaching software project management.

Reported 
outcome

The author reports that the results exceeded expectations, with a significant increase in 
competencies in the second academic year, despite an initial-entry form suggesting the 
first-year cohort had greater prior knowledge of relevant areas/technologies/processes.
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9.4  Cross-case pattern analysis

Synthesis of published case studies reveals consistent patterns (Table 13).

10  Challenges, limitations, and boundary conditions
Balanced assessment requires acknowledging documented risks and specifying condi-
tions under which the framework may not succeed.

Table  14 synthesizes challenges reported across agile and AI integration 
implementations.

Framework effectiveness depends on contextual factors (Table 15).
Conditions where framework may fail:

Table 13  Patterns of success and failure in agile and AI-assisted learning
Pattern Success factors Failure factors Evidence Studies
Early 
identification

Predictive analytics, formative 
assessment

Late detection, lack of 
scaffolding

All cases [113, 
114]

Agile 
adaptation

Iterative sprints, collaboration tools Rigid constraints, novice 
challenges

Oxford, 
Coimbra

[109, 
115]

AI integration Personalized feedback, adaptive 
learning

Over-reliance, ethical 
concerns

Eindhoven [46, 
116]

Collaboration Human-driven cycles, feedback loops Poor integration, equity gaps All cases [117, 
118]

Table 14  Documented negative outcomes from agile and AI integration in education
Challenge Description Evidence Framework

mitigation
Sprint fatigue Exhaustion from continuous iteration 

cycles
[119, 120] Recovery sprints; periodic 

extended cycles

Faculty overload 40–70% increased workload for facilitation [121, 122] Explicit workload acknowl-
edgment; phased adoption

Student resistance Unfamiliarity; perceived workload increase [119, 121] Gradual introduction; clear 
benefit communication

AI dependency 
formation

Lasting reliance; debugging skill gaps [64, 77] Three-phase scaffolding; 
AI-free demonstrations

Coordination 
difficulties

Teamwork challenges in distributed 
settings

[123, 124] Structured protocols; asyn-
chronous options

Incomplete 
deliverables

Challenges completing work within sprint [119] Scope calibration; buffer 
time

Table 15  Boundary conditions for framework implementation
Factor Optimal

range
Challenging
conditions

Required
adaptation

Class size 15–50 students <15 or >100 Small: reduced team variety; 
large: TA support essential [125]

Institutional type 4-year research/teaching 
university

Community college, 
vocational

Shorter sprints (7 days); re-
duced AI complexity

Student 
preparation

CS1 prerequisite complete No prior programming Extended foundation phase 
(4–6 weeks)

Technology access Reliable internet; personal 
devices

Intermittent 
connectivity

Asynchronous alternatives; 
mobile-first design

Faculty experience Agile familiarity; AI comfort No prior agile/AI 
exposure

Mandatory professional devel-
opment (20+ hours) [126]

Cultural context Collaborative learning norms Highly individualistic or 
hierarchical

Explicit scaffolding for team-
work [127]
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 	• Large lecture formats (>100 students). Without breakout sections, sprint ceremonies 
become performative rather than functional. Minimum viable implementation 
requires sections of 50 or fewer with dedicated facilitation.

 	• Purely asynchronous delivery. Absence of synchronous team interactions undermines 
agile principles. At minimum, weekly synchronous touchpoints are required.

 	• Institutional cultures penalizing experimentation. Risk-averse environments may not 
tolerate sprint failures as learning opportunities.

 	• Faculty overload without compensation. Agile facilitation requires approximately 1.5–
2x traditional teaching time [121]. Implementation without workload recognition 
produces burnout and abandonment.

This framework carries inherent limitations requiring acknowledgment. First, it remains 
conceptual rather than validated; we present a theoretically-grounded framework syn-
thesized from secondary sources, and empirical validation through controlled studies 
remains necessary before widespread adoption. Additionally, while designed for flex-
ibility, the framework assumes students have access to computing devices and internet 
connectivity, creating a technology dependence that may limit its applicability in under-
resourced settings. The evidence base also reflects a Western-centric orientation, as 
the majority of source studies originate from North American and European contexts, 
leaving generalizability to other cultural and educational systems uncertain. Finally, the 
rapid evolution of artificial intelligence means that specific tool recommendations may 
become outdated as technology continues to advance.

11  Future research directions
We propose a three-phase validation agenda: 
Phase 1:	 Pilot implementations (year 1). Small-scale implementations (n=50–100) at 
3–5 institutions with diverse characteristics (research university, teaching college, inter-
national). Focus on feasibility, acceptance, and refinement.
Phase 2:	 Controlled studies (years 2–3). Quasi-experimental designs comparing frame-
work-implementing sections with traditional instruction. Outcome measures: program-
ming competency, AI dependency, collaborative skills, and longer-term retention.
Phase 3:	 Multi-site randomized trials (years 3–5). Large-scale randomized controlled 
trials across multiple institutions and cultural contexts (Table 16).
Explainable AI (XAI) represents a critical frontier for educational applications. Current 
AI tools operate as black boxes, generating suggestions without revealing reasoning pro-
cesses. Future research should investigate how XAI techniques  – including attention 
visualization, counterfactual explanations, and reasoning chains  – can transform AI 
from answer providers to thinking partners.

The development of AI agents with persistent memory and evolving models of indi-
vidual learners enables unprecedented personalization but raises fundamental questions 

Table 16  Proposed longitudinal study design matrix
Cohort Initial stage Tracking

period
Measurement
frequency

Key outcomes

A Year 4 students 5 years Quarterly + annual Career placement, skill retention

B Year 1 professionals 4 years Bi-annual + bursts Performance, adaptation

C Year 5 professionals 3 years Annual + project-based Leadership, innovation

D Control (traditional) 5 years Annual Comparative trajectories
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about educational agency and privacy. Future research must investigate “pedagogical 
agent architectures” that maintain longitudinal learner models while preserving student 
autonomy.

The framework’s principles suggest broad applicability beyond computer science. 
Engineering disciplines share computational thinking foundations and project-based 
traditions that facilitate framework adoption. In engineering education, the framework 
could address persistent challenges in capstone design courses where students struggle 
to integrate theoretical knowledge with practical constraints.

Business education presents opportunities for framework application in entrepreneur-
ship and innovation courses. [128] demonstrated that hands-on, community-engaged 
modules significantly enhanced teaching self-efficacy.

The social sciences and humanities require particular sensitivity in AI integration 
given their emphasis on human interpretation and critical analysis. Rather than AI gen-
erating answers, these domains might benefit from AI as a provocateur  – challenging 
assumptions, surfacing counter-examples, and facilitating comparative analysis.

12  Conclusion
This framework for AI-assisted agile learning in web programming education emerges at 
a critical juncture where technological capabilities, pedagogical innovation, and work-
force demands converge to necessitate fundamental transformation in computer science 
education.

Our contributions: 

1.	 A formalized framework schema with defined constructs (learning sprints, scaffolding 
phases, assessment artifacts) and explicit relationships between components.

2.	 Theory-to-design mapping demonstrating how constructivist learning theory, CSCL 
principles, and cognitive load theory inform specific design decisions.

3.	 Comprehensive accessibility accommodations derived from UDL principles, 
addressing neurodiverse learners, multilingual students, and low-resource contexts.

4.	 Systematic documentation of boundary conditions and negative outcomes, enabling 
context-appropriate implementation decisions.

5.	 Testable propositions and validation roadmap enabling future empirical research.

The framework’s primary contribution lies in demonstrating that the integration of 
agile methodologies with artificial intelligence tools represents not merely an incremen-
tal improvement to existing pedagogical approaches, but rather a fundamental recon-
ceptualization of how programming competencies develop within modern educational 
contexts. By establishing theoretical foundations for distributed constructivism – where 
knowledge emerges through triadic interactions among learners, AI agents, and collab-
orative teams – we extend beyond traditional constructivist paradigms to acknowledge 
non-human agents as legitimate partners in the learning process.

The systematic analysis of implementation challenges and solutions contributes practi-
cal knowledge essential for successful adoption. By documenting institutional barriers, 
faculty development requirements, student adaptation strategies, and technical infra-
structure needs, we provide future implementers with realistic expectations and proven 
mitigation strategies.
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For educators contemplating framework adoption, we offer evidence-based 
recommendations: 

1.	 Immediate actions (0–3 months): Begin with lightweight agile practices such as pair 
programming and weekly stand-ups that require minimal infrastructure change. 
Introduce AI tools gradually, starting with code completion and debugging assistance. 
Establish clear policies distinguishing appropriate from inappropriate AI use, 
developed collaboratively with students. Form learning communities with colleagues 
to share experiences.

2.	 Short-term implementation (3–12 months): Redesign course structures around 2–3 
week sprints aligned with meaningful project milestones. Develop rubrics that assess 
both individual contributions and team collaboration. Integrate industry-standard 
tools into coursework to bridge academic-professional gaps. Participate in professional 
development focusing on facilitation skills.

3.	 Long-term transformation (12+ months): Advocate for curriculum sequences that 
embrace spiral learning. Develop industry partnerships that provide authentic project 
contexts. Implement comprehensive assessment systems balancing automation with 
human judgment. Contribute to research through systematic documentation of 
implementation experiences.

The transformation of computer science education cannot occur through isolated indi-
vidual efforts; it requires coordinated institutional commitment addressing systemic 
barriers and creating enabling conditions for innovation. Institutions must fundamen-
tally reconsider resource allocation models that privilege lecture delivery over facili-
tation. The evidence demonstrates that effective agile, AI-assisted learning requires 
approximately 1.7 times the faculty effort of traditional instruction when accounting for 
team facilitation, continuous assessment, and individualized support.

The framework we have presented offers a path forward. But paths are made by walk-
ing, and this journey requires the collective efforts of educators, administrators, stu-
dents, and industry partners. The question is not whether computer science education 
will transform – technological and societal forces make change inevitable. The question 
is whether we will lead this transformation thoughtfully, ensuring it serves all students 
equitably while maintaining the intellectual rigor and ethical grounding essential for 
responsible innovation.

As [129] observed in documenting the CS10K initiative’s diverse approaches, there 
is no single path to educational transformation. Different institutions, serving different 
populations, with different resources and constraints, will implement these ideas differ-
ently. This diversity strengthens rather than weakens the movement, creating a rich eco-
system of innovation from which best practices emerge.

Transform thoughtfully, but transform boldly. The future of computer science educa-
tion – and the students we serve – depends on the courage we show today.
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