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Abstract. Generative artificial intelligence (GenAI) is increasingly used in school infor-
matics, yet technically correct assistance can still interfere with the reasoning through 
which learners develop algorithmic competence. This conceptual paper focuses on up-
per-secondary algorithmisation, defined here as the staged design and representation of 
algorithms from problem interpretation and decomposition through pseudocode or flow-
charts to debugging and verification. It proposes pedagogical noise as an integrative, task-
specific diagnostic lens for identifying misalignment between an AI contribution and the 
competence-forming work that should remain learner-owned at a particular stage. A struc-
tured and traceable conceptual synthesis compares this lens with cognitive offloading, pro-
ductive struggle, scaffolding failure, automation bias, performance-learning dissociation, 
feedback overload, reduced epistemic agency, overreliance, hallucination, and academic 
misuse. The synthesis develops seven proposed forms of pedagogical noise, each tied to 
a primary diagnostic dimension: completeness, timing, transparency, learner judgement, 
causal debugging, volume/actionability, and ownership/accountability. Worked cases 
show how technically correct GenAI support may function as scaffolding or substitution 
depending on learner state, timing, output granularity, transparency, and agency. The con-
tribution is not a new theory of learning or a claim that GenAI is inherently harmful; it is 
a bounded diagnostic framework and a set of design propositions for preserving learner-
owned reasoning in upper-secondary algorithmisation. 

Keywords: generative artificial intelligence; pedagogical noise; algorithmisation; upper-
secondary informatics; computational thinking; AI literacy.

1.	 Introduction

Generative artificial intelligence (GenAI) can explain code, generate pseudocode, translate 
between representations, diagnose errors, and provide dialogue-based feedback. These af-
fordances are relevant to upper-secondary informatics because novice learners often strug-
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gle with abstraction, decomposition, algorithm design, debugging, and movement from 
informal reasoning to formal representations (Brennan & Resnick, 2012; Grover & Pea, 
2013; Lye & Koh, 2014; Pears et al., 2007; Shute et al., 2017). School-level studies already 
indicate that structured GenAI use can support learning performance, computational think-
ing, critical thinking, or engagement under particular instructional designs, including re-
flective debugging, dialogic feedback, and collaborative programming (Fang et al., 2025; 
Gong et al., 2025; Hussein et al., 2026; Zhao et al., 2025).

At the same time, the educational value of GenAI cannot be inferred from task comple-
tion alone. Overreliance, understood here as excessive dependence on AI support, may 
reduce independent attempts and verification; hallucination refers to generated content that 
is false or unreliable; weakened self-regulation refers to reduced planning, monitoring, and 
revision of one’s own work. Programming studies report difficulties correcting AI errors, 
patterns of solution seeking, and uncertainty about independent understanding (Akçay et 
al., 2025; Kohen-Vacs et al., 2025; Liu et al., 2026; López-Pernas et al., 2025). These risks 
matter even when the generated artefact is technically plausible or correct.

This creates a specific problem for algorithmisation. Algorithmisation is treated here as the 
staged design and representation of algorithms: learners interpret a problem, identify in-
puts and constraints, decompose it, formulate a procedure, move among natural language, 
pseudocode, flowcharts, and code, debug, verify, and justify the solution. The educational 
target is therefore not merely a correct artefact but the formation of reasoning that learners 
can later reproduce, explain, transfer, and evaluate independently.

The established performance-learning distinction already warns that better immediate task 
performance does not necessarily imply durable learning (Soderstrom & Bjork, 2015). 
Recent programming evidence makes this concern concrete: Bassner et al. (2026) found 
that AI-supported students achieved higher task scores without corresponding gains on 
measured learning outcomes, while Liu et al. (2026) described recurring movement be-
tween scaffolding and offloading in AI-assisted programming. Structured integration can, 
however, support higher-order engagement when it explicitly requires decomposition, de-
bugging, validation, and reflection (Nathaniel et al., 2026). The unresolved issue is there-
fore not whether performance and learning can diverge; it is how educators can diagnose 
which AI contribution is misaligned with the competence-forming work of a particular 
algorithmisation phase.

This paper addresses that narrower gap by proposing pedagogical noise as a relational 
diagnostic lens. Pedagogical noise is defined as misalignment between an AI contribution 
and the learner-owned reasoning that should remain visible, accountable, and practised 
at a specific stage of algorithmisation. The construct is intended to integrate, not replace, 
established concepts such as cognitive offloading, scaffolding failure, automation bias, 
feedback overload, and reduced epistemic agency. Its proposed increment is task-specific 
diagnosis: what learner-owned reasoning step is being displaced, at what phase, and by 
what form of AI contribution.
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Accordingly, the paper asks one conceptual question: What does a pedagogical-noise 
lens allow educators and researchers to diagnose in GenAI-supported upper-secondary 
algorithmisation that is not sufficiently specified by neighbouring constructs alone? The 
contribution is a structured and traceable conceptual synthesis, a seven-form diagnostic 
taxonomy with explicit primary dimensions, a relational scaffolding-substitution model, 
illustrative worked cases, and bounded design propositions for upper-secondary informat-
ics.

2.	 Background and related work

2.1	 Algorithmisation and competence-forming reasoning

In school informatics, algorithmic competence involves more than language syntax. 
Computational-thinking scholarship emphasises decomposition, abstraction, algorithmic 
design, debugging, generalisation, and evaluation (Brennan & Resnick, 2012; Grover & 
Pea, 2013; Shute et al., 2017; Weintrop et al., 2016). Bebras-related work similarly dem-
onstrates that algorithmic and computational ideas can be made visible through tasks that 
require reasoning rather than full programming environments (Dagienė & Futschek, 2008; 
Izu et al., 2017; Mannila et al., 2014). Curriculum-oriented work in school computer sci-
ence stresses understanding the nature and logic of programs rather than treating code pro-
duction as the sole endpoint (Brodnik et al., 2021; Sentance & Csizmadia, 2017; Sentance 
et al., 2018).

For upper-secondary learners, important competence-forming work occurs in transitions: 
from a verbal task to a decomposition, from a decomposition to pseudocode or a flowchart, 
from a representation to executable code, and from observed failure to causal debugging 
and verification. GenAI can assist at every transition, but assistance may also hide the 
transition. A learner can therefore possess a polished artefact without having enacted the 
reasoning normally used to construct it.

2.2	 Performance support, learning, and structured GenAI use

The distinction between immediate performance and learning is established in educational 
psychology (Soderstrom & Bjork, 2015). GenAI makes the distinction especially salient 
because fluent code, pseudocode, explanations, and repairs can improve visible products 
quickly. In an undergraduate programming experiment, Bassner et al. (2026) reported 
markedly better exercise performance under AI support but no corresponding advantage 
in pre-post knowledge gains or code comprehension; a scaffolded hint-first tutor preserved 
motivational benefits better than unrestricted answer-giving assistance. This finding sup-
ports the performance-learning problem but does not itself provide an upper-secondary 
diagnostic taxonomy.
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Liu et al. (2026) offer the closest programming-specific conceptual neighbour. Their 
grounded theory describes a tension between domain mastery and tool mastery, with re-
curring scaffolding and offloading loops and problems of verification and metacognitive 
calibration. The present paper does not claim the general scaffolding-offloading problem 
as novel. Instead, it narrows the unit of analysis to a particular AI contribution within a par-
ticular algorithmisation phase and asks whether that contribution displaces learner-owned 
competence-forming work.

A complementary line of work concerns structured integration. Nathaniel et al. (2026), 
in higher education, reported that a structured GenAI programming framework increased 
pedagogical alignment, cognitive engagement, and selected learning outcomes compared 
with unguided use. Direct upper-secondary studies likewise suggest benefits under struc-
tured designs, including reflective debugging (Fang et al., 2025), staged dialogic feedback 
(Gong et al., 2025), and human-computer collaborative programming (Zhao et al., 2025). 
These studies support the importance of pedagogical design, but they do not establish the 
seven-form taxonomy proposed here.

2.3	 Digital competence, AI literacy, and prompt literacy

Digital competence and AI literacy shape whether learners can use GenAI without sur-
rendering judgement. DigComp 2.2 treats digital competence as including information 
and data literacy, content creation, safety, and problem solving (Vuorikari et al., 2022), 
while DigCompEdu emphasises educators’ capacity to select and orchestrate digital learn-
ing environments (Redecker, 2017). AI-literacy frameworks add critical evaluation, ethi-
cal awareness, and informed use of AI systems (Long & Magerko, 2020; Ng et al., 2021; 
UNESCO, 2024a, 2024b).

Prompt literacy is relevant because the form of a request influences the granularity and 
transparency of AI support. Federiakin et al. (2024) position prompt engineering as an 
emerging competence; this paper extends that idea to algorithmisation by arguing that 
prompts can be designed to request hints, traces, counterexamples, or critiques rather than 
full solutions. This is an argument of the present framework, not a demonstrated causal 
effect of prompt literacy.

2.4	 Neighbouring constructs and the conceptual gap

Pedagogical noise overlaps with several established constructs. Cognitive offloading con-
cerns the use of external resources to reduce internal cognitive demand (Risko & Gilbert, 
2016). Productive failure and productive struggle concern the learning value of effort-
ful problem engagement before consolidation (Kapur, 2008, 2016). Scaffolding concerns 
calibrated support that structures and problematises learner activity and is progressively 
faded (Pea, 2004; Reiser, 2004; Wood et al., 1976). Automation bias concerns inappro-
priate reliance on automated suggestions (Parasuraman & Manzey, 2010; Parasuraman 
& Riley, 1997). Feedback research highlights the need for feedback to be interpretable, 
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actionable, and appropriately bounded (Hattie & Timperley, 2007; Narciss, 2008; Shute, 
2008). Epistemic-agency research concerns responsibility for knowledge construction and 
judgement (Damşa et al., 2010; Markauskaite & Goodyear, 2017).

GenAI-specific concerns add overreliance, hallucination, and academic misuse. Overreli-
ance describes excessive dependence on AI assistance and may involve repeated outsourc-
ing or uncritical acceptance (Kohen-Vacs et al., 2025; Liu et al., 2026). Hallucination 
concerns unreliable or fabricated output (Kasneci et al., 2023). Academic misuse concerns 
violations of authorship, disclosure, or assessment rules; related high-school pseudocode 
work demonstrates why provenance and verification matter in AI-mediated programming 
tasks (Liu et al., 2025).

None of these concepts is rejected or superseded here. The proposed gap is finer-grained. 
Existing constructs can tell us that offloading, poor scaffolding, excessive trust, or agency 
loss may be occurring; pedagogical noise asks what AI contribution is misaligned with 
what learner-owned reasoning step in what algorithmisation phase. Table 1 summarises 
this incremental positioning and explicitly source-supports each neighbouring construct.

Table 1. Pedagogical noise in relation to neighbouring constructs

Neighbour-
ing construct

Primary con-
cern

Overlap in 
GenAI-supported 
algorithmisation

What the proposed 
pedagogical-noise lens 
adds

Key sources

Cognitive 
offloading

External tools 
reduce internal 
cognitive de-
mand.

AI may offload 
decomposition, 
debugging, or 
verification.

Asks whether the offloaded 
work is specifically the 
competence-forming work 
the task is intended to 
preserve.

Risko & Gilbert 
(2016); Liu et 
al. (2026)

Loss of 
productive 
struggle

Beneficial effort 
or problem 
engagement is 
removed.

AI can remove 
difficulty before 
learners attempt 
interpretation or 
solution design.

Locates the displaced effort 
in a named algorithmisa-
tion phase and learner-
owned reasoning step.

Kapur (2008, 
2016)

Scaffolding 
failure

Support is poor-
ly calibrated, 
excessive, insuf-
ficient, or not 
faded.

AI support may 
be too complete, 
opaque, or badly 
timed.

Treats misalignment as a 
task-specific diagnostic 
event rather than a general 
failure of support.

Pea (2004); 
Reiser (2004); 
Wood et al. 
(1976)

Automation 
bias

Automated sug-
gestions receive 
excessive trust.

Learners may ac-
cept fluent code or 
pseudocode with-
out verification.

Also covers technically 
correct output that is peda-
gogically misaligned even 
when the learner does not 
blindly trust it.

Parasuraman & 
Riley (1997); 
Parasuraman & 
Manzey (2010)

Performance-
learning 
dissociation

Immediate 
performance can 
improve without 
durable learning.

AI can improve 
artefacts or scores 
while independent 
competence re-
mains unchanged.

Identifies which AI contri-
bution and which displaced 
reasoning step may explain 
the dissociation in an algo-
rithmisation task.

Soderstrom & 
Bjork (2015); 
Bassner et al. 
(2026)
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Neighbour-
ing construct

Primary con-
cern

Overlap in 
GenAI-supported 
algorithmisation

What the proposed 
pedagogical-noise lens 
adds

Key sources

Feedback 
overload

Feedback is 
excessive, 
complex, or 
insufficiently 
actionable.

GenAI can 
produce too many 
explanations or 
alternatives.

Treats quantity/action-
ability as one diagnostic 
dimension within a broader 
task-output alignment 
framework.

Hattie & Tim-
perley (2007); 
Narciss (2008); 
Shute (2008)

Reduced epis-
temic agency

Learners lose 
responsibility 
for knowledge 
construction and 
judgement.

Correctness, 
verification, or 
authorship may be 
delegated to AI.

Locates possible agency 
loss in concrete activities 
such as tracing, testing, and 
justification.

Damşa et 
al. (2010); 
Markauskaite 
& Goodyear 
(2017)

Overreliance
Learner depen-
dence on AI 
assistance.

Repeated 
solution-seeking 
or acceptance may 
replace indepen-
dent attempts.

Diagnoses the particular 
task contribution that 
invites substitution rather 
than defining dependence 
globally.

Kohen-Vacs et 
al. (2025); Liu 
et al. (2026)

Hallucination
Generated 
content is false 
or unreliable.

AI may invent a 
rule, condition, or 
explanation.

Covers technically correct 
output that still displaces 
competence-forming 
reasoning.

Kasneci et al. 
(2023)

Academic 
misuse

Authorship, 
disclosure, or 
assessment rules 
are violated.

AI-generated 
pseudocode or 
code may be 
submitted inap-
propriately.

Also applies where AI use 
is permitted and disclosed 
but pedagogically mis-
aligned.

Liu et al. (2025)

3.	 Method: conceptual synthesis procedure

3.1	 Conceptual article type and scope

This is a conceptual/theoretical Research Article. It does not estimate the effectiveness of 
GenAI, and it is not a systematic review. Its purpose is to develop and delimit a proposed 
diagnostic construct for upper-secondary algorithmisation. The evidence serves four roles: 
defining competence-forming work, positioning the construct against neighbouring con-
cepts, identifying recurrent GenAI-related tensions, and bounding the resulting proposi-
tions.

The substantive scope is upper-secondary informatics, especially decomposition, pseudo-
code, flowcharts, procedural design, debugging, verification, and justification. Literature 
from broader programming education, higher education, psychology, and the learning sci-
ences is used as transferred conceptual or empirical evidence and is labelled accordingly 
rather than presented as direct upper-secondary evidence.
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3.2	 Literature fields, period, and source selection

The synthesis covered four literature fields: (1) school informatics, computational think-
ing, and algorithmic reasoning; (2) GenAI in programming and school informatics; (3) 
learning sciences and educational psychology on scaffolding, productive struggle, cogni-
tive offloading, automation bias, feedback, epistemic agency, and learning versus perfor-
mance; and (4) digital competence, AI literacy, and prompt literacy. Foundational learning 
literature from 1976 onward was retained where conceptually load-bearing, while GenAI 
literature was concentrated in 2023-2026 because the field is recent.

Sources were selected purposively, not exhaustively. Priority was given to peer-reviewed 
studies and established theoretical work that (a) described competence-forming reason-
ing in algorithmisation or programming; (b) documented opportunities or risks of GenAI-
supported programming; (c) defined a construct that could be confused with pedagogical 
noise; or (d) supplied evidence for boundary conditions. Policy frameworks were retained 
only where they directly supported AI-literacy or digital-competence framing.

3.3	 Derivation and traceability of the taxonomy

The taxonomy was developed iteratively rather than produced by frequency counting. 
First, a deductive pass used scaffolding, productive struggle, cognitive offloading, feed-
back, automation, and epistemic-agency literature to identify general dimensions along 
which assistance can become misaligned with learning. Second, a comparative pass exam-
ined recent programming and school-informatics evidence for recurrent situations such as 
direct solution seeking, shallow debugging repair, difficulty evaluating generated output, 
excessive feedback, and uncertainty about responsibility. Third, an integrative pass re-
tained a category only when it could be tied to a distinct primary diagnostic dimension and 
a concrete learner-owned activity in algorithmisation.

Positive and limiting evidence were both used. Structured interventions were treated as 
evidence of potentially low-noise conditions, whereas reports of offloading, correction 
difficulty, or unguarded solution seeking were used to identify high-noise conditions. The 
resulting categories are proposed diagnostic distinctions, not empirically validated latent 
variables and not an exhaustive taxonomy. Categories may co-occur within a single inter-
action. Table 2 documents the synthesis path so that the derivation is structured and trace-
able without implying a reproducible systematic-review protocol.

Table 2. Structured and traceable conceptual-synthesis procedure

Step Purpose Decision rule Result in this paper

1. Field mapping

Identify literature need-
ed to define algorithmi-
sation, GenAI support, 
learning support, and 
AI literacy.

Retain fields only when they 
directly define the problem, a 
neighbouring construct, or a 
boundary condition.

Four literature fields and a 
bounded upper-secondary 
target context.
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Step Purpose Decision rule Result in this paper

2. Construct 
comparison

Test whether the pro-
posed construct merely 
renames an established 
concept.

Compare focus, unit of anal-
ysis, and diagnostic question 
against closest neighbours.

Relational, task-specific 
misalignment retained as 
the proposed increment.

3. Category 
generation

Identify recurrent 
forms of task-output 
misalignment.

Retain a form only if it maps 
to a distinct primary diagnos-
tic dimension.

Seven proposed forms tied 
to completeness, timing, 
transparency, judge-
ment, causal debugging, 
volume/actionability, and 
ownership/accountability.

4. Case opera-
tionalisation

Check whether the 
construct can diagnose 
concrete algorithmisa-
tion situations.

Specify intended com-
petence, learner-owned 
reasoning, AI work, evidence 
of scaffolding/substitution, 
and risk.

Three illustrative worked 
cases.

5. Claim bound-
ing

Prevent concep-
tual claims from being 
presented as empirical 
findings.

Classify statements as estab-
lished background, proposed 
framework, design proposi-
tion, or validation need.

Evidence-bounded 
Discussion and explicit 
limitations.

3.4	 Relationship to prior work, search dataset, and separate review work

The present article is thematically related to the earlier conference contribution Algorith-
mization with AI (Žáček & Konečná, 2024). That two-page extended abstract introduced 
algorithmic thinking, listed common algorithm representations, and discussed practical 
affordances of then-available AI tools for generating, explaining, modifying, and debug-
ging algorithms in school contexts. It did not introduce pedagogical noise, a relational 
definition of AI-learning misalignment, the seven-form taxonomy, diagnostic dimensions, 
the worked cases used here, or the present scaffolding-substitution framework.

The literature orientation for this conceptual synthesis was also informed by bibliographic 
search material deposited in Mendeley Data (Žáček, 2026; DOI 10.17632/d246s355tz.1). 
The dataset contains Web of Science and Scopus exports originally assembled for a sepa-
rate review project on generative AI in upper-secondary algorithmisation and program-
ming education. Some source overlap is therefore expected. The dataset itself is not treated 
as empirical evidence in this article, and no screening counts or review findings are re-
ported as results here. A separate review manuscript was developed from that dataset but 
has not been published; it is distinct from the present conceptual article in aim, method, 
material, and contribution.

The unique contribution of the present paper is therefore not the discovery of the general 
performance-learning problem, which is already established, nor a reuse of the earlier 
tool-oriented discussion. It is the proposed upper-secondary algorithmisation-specific rela-
tional diagnostic framework: a definition of pedagogical noise, comparison with the clos-
est constructs, seven proposed forms with primary diagnostic dimensions, worked cases, 
and bounded design propositions.
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4.	 Conceptual synthesis: the pedagogical-noise framework

4.1	 Relational definition and construct boundary

Pedagogical noise is proposed as the relational misalignment between an AI contribution 
and the competence-forming learner work that should remain visible, accountable, and 
learner-owned at a particular stage of algorithmisation. It is not a property of an output in 
isolation. The same technically correct output can be low-noise in one situation and high-
noise in another because the learning goal, learner state, timing, or accountability structure 
differs.

The construct is therefore best understood as an integrative diagnostic lens, not an em-
pirically established psychological mechanism. It can coexist with cognitive offloading, 
scaffolding failure, automation bias, overreliance, or reduced epistemic agency. Those 
constructs may describe causes, behaviours, or consequences; pedagogical noise names 
the task-specific misalignment to be diagnosed. The paper no longer treats epistemic risk 
as an independent framework component. Reduced epistemic agency is instead treated 
as one possible consequence when responsibility for interpreting, testing, or justifying a 
solution is displaced.

Four questions operationalise the relational definition: What competence is the task in-
tended to form? What reasoning has the learner already performed? What work does the AI 
contribution perform? What learner-owned work remains visible in explanation, testing, or 
revision? These questions provide the bridge from a broad concern about AI dependence to 
diagnosis in a specific algorithmisation phase.

4.2	 Seven proposed forms and their primary diagnostic dimensions

The seven forms are deliberately distinguished by a primary diagnostic dimension. Over-
completion is primarily about completeness: the AI performs more of the solution than the 
learner’s difficulty requires. Premature solutioning is primarily about timing: a solution 
arrives before the learner has completed the intended interpretation or decomposition. The 
two can overlap, but they are not identical; a full answer can be well timed after an inde-
pendent attempt, whereas even a partial answer can be premature if it arrives before the 
target reasoning phase.

Representational opacity is primarily about transparency across representations. False flu-
ency is primarily about learner judgement: polished output may be mistaken for correct-
ness or understanding. Shallow repair is primarily about causal debugging: the artefact is 
corrected without diagnosis of why it failed. Feedback flooding is primarily about volume 
and actionability. Responsibility diffusion is primarily about ownership and accountability 
for decisions, verification, and authorship. Because these are diagnostic lenses on an inter-
action, multiple forms may be present simultaneously; the primary dimension indicates the 
main reason for assigning a category, not an exclusive causal mechanism.
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Table 3 summarises the primary dimension, competence risk, and a corresponding noise-
reducing response for each proposed form.

Table 3. Proposed forms of pedagogical noise and primary diagnostic dimensions

Proposed 
form

Primary 
diagnostic 
dimension

Description Potential risk for 
competence

Noise-reducing 
response

Over-comple-
tion Completeness

AI provides more of 
the solution than the 
learner's partial dif-
ficulty requires.

Sequencing and 
procedural design 
may be skipped.

Use hints, ques-
tions, or missing-
step prompts before 
full answers.

Premature 
solutioning Timing

AI introduces a solu-
tion before the intended 
interpretation or de-
composition phase.

Constraint analy-
sis and decom-
position may be 
bypassed.

Require a learner 
restatement or plan 
before solution-
oriented AI use.

Representa-
tional opacity Transparency

AI converts among 
verbal descriptions, 
pseudocode, flow-
charts, or code without 
exposing the mapping.

Relationships 
among representa-
tions may remain 
invisible.

Require mapping 
and justification 
across representa-
tions.

False fluency Learner judge-
ment

Polished and confident 
output is taken as 
evidence of correctness 
or understanding.

Verification and 
evaluative judge-
ment may weaken.

Use traces, edge 
cases, and critique.

Shallow repair Causal debug-
ging

AI repairs an error 
without requiring 
diagnosis of the causal 
mechanism.

Debugging may 
become artefact 
repair rather than 
reasoning.

Require bug hy-
pothesis, trace, and 
repair justification.

Feedback 
flooding

Volume/action-
ability

AI provides too much 
feedback, too many 
alternatives, or insuf-
ficient prioritisation.

Attention may be-
come fragmented 
or passive.

Limit feedback to 
the next action-
able step or a small 
number of alterna-
tives.

Responsibility 
diffusion

Ownership/ac-
countability

Responsibility for cor-
rectness, verification, 
or authorship becomes 
unclear.

Learner judge-
ment and account-
ability may be 
delegated.

Require disclosure, 
verification, and 
explicit decision 
ownership.

4.3	 Scaffolding, substitution, and the conceptual model

Scaffolding and substitution describe two ends of the pedagogical function of support. 
Scaffolding helps learners participate in work they cannot yet complete independently 
while preserving meaningful cognitive and epistemic participation (Reiser, 2004; Wood 
et al., 1976). Substitution, as used here, occurs when assistance performs the competence-
forming reasoning on the learner’s behalf. The distinction is relational rather than tool-
specific.

Four conditions are especially useful for diagnosing movement between scaffolding and 
substitution: timing, granularity, transparency, and agency. Timing concerns when AI en-
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ters the task; granularity concerns how much work it performs; transparency concerns 
whether the reasoning behind transformations and repairs is inspectable; agency concerns 
whether the learner remains responsible for decisions, testing, and revision. These condi-
tions are consistent with programming evidence showing scaffolding-offloading dynamics 
(Liu et al., 2026), performance-learning dissociation under unrestricted assistance (Bassner 
et al., 2026), and benefits of structured pedagogical integration (Nathaniel et al., 2026).

Table 4 turns these conditions into a task-level diagnostic model.

Table 4. Relational model for analysing pedagogical noise

Framework element Diagnostic question Lower-noise condition Higher-noise condition

Learning goal What competence is 
being formed?

AI support targets a 
reasoning step without 
replacing it.

AI output primarily targets 
completion rather than the 
intended competence.

Learner state What has the learner 
already attempted?

AI enters after visible 
interpretation, decom-
position, diagnosis, or 
testing.

AI enters before the 
learner-owned reasoning 
phase begins.

Timing When does AI enter? After an attempt or at a 
designed checkpoint.

Before the intended rea-
soning opportunity.

Granularity How much work does 
AI perform?

Hint, question, trace, 
contrast, or bounded 
explanation.

Complete solution or re-
pair when partial support 
would suffice.

Transparency Can the learner inspect 
the transformation?

Reasoning, mapping, or 
causal explanation is vis-
ible and discussable.

Output is opaque or ac-
cepted as a black box.

Agency Who decides and 
verifies?

Learner justifies, tests, 
and revises.

Learner accepts, copies, or 
delegates responsibility.

Assessment align-
ment What is evaluated?

Process, explanation, 
verification, and transfer 
are visible.

Only final artefact correct-
ness is evaluated.

4.4	 Worked cases: applying the framework

The following cases are illustrative applications of the conceptual framework, not empiri-
cal findings. Unless stated otherwise, they assume that the GenAI output is technically cor-
rect so that the analysis isolates pedagogical alignment rather than hallucination. The cases 
were chosen to represent three common algorithmisation activities - procedural represen-
tation, debugging, and flowchart/decision representation - and to foreground timing, gran-
ularity, transparency, and agency. Their plausibility is supported by evidence that learners 
use GenAI for coding and debugging, that reflective debugging can improve learning con-
ditions, and that unstructured assistance can promote offloading or difficulty evaluating AI 
output (Akçay et al., 2025; Fang et al., 2025; Kohen-Vacs et al., 2025; Liu et al., 2026).
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Case 1: Natural-language task to pseudocode

A class is given a list of exam scores and a pass threshold of 50. Students must count 
the scores below 50 and report that remedial support is needed when at least 25% of the 
scores are below the pass threshold. A learner asks GenAI for pseudocode and receives a 
technically correct loop-based solution with a counter and the final 25% decision rule. The 
primary diagnostic dimension is timing: the same complete output can support comparison 
after an independent attempt or prematurely replace decomposition if requested first.

Table 5 applies the framework to Case 1.

Table 5. Worked case 1: same technically correct output as scaffolding or substitution

Element Analysis

Intended competence Interpret a verbal rule, identify inputs/outputs, decompose the counting 
procedure, and express it in pseudocode.

Learner-owned reasoning
Identify the list, pass threshold, counter, repeated comparison, proportion 
calculation, and the final rule: remedial support if below_count / num-
ber_of_scores >= 0.25.

Work performed by AI Generate complete pseudocode containing the loop, conditional increment, 
proportion calculation, and final decision.

Scaffolding condition The learner has already drafted a procedure and uses the AI version to 
compare ordering, variable choices, and the 25% decision rule.

Substitution condition The learner requests the solution before attempting decomposition and 
adopts the AI pseudocode as the first representation of the task.

Evidence distinguishing 
the two

In scaffolding, the learner can explain the mapping from the verbal rule 
to each pseudocode step and revise their own draft. In substitution, the 
learner cannot justify why the proportion is computed or why the counter is 
updated inside the conditional.

Potential educational risk Visible pseudocode quality improves while decomposition and representa-
tion skills remain uncertain.

Primary diagnostic dimen-
sion

Timing, with possible overlap with completeness and representational 
transparency.

Nearest evidence Performance-learning dissociation and scaffolding/offloading dynamics pro-
vide the closest transferable support (Bassner et al., 2026; Liu et al., 2026).

Case 2: Debugging a loop boundary

A student writes a loop intended to process values from 1 to n, but the program omits the 
final value because the condition uses < n rather than <= n. Here the comparison uses two 
AI-response variants rather than claiming identical output. In the scaffolding variant, the 
AI asks the learner to trace the final iterations and identify which value is never reached 
before explaining the boundary issue. In the substitution variant, the AI immediately sup-
plies the corrected condition. The primary diagnostic dimension is causal debugging, with 
granularity as the key design condition. Reflective debugging research provides direct 
school-level support for preserving diagnosis before repair (Fang et al., 2025).

Table 6 applies the framework to Case 2.
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Table 6. Worked case 2: debugging as diagnosis or repair substitution

Element Analysis

Intended competence Trace loop execution, diagnose a boundary error, and test edge cases.

Learner-owned reasoning Identify the missing iteration, connect it to the loop condition, and test n = 1, n 
= 2, and a typical case.

Work performed by AI Variant A prompts a trace and then explains the boundary mechanism; Variant 
B immediately provides the corrected condition <= n.

Scaffolding condition The AI first elicits a trace or bug hypothesis, and the learner explains why the 
final iteration is omitted before accepting the repair.

Substitution condition The AI supplies the corrected condition immediately and the learner pastes it 
without causal diagnosis.

Evidence distinguishing 
the two

The learner can reproduce the bug mechanism and test the repair indepen-
dently in the scaffolding condition; only artefact correctness changes in the 
substitution condition.

Potential educational risk The program is repaired while debugging competence remains unexercised.

Primary diagnostic 
dimension Causal debugging, with overlap with granularity and learner judgement.

Nearest evidence
Reflective debugging in senior high school supports diagnosis-oriented use; 
difficulties correcting AI-generated code illustrate the importance of verifica-
tion (Fang et al., 2025; Kohen-Vacs et al., 2025).

Case 3: Flowchart representation from a verbal rule

Students must design a decision process that classifies a number as negative, zero, positive 
even, or positive odd. A learner asks GenAI for a textual flowchart description and receives 
a technically correct sequence of decisions. The output is held constant; what varies is the 
learner state and required accountability. The primary diagnostic dimension is transpar-
ency: the question is whether the learner can explain why the decision order works and 
how the verbal conditions map to the flowchart branches.

Table 7 applies the framework to Case 3.

Table 7. Worked case 3: representation support or representational opacity

Element Analysis

Intended competence Order conditional decisions and map verbal rules into a flowchart-like repre-
sentation.

Learner-owned reasoning Decide which test comes first, why zero is handled separately, and why parity 
is tested only for positive values.

Work performed by AI Generate a technically correct textual sequence for the decision structure and 
branch outcomes.

Scaffolding condition The learner has produced an initial decision tree and uses the AI output to 
identify missing branches or compare ordering.

Substitution condition The AI-generated sequence becomes the learner's first and only representation 
and is copied into a flowchart without explanation.

Evidence distinguishing 
the two

In scaffolding, the learner can map every branch to the original verbal rule and 
defend the ordering. In substitution, the learner cannot justify the representa-
tion beyond stating that the AI produced it.
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Element Analysis

Potential educational risk A clean representation masks whether representational translation has been 
learned.

Primary diagnostic 
dimension Transparency, with overlap with timing and ownership/accountability.

Nearest evidence
School-informatics work establishes the importance of representational and 
algorithmic reasoning; GenAI studies support the need for structured explana-
tion and verification (Dagienė & Futschek, 2008; Zhao et al., 2025).

5.	 Discussion

5.1	 Conceptual question and synthesis result

The conceptual question was what a pedagogical-noise lens permits educators and re-
searchers to diagnose beyond neighbouring constructs. The synthesis suggests a bounded 
answer: it makes the unit of analysis a particular AI contribution in relation to a particular 
competence-forming step, learner state, and algorithmisation phase. This is more specific 
than identifying offloading, poor scaffolding, excessive trust, or performance-learning dis-
sociation in general. The result is a proposed relational diagnostic framework rather than 
evidence that pedagogical noise is an independently measurable causal mechanism.

The seven forms make that diagnosis actionable by assigning a primary dimension to 
each recurring misalignment. Completeness and timing distinguish over-completion from 
premature solutioning; transparency distinguishes representational opacity; learner judge-
ment distinguishes false fluency; causal debugging distinguishes shallow repair; volume/
actionability distinguishes feedback flooding; and ownership/accountability distinguishes 
responsibility diffusion. Overlap is expected because a single interaction can be both pre-
mature and over-complete or both opaque and responsibility-diffusing.

5.2	 Relation to the closest literature

The framework is closest to three recent programming strands. First, Liu et al. (2026) 
describe scaffolding and offloading loops, domain versus tool mastery, and verification 
problems in undergraduate programming. Pedagogical noise does not replace that process 
theory; it adds a task-level diagnostic vocabulary for identifying what work was displaced 
in an algorithmisation episode. Second, Bassner et al. (2026) provide direct evidence that 
improved AI-supported task performance can coexist with unchanged measured learning 
and that scaffolded, hint-first support differs from unrestricted answer giving. Pedagogical 
noise uses this established dissociation as background and proposes categories for analys-
ing how such dissociation might arise in specific algorithmisation tasks. Third, Nathan-
iel et al. (2026) show that structured pedagogical integration can improve alignment and 
cognitive engagement in higher-education programming. This supports the importance of 
orchestration while remaining an indirect contextual source for upper-secondary claims.
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Direct school evidence is narrower but important. Reflective GenAI debugging with senior 
high-school students has been associated with improved learning performance under a 
structured reflective strategy (Fang et al., 2025). Other high-school studies report benefits 
from structured human-computer collaborative programming or differences across col-
laboration designs (Hussein et al., 2026; Zhao et al., 2025). These findings justify treat-
ing design conditions as consequential, but they do not empirically validate the proposed 
taxonomy.

5.3	 Alternative interpretations and overlap with neighbouring constructs

A plausible alternative interpretation is that pedagogical noise is simply scaffolding failure 
renamed for GenAI. That interpretation is partly correct in the sense that several noisy 
interactions are also failures of calibration. The proposed increment is not a new univer-
sal mechanism but a narrower diagnostic lens: it distinguishes whether the misalignment 
concerns completeness, timing, transparency, judgement, causal debugging, feedback ac-
tionability, or accountability, and ties that diagnosis to an algorithmisation phase. Whether 
this added granularity produces better research coding or instructional decisions remains 
an empirical question.

A second alternative is that the construct is reducible to cognitive offloading or reduced 
epistemic agency. Again, overlap is real. Offloading may be adaptive when AI removes 
routine syntax burden so that learners can focus on decomposition or evaluation; it be-
comes problematic only when the offloaded work is itself the learning target. Reduced 
epistemic agency may be a downstream consequence when learners cease to verify or 
justify. The relational definition is intended to keep these distinctions visible rather than to 
treat all AI assistance as harmful.

5.4	 Limitations and boundary conditions

The framework has four principal limitations. First, it is conceptual and has not been vali-
dated as a coding scheme, measurement instrument, or predictor of learning outcomes. 
Second, the seven forms are proposed and non-exhaustive; category overlap is a feature of 
complex interactions, not evidence that the categories are statistically independent. Third, 
the evidence base mixes direct upper-secondary studies with transferred evidence from 
higher education, programming education, educational psychology, and learning sciences. 
Claims are therefore strongest as design hypotheses for upper-secondary algorithmisation 
rather than general conclusions about all education.

Fourth, the framework intentionally analyses technically correct or plausible AI support as 
well as incorrect support. Hallucination can compound pedagogical noise, but factual ac-
curacy is analytically separate from pedagogical fit. The worked cases are illustrative and 
were not observed classroom episodes. They demonstrate application logic, not prevalence 
or causal effect.
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5.5	 Direct upper-secondary evidence and transferred evidence

Evidence is treated in layers. Fang et al. (2025), Hussein et al. (2026), Liu et al. (2025), 
Zhao et al. (2025), Akçay et al. (2025), and Sánchez Muñoz et al. (2025) provide direct 
or pre-university evidence relevant to school programming, pseudocode, computational 
thinking, or GenAI use. Bassner et al. (2026), Liu et al. (2026), Nathaniel et al. (2026), 
Kohen-Vacs et al. (2025), Jacobs et al. (2025), and López-Pernas et al. (2025) are pro-
gramming or AI-supported learning studies outside the target context and are used for 
conceptual transfer, not as direct evidence of upper-secondary effects. Foundational scaf-
folding, feedback, offloading, automation, and epistemic-agency literature provides theo-
retical framing. This layered treatment limits the inference level while preserving useful 
comparison across adjacent fields.

5.6	 Bounded design and teacher implications

The framework supports design propositions, not prescriptions with demonstrated univer-
sal effects. In upper-secondary algorithmisation, teachers may reduce potential pedagogi-
cal noise by delaying full solutions until learners have attempted interpretation or decom-
position; requesting hints, traces, or contrastive examples rather than complete answers; 
requiring students to explain mappings across natural language, pseudocode, flowcharts, 
and code; and designing debugging as diagnosis before repair. These propositions are con-
sistent with scaffolding theory and with recent structured GenAI studies, but their causal 
effect on long-term algorithmic competence requires classroom testing.

Verification and accountability are equally important. Learners can be required to test edge 
cases, justify corrections, document accepted and rejected AI suggestions, and retain re-
sponsibility for final decisions. Feedback volume can be constrained to the next actionable 
step. Support can also be faded as competence grows. These practices target the diagnostic 
dimensions in Table 3 rather than treating AI access itself as the intervention.

Table 8 summarises the design propositions and their evidential status.

Table 8. Noise-aware design propositions and evidence boundaries

Design proposition Primary dimension 
targeted Rationale Evidence boundary

Delay full solutions 
until after learner 
interpretation/decom-
position.

Timing; complete-
ness

Preserves an opportunity 
for learner-owned problem 
formulation.

Conceptual proposition; 
not a universal causal rule.

Request hints, traces, 
questions, or contras-
tive examples before 
complete answers.

Completeness; 
transparency

Keeps more reasoning 
visible and learner-per-
formed.

Consistent with scaf-
folding and structured-
tutor evidence; context 
dependent.

Require explicit map-
ping across representa-
tions.

Transparency

Makes transformations 
among verbal rules, 
pseudocode, flowcharts, 
and code inspectable.

Design recommenda-
tion requiring classroom 
validation.
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Design proposition Primary dimension 
targeted Rationale Evidence boundary

Diagnose before 
repair. Causal debugging

Separates bug under-
standing from artefact 
correction.

Supported indirectly 
and by school reflective-
debugging evidence.

Verify technically 
correct-looking output 
with tests and explana-
tions.

Learner judgement Counters false fluency and 
automation bias.

Strong theoretical ratio-
nale; effect size unknown.

Limit feedback to a 
small number of ac-
tionable next steps.

Volume/action-
ability

Reduces feedback flooding 
and prioritisation burden.

Framework-derived 
application of feedback 
literature.

Document AI con-
tribution and learner 
decisions.

Ownership/account-
ability

Keeps authorship, verifica-
tion, and responsibility 
visible.

Design recommenda-
tion; does not itself prove 
improved learning.

Fade AI support as 
competence develops.

Completeness; 
ownership

Aligns assistance with 
increasing learner indepen-
dence.

Scaffolding-based propo-
sition requiring longitudi-
nal validation.

5.7	 Empirical validation priorities

Future research should test whether the proposed categories can be identified reliably in 
authentic learner-AI interactions and whether they predict later independent performance, 
transfer, debugging quality, or explanation quality. Process data such as prompt logs, 
screen recordings, traces, think-aloud protocols, and learner explanations are particularly 
useful because final artefacts alone may conceal whether reasoning was performed or out-
sourced (Jacobs et al., 2025; López-Pernas et al., 2025).

Intervention studies could compare unrestricted assistance with hint-first prompting, ex-
planation gates, mandatory verification, representation-mapping requirements, or faded 
support. The proposition that AI role and task design may matter more than tool brand 
should be treated as a hypothesis requiring direct comparative testing, not as a finding of 
this paper. Prompt literacy should likewise be tested as a possible moderator rather than 
assumed to reduce pedagogical noise automatically.

Table 9 separates established background evidence from the paper’s proposed framework, 
design recommendations, and validation needs.

Table 9. Status of central claims

Claim Status Basis Boundary

Immediate performance 
can diverge from durable 
learning.

Established back-
ground principle 
with programming-
specific evidence.

Soderstrom & Bjork 
(2015); Bassner et al. 
(2026).

Not novel to this paper.
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Claim Status Basis Boundary

Pedagogical noise is a 
relational misalignment 
between AI contribution 
and learner-owned compe-
tence-forming work.

Proposed concep-
tual construct.

Integrative comparison 
with neighbouring con-
structs and algorithmisa-
tion tasks.

Requires empirical vali-
dation as a diagnostic 
category.

Seven forms can be 
distinguished by primary 
diagnostic dimensions.

Proposed tax-
onomy.

Conceptual synthesis and 
worked-case operationali-
sation.

Non-exhaustive; cat-
egories may overlap.

Structured debugging 
and dialogic/reflective 
support can be beneficial 
in programming-related 
learning.

Empirically sup-
ported background 
claim.

Emerging school and 
programming studies.

Effects are context- and 
design-dependent.

Delay full solution genera-
tion in early algorithmisa-
tion.

Design proposition.
Competence-preservation 
logic plus scaffolding/pro-
ductive-struggle literature.

Not established as a 
universal causal rule.

AI role/task design may 
matter more than tool 
brand.

Future empirical 
hypothesis.

Suggested by variation 
across structured and un-
restricted support designs.

Requires direct com-
parative testing.

Noise-aware design 
improves long-term algo-
rithmic competence.

Future empirical 
hypothesis.

Plausible implication of 
the framework.

Requires delayed, trans-
fer, and independent-
performance measures.

6.	 Conclusion

Established literature shows that immediate task performance and durable learning can 
diverge and that the pedagogical design of GenAI-supported programming matters. Di-
rect upper-secondary studies further suggest that structured debugging, collaboration, and 
feedback can support learning under particular conditions. These points are background 
evidence; they are not discoveries of the present article.

The contribution proposed here is narrower: pedagogical noise as an upper-secondary 
algorithmisation-specific relational diagnostic lens. It asks whether a particular AI con-
tribution is aligned with the learner-owned reasoning that should remain active at a par-
ticular phase. The seven proposed forms organise that question by completeness, timing, 
transparency, learner judgement, causal debugging, volume/actionability, and ownership/
accountability. Worked cases illustrate how technically correct output may scaffold or sub-
stitute depending on learner state and instructional conditions.

The framework therefore does not establish that pedagogical noise causes learning loss, 
nor that the taxonomy is exhaustive or empirically validated. It provides a bounded vocab-
ulary for designing and studying GenAI-supported algorithmisation while keeping learner 
reasoning visible. Future work should validate the categories in classroom interaction data, 
test whether noise-reducing designs improve transfer and independent performance, and 
examine how learner expertise changes the boundary between scaffolding and substitution. 
The educational question is thus not only whether GenAI is used in algorithmisation, but 
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also how its contribution is orchestrated so that support does not inadvertently replace the 
reasoning the lesson is intended to develop.
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