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Abstract

Generative artificial intelligence has entered science classrooms faster than the epistemological
questions it raises have been addressed. This study is an attempt to reveal how the knowledge-
producing character of text-based conversational systems diverges from institutional science, and
what that divergence implies for teaching the nature of science in secondary and undergraduate
science. The two are compared through the family resemblance approach across aims and values,
methods, practices, knowledge, and social-institutional systems, and the procedure linking
literature to judgement is reported. The comparison is then reframed through synergetic: science
is an open system in continuous evidential exchange with material reality, whereas the model
reorganizes a corpus closed to new evidence at inference. A coupled-system model follows: the
classroom verification norm is the order parameter, the teacher-set verification requirement the
control parameter, and materiality the boundary condition. Five propositions are derived, the last
a path-dependent threshold prediction that can falsify the model.

Keywords: nature of science, generative artificial intelligence, epistemic authority, materiality,

synergetic, family resemblance approach

INTRODUCTION

Generative artificial intelligence (GenAl) tools have
entered science classrooms at a pace rarely seen with
previous educational technologies. Chat tools based on
large language models have spread to nearly every area
of the science curriculum within two years of their public
release. Students have come to use these tools to explain
concepts, draft laboratory reports, and answer content-
related questions (Yan et al, 2024). This rapid
proliferation has left science education research in a
reactive position. Hence, it is not surprising to see that
the early literature focused on practical questions such
as usage, benefits, and academic integrity, while
epistemological questions remained in the background.
Avraamidou (2024, p. 2573), in a commentary assessing
the wave of Al in science education, pointed to its lack of
a theoretical foundation, describing it as “it lacks vision,

it is atheoretical, it is decontextualized”. A recent
systematic review reaches a compatible conclusion from
empirical material, reporting that studies of GenAl in
science education have concentrated on students’
understanding either of science or of the tool, and rarely
on the relation between the two (Cheung et al., 2025b).

A clarification regarding terminology and scope is
necessary. In this article, “GenAl” refers to the family of
technologies that generate text and similar content. A
generative model, in turn, refers to the individual system
with which the student actually interacts, that is, a chat
tool based on a large language model. Where the context
is clear, the generative model is referred to simply as the
“model”. For the theoretical framework proposed in this
study, only the terms “coupled-system model” and
“proposed model” are used; where the concept of a
model appears in the context of scientific modelling
practice, it is designated as a “scientific model”. The
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Contribution to the literature

e This study responds to the scarcity of work on how Al-generated knowledge relates to scientific
knowledge in science education. It offers a systematic family resemblance approach (FRA) comparison of
institutional science and text-based conversational systems across aims and values, methods, practices,

knowledge, and social-institutional systems.

e It identifies openness to material feedback as the common dimension behind the differences in all five
categories. Using synergetic, it contrasts science as an open system with a generative model that is
operationally closed to new evidence at inference. It proposes a coupled-system model in which the
classroom verification norm is the order parameter, the teacher-set verification requirement is the control
parameter, and materiality is the boundary condition. This moves the debate beyond adoption versus

prohibition toward concrete design decisions.

e Itderives five empirically testable propositions, the last being a falsifiable prediction of threshold behavior
and hysteresis in the classroom verification norm. This distinguishes the framework from existing norm-,
scaffolding-, and epistemic-cognition-based accounts and gives the field a clear research agenda.

scope of the argument is deliberately restricted in two
respects. The educational settings addressed are
secondary and undergraduate science, where
independent investigation and argumentation are
curricular expectations. The systems addressed are text-
based conversational systems as they are encountered by
learners. Configurations equipped with retrieval and
tool use are treated as a boundary case, whereas image
and video generators, and autonomous experimentation
platforms in which an Al system directs and executes
laboratory work, fall outside the scope for reasons set
out.

Two epistemological questions form the starting
point of this study. The first question concerns epistemic
authority, and the concept requires more careful
handling than it usually receives. Three situations are
distinguished here. Warranted epistemic dependence
refers to justified reliance on a source whose claims can
be traced, whose errors can be estimated, and whose
authority can be contested; a student’s reliance on a
teacher or on a peer-reviewed report is of this kind.
Perceived authority refers to the standing a source
acquires through surface features such as fluency,
immediacy, and apparent certainty. Uncritical deference
refers to the suspension of any demand for justification.
Only the third situation is at odds with the aims of
science education, and the risk identified in the literature
concerns the slide from the second to the third. Cooper
(2023, p. 444) has highlighted the risk of a conversational
model positioning itself as the “ultimate epistemic
authority” in science education. Ferrario et al. (2024)
argue on independent grounds that genuine epistemic
expertise cannot be attributed to such systems, since
expertise requires a relation to understanding that these
systems do not satisfy. Empirical work points in the
same direction from the side of the learner; a systematic
review has reported that students’ overreliance on Al
dialogue systems can weaken their decision-making,
critical thinking, and analytical reasoning (Zhai et al.,
2024). The vigilance advocated in this article is therefore
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calibrated trust rather than generalized distrust, and it is
compatible with the trust that teachers and scientific
institutions legitimately command.

The second question concerns materiality. Tang and
Cooper (2025, p. 731) argue that the epistemic authority
of science stems from its connection to the physical
world, whereas a system generating text from statistical
regularities in a corpus is “devoid of any connection to
the physical world”. Such a tool may describe an
experiment fluently; it has never conducted one.

These two questions intersect at the core of the nature
of science, a concept that has long been central to the
goals of science education (Erduran & Dagher, 2014;
Lederman et al, 2002). If students are expected to
understand how scientific knowledge is produced and
justified, they must also understand how the output of a
generative model is produced and why the two modes
of production differ. The empirical foundation for this
kind of instruction remains weak. In a systematic review
of Al applications in science education, Cheung et al.
(2025a) reported that “only three studies mentioned
epistemic insights” regarding the relation between
scientific knowledge and Al-generated knowledge.
Hence, it can be said that the intersection between the
nature of science and the epistemology of GenAl
remains a genuine gap in the literature rather than an
established area of discussion.

The contribution claimed here should be stated
against the work that already occupies the neighboring
ground. Tang and Cooper (2025) establish materiality as
an objection. Cheung et al. (2025a) map the intersection
and call for systematic comparison. Rivera-Novoa and
Duarte Arias (2025) analyze generative systems as
cognitive artifacts that may substitute for or complement
the learner, and Tang (2026) reconceptualizes the model
as a dialogic partner in classroom discourse. Work in the
epistemic vigilance tradition forms a fourth neighbor:
Sperber et al. (2010) characterize vigilance as a set of
individual cognitive capacities, and Han and Gutierez
(2026) document its enactment by middle school
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students working with generative tools. Each of these
accounts characterizes the relation between the learner
and the model, or the capacities of the individual learner;
none proposes a mechanism linking teacher decisions to
collective classroom behavior. The explanatory
relationship added here is the following: openness to
material feedback is the common organizing dimension
of the differences observed across the five categories of
the FRA, and this dimension predicts that the
verification norm of a classroom behaves as an emergent
order with threshold and hysteresis properties. The
claim is open to refutation. If the classroom verification
norm were found to rise smoothly and proportionally as
the teacher-set requirement is raised, and to fall back
along the same path when that requirement is relaxed,
the distinctive prediction of the framework would fail,
and the account would be reduced to the general and
already established observation that pedagogical design
matters. It should also be noted that adoption and
prohibition are two rhetorical poles frequently
encountered in public discussion rather than the only
available positions; conditional use, discipline-specific
restriction, and critical integration are all defended in the
literature, and the present framework is a contribution to
that middle ground rather than a discovery of it.

This study addresses the gap through three
questions. In what ways does the knowledge-producing
character of GenAl diverge from institutional science?
What implications does this divergence have for the
teaching of the nature of science? How can the relation
between the student, the generative model, and scientific
practice be conceptualized in a way that supports design
decisions rather than global endorsement or refusal? In
answering the third question, the study draws on
synergetic thinking, developed by Haken (2004) and
elaborated philosophically by Prigogine and Stengers
(1984) and by Morin (2008).

The theoretical background is reviewed first, the
analytical approach is then described, and the
comparison is presented through the five categories of
the FRA. A synergetic reframing and a coupled-system
model follow, and implications for science education
and a research agenda are derived in the final sections.

THEORETICAL BACKGROUND

The Nature of Science: From Consensus Lists to the
Family Resemblance Approach

The nature of science has occupied science education
research for decades, both as a curriculum goal and as a
research framework. In its most common form it has
been operationalized as a list of consensus principles:
scientific knowledge is empirically grounded, tentative,
theory-laden, partly a product of human creativity, and
socially and culturally embedded, and there is no single
scientific method (Lederman et al., 2002). The consensus

view has proven productive for assessment and teacher
education, and the views of nature of science family has
become the standard tool in this line of research (Abd-
El-Khalick et al., 2024). Criticisms have nonetheless been
raised that it presents science as a static set of declarative
statements; van Dijk (2011) argued that consensus lists
do not reflect the actual diversity of the sciences. Recent
evidence indicates that the difficulties the consensus
view was meant to address persist in practice.
Misconceptions about the tentative character of scientific
knowledge and about the relation between laws and
theories remain common among students and, to a lesser
degree, among teachers (Gyamfi & Ayaaba, 2026), and
science was defined as accumulated knowledge even by
pre-service teachers who expressed informed views on
individual aspects of the nature of science (Sengul, 2023).

The FRA was developed in response to these
criticisms. Irzik and Nola (2011) argued that the sciences
do not share a fixed essence but, like family members,
overlap in some characteristics and diverge in others.
Erduran and Dagher (2014) reconceptualized this idea
for science education. In that framework, science is a
cognitive-epistemic and social-institutional system
encompassing the categories of aims and values,
methods and methodological rules, practices,
knowledge, and social-institutional structures. Kaya and
Erduran (2016) distinguished the educational adaptation
as the reconceptualized family resemblance approach
(FRN). Hence, it is not surprising to see that the number
of empirical studies based on the approach has grown
rapidly (Erduran et al., 2019), and that a systematic
review of the approach itself has been conducted
(Cheung & Erduran, 2023).

The relation between the present analysis and the
expanded FRN wheel requires a word of explanation,
since a simplification has been made. The cognitive-
epistemic categories are carried over intact. On the
social-institutional side, the FRN account distinguishes
several dimensions, among them professional activities,
social certification and dissemination, social values, and
the financial and political systems within which science
operates. These are collapsed here into a single
comparative row. What is retained is the mechanism by
which claims are subjected to collective scrutiny, namely
peer review, the allocation of credit, disciplinary norms,
and public accountability, since that mechanism is what
the comparison turns on. What is lost is the finer analysis
of the political economy of knowledge production, and
the loss is not trivial for the second side of the
comparison; the funding structures, ownership
arrangements, and governance decisions surrounding
generative systems are themselves an object of legitimate
epistemological attention (Avraamidou, 2024; Olaniyan
et al.,, 2026). This limitation is revisited later.

The suitability of FRA for this study stems from two
characteristics. The approach treats science as a system
rather than a list and, through the family metaphor,
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offers a structure open to comparison; whether a
particular knowledge-producing activity belongs to the
family is a natural extension of the framework. Cheung
et al. (2025a) used the same framework in their review of
Al in science education and highlighted the need for a
systematic comparison of the epistemologies of science
and Al, and the present study responds to that call. A
recent critique of the framework itself is also worth
noting. Xu and Fan (2024, p. 104) argued that both the
consensus view and FRA are “limited by their adherence
to staticism and universalism”, calling for a dynamic
systems perspective on the understanding of the nature
of science. This critique provides the internal
justification for the synergetic reframing developed in
the sections that follow.

The Epistemic Character of Generative Artificial
Intelligence

Large language models generate text by predicting
the likely continuation of a sequence from statistical
regularities learned from a large training corpus. Bender
et al. (2021), in a position paper, characterized these
systems as “stochastic parrots” and emphasized that
fluent output does not imply commitment to meaning or
accuracy. Although the specifics of that characterization
have been debated, the point about training remains
valid: the objective function rewards probable
continuations, while accuracy enters only indirectly,
through the composition of the dataset and through
alignment based on human preference judgements.
Steyvers et al. (2025) examined a measurable
consequence of this arrangement. In their experiments,
the confidence users attributed to model answers
systematically exceeded the models’ internal confidence,
and longer explanations increased user confidence even
where they did not improve accuracy. The same
experiments, however, showed that adjusting
explanations to reflect internal confidence narrowed
both the calibration gap and the discrimination gap. The
problem of uncertainty communication is therefore
conditional upon design and configuration rather than
an invariant property of the technology, and a survey of
uncertainty quantification methods supports the same
reading (Liu et al., 2025).

A second line of inquiry addresses the opacity of
these systems. Yampolskiy (2020) argued that the inner
workings of large models cannot in principle be
explained at the level of individual outputs, and Zednik
(2021) specified what different stakeholders need to
know when dealing with opaque computational
systems. Heersmink et al. (2024, p. 1) argue that the
coexistence of algorithmic opacity with
phenomenological transparency makes it “difficult for
users to calibrate their trust correctly”, a point Alvarado
(2023) reaches from the character of Al as an epistemic
technology. Trust calibration is revisited below as the
classroom-level counterpart of epistemic vigilance.
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Bearman and Ajjawi (2023, p. 1160) ground a practical
conclusion in the assertion that “by definition, AI must
always act as a ‘black box’”. Pedagogy, on their account,
should address how to work with the black box rather
than how to see inside it. This position is adopted here
with an extension: working with the black box in science
education also requires an explicit account of how the
black box differs epistemically from science.

A third line of research examines the contribution of
these systems to science itself (Binz et al., 2025; Birhane
et al., 2023; Krenn et al., 2022). Generally speaking, the
picture emerging from these discussions is that
generative systems already contribute to scientific work,
and a classroom message declaring such tools to be non-
scientific is therefore difficult to defend. It is believed
that the coexistence of participation with a
fundamentally different style of knowledge production
is what makes the situation pedagogically demanding.
Hila (2026) has articulated the same tension in the
language of justification theory, arguing that large
language models can convey knowledge in a reliable
sense while lacking reflective justification for the content
they convey.

Counter-Accounts and Their Limits

Three counter-accounts stand against the contrast
developed in this article, and each is stated here in its
strongest form before its limits are considered. The first
concerns grounding. Autonomous experimentation
platforms, often described as self-driving laboratories,
combine machine learning with robotic instrumentation
to design experiments, execute them, analyze the results,
and revise the next round of hypotheses (Tom et al.,
2024), and cloud-based arrangements extend such access
beyond the institutions owning the hardware (Canty et
al., 2025). In these systems an Al component does close
the loop with material feedback, so a claim that Al as
such cannot make evidential contact with the world
would be false. The second concerns uncertainty:
calibration is improvable through explanation design
and dedicated estimation procedures, so miscalibrated
assertiveness describes the current default configuration
rather than a necessary property. The third concerns
participation in science, which the work cited above
establishes.

A distinction must therefore be drawn between the
limitations of particular configurations and the
properties of an entire technology family. The first
counter-account is decisive against the broader claim
and is the reason the scope of this article was restricted:
the comparison concerns text-based conversational
systems as they are consulted by learners, not Al in
general, and not arrangements in which an Al
component is embedded within an instrumented
experimental loop. The second narrows rather than
defeats the claim, and the comparison states the
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calibration property conditionally for that reason. The
third is not met by restricting the scope, since the
systems taking part in scientific workflows are the same
conversational systems learners consult; it is met by the
argument, where such contributions are shown to
remain subject to an exchange of evidence that the
models themselves do not perform. What the counter-
accounts do not touch is the position of the learner’s
interlocutor, which performs no measurement and
whose output is not revised by the material world
between one turn and the next.

The Materiality Objection

The philosophy of science has long emphasized that
scientific knowledge is justified through intervention in
the material world as well as through representation.
Hacking (1983) placed that distinction at the center of his
account; confidence in the reality of theoretical entities
arises from their functioning within an experimental
setup, so that when something can be done with an
entity, the ground for speaking about it changes.
Pickering (1995) described scientific inquiry as an
endeavor in which material agency resists human
intentions and knowledge emerges from mutual
adaptation. The implication of both accounts for the
present study is that justification requires a relation that
allows the world to overturn expectations.

Science education research has produced its own
body of work along these lines. Wickman (2004)
analyzed learning in laboratory work through the
concept of practical epistemologies, Hetherington et al.
(2018) proposed a material-dialogic theoretical
framework, and Tang (2022) showed that material
inquiry and material transformation are prerequisites for
scientific argumentation. The value of laboratory work
for learning outcomes has also been documented
through systematic reviews (Agustian et al, 2022;
Gericke et al., 2023).

Tang and Cooper (2025) extended this tradition to the
debate on GenAl. On their account, a language model
operates on statistical probabilities derived from text
and has no connection to the physical world, and the
fluency of its outputs masks that absence. The
implications of this objection for science education are
clear. School science already struggles to convey that
laboratory work is not merely a matter of verifying
textbook statements (Wickman, 2004). When students
can obtain a fluent narrative of any experiment at any
time, the tendency to equate the narrative with the
experiment is likely to strengthen. The synergetic
framework developed below positions the materiality
objection as a boundary condition rather than as a
conclusion; materiality is the link that keeps the wider
learning system open to reality.

ANALYTICAL APPROACH

Design and Analytical Steps

A conceptual design was adopted in this study. The
design follows the theory adaptation approach
described by Jaakkola (2020), in which an established
framework is transferred to a new domain in order to
transform the way a problem area is understood. Three
analytical steps were carried out.

In the first step, the concepts of epistemic authority,
opacity, materiality, and epistemic vigilance were
clarified through conceptual analysis; epistemic
vigilance is understood here, in line with Sperber et al.
(2010), as a set of capacities that enable recipients to
calibrate their trust in communicated information. In the
second step, the five categories of the FRA were used as
a comparative analytical framework, and institutional
science and GenAl were examined side by side within
each category. In the third step, the comparison was
reinterpreted through the synergetic concepts of Haken
(2004), Prigogine and Stengers (1984), and Morin (2008),
and a coupled-system model of the science classroom
was constructed. The ordering of these steps is
deliberate. The comparison identifies where the
differences lie, while the synergetic reframing proposes
why the differences take this form and how they may be
addressed pedagogically.

The contribution of a conceptual study rests on the
traceability of its reasoning rather than on the
representativeness of a sample. The remainder of this
section therefore reports how the literature was
identified, how sources of differing evidentiary status
were weighted, how conflicting claims and
counterexamples were handled, and how a single source
is connected to an analytical category and, in turn, to a
testable proposition. A systematic review protocol is
neither claimed nor appropriate here; what is presented
is a transparent conceptual procedure.

Identification, Selection, and Weighting of the
Literature

Search scope

The literature was identified through structured
searches in Scopus, the Web of Science core collection,
and ERIC. These searches were complemented by
backward and forward citation chaining from the
framework-defining sources (Erduran & Dagher, 2014;
Irzik & Nola, 2011; Tang & Cooper, 2025). Three families
of terms were combined: nature-of-science terms such as
nature of science, FRA, and epistemic cognition; GenAl
terms such as GenAl, large language model, and
ChatGPT; and epistemic terms such as epistemic
authority, epistemic vigilance, materiality, calibration,
and opacity.
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Table 1. Literature clusters, selection criteria, and evidentiary role in the analysis

Cluster Included

Evidentiary role

Weighting rule

Nature of science Framework-defining works,
systematic reviews, empirical

studies employing the FRA

Epistemic character of
generative artificial
intelligence
Generative artificial
intelligence in science

Peer-reviewed philosophical and
ethical analyses; technical studies
reporting measured properties
Systematic reviews and meta-
syntheses; individual empirical

education studies for within-category tensions
Synergetic and Primary works in synergetic and in
complexity dissipative-structure theory;

complexity-in-education sources

Supplies the comparative
categories and the
educational aims against
which divergence is assessed
Supplies the characterization
of the second side of the
comparison

Supplies classroom-level
consequences and the
warrant for the propositions
Supplies the reframing
vocabulary and the
constraints upon it as an
analogy

Framework-defining works
are treated as definitional
rather than evidential

Measured properties such as
calibration and fabrication
outrank characterizations
Review evidence outranks
single studies; opinion pieces
are cited as arguments

Used analogically; no
empirical claim is transferred
from physics

Foundational works in the philosophy of science and
in synergetic were included irrespective of date. For the
GenAl literature the window was November 2022 to
September 2026, the opening of which corresponds to
the public release of conversational large language
models.

Selection

Within the nature-of-science cluster, framework-
defining works, systematic reviews, and empirical
studies employing the FRA were included. Within the
GenAl cluster, peer-reviewed philosophical and ethical
analyses were included together with technical studies
reporting measured properties such as calibration or
fabrication rates. At the intersection, systematic reviews
and meta-syntheses were prioritized, and individual
empirical studies were consulted where a within-
category tension required illustration. Studies
addressing implementation, attitudes, or acceptance
without epistemic content were excluded, as were
studies of non-generative educational technologies.

Evidentiary status

Each source was coded for the kind of warrant it can
carry philosophical argument, opinion or position paper,
review evidence, and primary empirical evidence. This
coding is reflected in the text. Arguments are described
as arguments, and empirical claims are attributed to the
studies that produced them rather than to the
commentaries citing them. Preprints were admitted in
an illustrative or corroborating role only, and they were
not used as the sole warrant for a comparative
judgement. Where a preprint supplied a claim carrying
analytical weight, a peer-reviewed source is cited
alongside it.

Table 1 presents the literature clusters, the criteria by
which sources were included, and the evidentiary role
assigned to each cluster in the analysis.

6/ 21

Conflicting claims and counterexamples

Where sources disagreed, priority was given to
primary empirical evidence over review evidence, and
to review evidence over argument. Where disagreement
persisted at the same evidentiary level, the claim was
reformulated conditionally, and its boundary was stated
in the text or in the corresponding row of the comparison
presented later. Counterexamples were not set aside.
Each counterexample was assessed for whether it
narrows the scope of a claim, renders the claim
conditional upon a configuration, or defeats the claim
altogether. Instances of the first two kinds are recorded
as boundary conditions in the comparison presented
later. The most consequential instance is that of
autonomous experimentation platforms, in which an Al
system does close the loop with material feedback
(Canty et al., 2025; Tom et al., 2024). Hence, it can be said
that the argument developed here holds for text-based
conversational systems as they are encountered by
learners, rather than for Al as such.

A Worked Example of the Analytical Chain

Two chains are traced from source to proposition in
order to make the procedure inspectable. The chains are
reconstructions of decisions already taken rather than
derivations performed for the first time here; what they
are intended to show is that each comparative
judgement can be followed back to a source and to an
interpretive decision that could have gone the other way.

The first chain concerns the category of scientific
knowledge. Steyvers et al. (2025) report a calibration gap
between users’ confidence in model answers and the
models” internal confidence, and they also report that
this gap narrows when explanations are adjusted to
reflect internal confidence. Two readings of the finding
are available. Miscalibrated assertiveness may be an
invariant property of the technology, or it may be a
designable feature of a given configuration. The second
reading was adopted, since the same study reports the
manipulation that narrows the gap, and survey evidence
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Table 2. Institutional science and GenAl compared across the family resemblance categories

FRA Epistemology of Operation of a text-based Boundary conditions and Tension in the
category  institutional science generative model counterexamples science classroom
Aims and Approximation to Maximization of sequence  Alignment procedures can Students may read
values truth, explanatory likelihood conditioned on  raise factual accuracy as a linguistic fluency as
coherence, and training data and alignment proximate objective; the values an indicator of
predictive accuracy,  preferences; fluency rather  remain those of the developer epistemic reliability
guided by empirical ~ than truth is the operative  rather than of an epistemic
adequacy and target community
organized skepticism
Methods  Experimentation, Pattern completion overa  Retrieval and tool use extend  Consulting the
systematic observation, corpus; no capacity to the set of accessible records model may displace
modelling, and the intervene in the physical (Lewis et al., 2020) but generate firsthand
elimination of error world and no new evidential no new measurement; investigation
through material contact at the time of autonomous experimentation
feedback inference platforms do close the loop and
fall outside the scope of this
comparison
Practices ~ Argumentation based Simulation of argumentative Retrieval-grounded output can Argumentation
on evidence, material discourse; the evidence cite records, and the citations  practice risks
inquiry and invoked has been examined can be checked; the checking is becoming rhetorical
transformation, and by others rather than by the performed by the reader rather than
peer critique system evidential
Knowledge Revisable networks of Parametric associations Calibration is configuration- ~ The tentative
theories, laws, and without propositional dependent and improvable character of scientific
models calibrated commitment; outputs may through explanation design knowledge contrasts
against observation contain fabricated content, and uncertainty estimation (Liu with confidently
and assertiveness is weakly et al., 2025; Steyvers et al., 2025) expressed output
calibrated to accuracy
Social- Peer review, allocation Opaque training corpora and Accountability in scienceisa  Epistemic trust must

institutional of credit, disciplinary
system norms, and public
accountability

Corporate governance;

but do not constitute

epistemic peer evaluation

alignment procedures exist

normative achievement that
can fail, as replication
difficulties and retractions
show; the contrast is one of
mechanism rather than of
guaranteed outcome

be taught as a
spectrum rather than
as a binary

on uncertainty quantification supports treating
calibration as configuration-dependent rather than fixed
(Liu et al, 2025). The interpretive consequence is
recorded in the knowledge row of Table 2, where the
calibration property is stated conditionally. The same
decision shapes proposition 1, in which fluency and
accuracy are manipulated independently instead of
being assumed to covary.

The second chain concerns the category of methods.
Lewis et al. (2020) establish that retrieval augmentation
extends the set of texts available at inference, while the
materiality criterion of Tang and Cooper (2025)
distinguishes access to records from contact with the
material world. The interpretive decision was to narrow
the closedness claim from the absence of new
information at inference to the absence of new evidential
contact, so that the claim survives the retrieval
counterexample  while  conceding  what that
counterexample establishes. The narrowing is stated
later, and it is what carries the openness criterion to the
level of the system rather than to the individual act.

COMPARATIVE EPISTEMOLOGICAL
ANALYSIS THROUGH THE CATEGORIES
OF THE FAMILY RESEMBLANCE
APPROACH

In this section the comparison is conducted across the
five categories of the FRA. Table 2 summarizes the
analysis, and the subsections elaborate on each category
in turn. Two qualifications should be stated at the outset.
The comparison concerns institutional science as a
knowledge system and text-based conversational
systems in their currently operational forms, so that it
should be read as time-dependent rather than
essentialist. The two sides are also not ontologically
equivalent, since science is a social-epistemic institution
whereas a generative model is an artifact. The encounter
in the classroom nonetheless takes place at a functional
level; the student consults the model as a source of
knowledge, as a textbook or a teacher would be
consulted. The comparison therefore concerns the
epistemic character of two sources that fulfil the same
function. Boundary conditions and counterexamples are
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recorded in the final column of Table 2 and are
discussed before.

Aims and Values

Science pursues explanatory coherence, predictive
accuracy, and successive approximations to truth under
shared values such as empirical adequacy, honesty in
reporting, and organized skepticism (Kuhn, 1970;
Longino, 1990; Merton, 1973). These values are socially
enforced, and they become visible to students when a
claim is qualified, cited, or revised. A generative model
has no aims of its own. The training objective rewards
probable continuations of text (Bender et al., 2021), while
alignment procedures priorities the outputs preferred by
human evaluators (Ouyang et al., 2022). The operational
aims are helpfulness and fluency, and accuracy is served
only indirectly, to the extent that the data and the
evaluators serve it. The classroom tension arises from
this, since fluency is the surface feature students are most
likely to read as an indicator of reliability (Heersmink et
al., 2024). Cooper (2023) has documented this authority
effect in science-specific interactions. It is believed that
the effect is stronger among students who equate the
image of knowledge with confident answers, and this
expectation is formulated as proposition 1 later.

Methods and Methodological Principles

Scientific methods are diverse, yet they share a
commitment to the elimination of error through
engagement with the world; hypotheses are opened to
observation and experiment, and empirical feedback is
allowed to overturn expectations (Hacking, 1983;
Popper, 1959). A generative model completes patterns
over a corpus fixed before the conversation begins
(Bender et al., 2021), and at the moment of inference it
cannot intervene in the world, collect data, or be
surprised by a measurement (Tang & Cooper, 2025).
Configurations augmented with search can add online
texts to that corpus (Lewis et al, 2020), with
consequences discussed later. The methodological virtue
displayed in its output derives from the texts of scientists
who performed the work. The practical risk in the
classroom is displacement, and overreliance on Al
dialogue systems has been reported to substitute for
analytical effort (Zhai et al., 2024). When an answer can
be obtained within seconds, taking the slow path of
inquiry requires a justification, and that justification is
itself a lesson about the nature of science. Hence, it can
be said that the answer and the inquiry are not
epistemically equivalent. The relation between the risk
of displacement and the mode of model use is addressed
in proposition 4 later.

Scientific Practices

Science education reforms increasingly define science
through its practices, among which the construction and
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interpretation of data and the construction of arguments
from evidence are foremost (Erduran & Dagher, 2014;
Osborne & Pimentel, 2023). Tang (2022) identified the
material prerequisites of classroom argumentation;
questions are framed around the behavior of the material
world, and evidence is generated through the
coordinated arrangement of objects, bodily actions, and
words. Generative models imitate the discourse of these
practices with considerable skill (Bender et al., 2021; Binz
et al., 2025), producing a well-structured argument or a
textbook-quality description of a scientific model. What
cannot be done is to ground the argument in evidence
the system itself has examined (Tang & Cooper, 2025).
The imitation is rhetorical rather than evidential, and
this holds even where retrieval supplies citations, since
the examination of the cited record is performed by the
reader. Argumentation instruction has therefore
acquired a further task: students must learn to
distinguish the form of an argument from its justification
and to ask where the evidence stands for every fluent
claim (Osborne & Pimentel, 2023; Tang, 2024). The effect
of instruction that positions model output as a
hypothesis to be tested is examined later through
proposition 2.

Scientific Knowledge

Scientific knowledge takes the form of networks of
theories, laws, and models that rest on observation, are
calibrated against one another, and remain subject to
revision (Kuhn, 1970). Tentativeness is a characteristic of
the system, which signals its own uncertainty through
margins of error, confidence levels, and open disputes.
The knowledge embedded in a generative model has a
different structure. It consists of parametric relationships
distilled from text, carrying no propositional
commitment and no internal marking of which
relationships are well supported (Bender et al., 2021;
Hila, 2026). A false statement and a true statement can be
produced with the same apparent confidence, and the
weak coupling between linguistic assertiveness and
accuracy has been measured directly (Steyvers et al.,
2025). That coupling is nonetheless improvable; what is
described is the default configuration rather than a
necessary property. Fabricated content is not an
occasional accident. In a classroom verification exercise
in which students checked 456 model-generated
references against the literature, 51.3% of those
references proved to be real and correctly cited, and the
fabricated ones clustered in disciplinary journals rather
than in high-profile multidisciplinary ones (Sevryugina
& Vargas, 2026). For learners, the contrast between the
two knowledge structures is instructive when addressed
explicitly and misleading when it is not. It is believed
that confidently expressed output reinforces the naive
view of knowledge as a stock of settled answers, and this
is precisely the view that science education seeks to
unsettle (Gyamfi & Ayaaba, 2026; Sengul, 2023).
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Social-Institutional System

Science operates through institutions that allocate
credit, enforce norms, and subject claims to peer review
and public accountability (Longino, 1990; Merton, 1973).
These structures do not guarantee truth; they create the
conditions under which errors can be identified and
corrected. The qualification matters, since the
mechanism is a normative achievement that can and
does fail; difficulties of replication, uneven review
quality, and retraction are part of the record, and the
contrast drawn here concerns the presence of a
correcting mechanism rather than the guarantee of a
correct outcome. Generative models are built and
governed differently. Training corpora remain largely
undisclosed (Bender et al., 2021), design decisions are
made within companies (Avraamidou, 2024), and no
mechanism comparable to peer review examines
individual outputs (Birhane et al., 2023). The educational
implication concerns epistemic trust. Students already
navigate a media environment in which sources vary
sharply in reliability (Osborne & Pimentel, 2023), and the
generative model adds a source with opaque
institutional backing. Jose et al. (2025, p. 2), in an opinion
article, describe the classroom consequence of this
integration as GenAl becoming “a new actor in the
epistemic space”, and they argue that authority may
shift quietly from human educators to algorithms.
Empirical work is consistent with the concern without
yet settling it; a survey of higher education students
found extensive use of Al assistants alongside reliance
on inadequate verification methods (Martin-Moncunill
& Alonso Martinez, 2025). Hence, it can be said that
teaching differentiated trust has become part of the
social-institutional dimension of science education,
rather than a matter of acceptance or rejection.

THE SYNERGETIC REFRAMING OF THE
RELATION BETWEEN STUDENTS, THE
GENERATIVE MODEL, AND SCIENCE

Synergetic Foundations

The comparative analysis shows that text-based
conversational systems diverge from science in every
category of family resemblance. What the analysis has
not yet supplied is a unifying explanation of why the
differences follow this pattern, nor a constructive model
for how the classroom should be organized around
them. Synergetics offers both. Developed by Haken
(2004) as a theory of self-organization, synergetic
examines how open systems far from equilibrium
produce ordered structures. Three concepts are drawn
upon here. The order parameter is a macroscopic
variable that emerges from the interactions of system
components and then constrains them, a relation Haken
(2004) terms the slaving principle. The control parameter
can be adjusted from outside and can drive the system

towards qualitative transitions. A phase transition is the
point at which one mode of organization gives way to
another. Prigogine and Stengers (1984) showed that
dissipative structures of this kind depend on continuous
exchange with the environment, while Morin (2008)
developed a corresponding epistemology in which
knowledge is an emergent property of relationships
rather than a property of parts. The extension of this
tradition to Al has already been attempted. Muminova
(2025) reads GenAl as a nonlinear, self-organizing
phenomenon shaped by recursive interactions among
algorithms, data ecologies, and human agency, an
argument that supports the transfer of synergetic
concepts to the present problem without settling how
those concepts should be operationalized in a classroom.
In cognitive science, Favela and Amon (2023, p. 1) have
advocated raising complexity, which includes
synergetic, to the status of “complexity science as a
centerpiece of the discipline”; a similar call has not yet
been taken up in science education.

Open Systems and Closed Systems

From a synergetic perspective, the difference
between science and a generative model can be
expressed through a single dichotomy. Science is an
open system. It maintains its ordered structure, that is,
the coherent body of scientific knowledge, through a
continuous exchange of evidence with material reality,
and this order is dissipative in the sense defined by
Prigogine; if the exchange were to cease, the structure
would be expected to degenerate into dogma (Prigogine
& Stengers, 1984). A generative model is operationally
closed with respect to evidence at the moment of
inference. It rearranges patterns within a corpus fixed in
advance, and however refined the rearrangement, no
new evidential contact with the world takes place. The
order observed in its output is therefore parasitic upon
the openness of science, and the term is used in the sense
of derived dependence rather than as a metaphor of
harm. This formulation incorporates the materiality
objection of Tang and Cooper (2025) into a systems
framework and accounts for the pattern observed in the
comparative analysis. All five categories, namely aims,
methods, practices, knowledge, and institutions, point in
the same direction, since each is organized in part by the
same feature: openness to material feedback, which
science possesses and the conversational model lacks.
The categories retain their own content, and the claim is
that this feature accounts for the direction in which they
differ rather than for everything they contain. In the first
four categories the connection is direct. In the social-
institutional category the connection is indirect but
structural, since peer review, the allocation of credit, and
accountability can be interpreted as mechanisms that
socially regulate the link between claims and evidence
(Longino, 1990). On this interpretation, institutions are
structures that institutionalize the exchange of evidence,
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and a system that does not itself engage in that exchange
has developed no corresponding institutions.

A current objection to this contrast is that some
architectures are equipped with search and tool use, so
that a network-connected model can access new texts at
inference. The objection delineates the limits of the
closedness claim without invalidating it. Search and tool
use expand the set of texts the model can reach; they do
not alter the nature of evidential contact, since the model
still operates on records produced by others and cannot
construct an experimental setup, take a measurement, or
experience the overturning of an expectation through
material feedback. The materiality criterion of Tang and
Cooper (2025) draws precisely this distinction.
Closedness is therefore a characterization of the type of
evidential engagement rather than of the size of the
corpus.

A second and more demanding objection concerns
the status of the claim itself. If every category of
difference is traced to a single property, the analysis risks
reintroducing the essentialism that the family
resemblance perspective was designed to avoid. Two
responses are required. The first concerns the logical
form of the claim. Openness to material feedback is
proposed here as the organizing dimension that
accounts for the observed pattern of differences, not as a
necessary and sufficient criterion for membership in the
family of sciences. It is a family-level tendency rather
than a defining essence, which is the distinction the
family resemblance perspective was introduced to
preserve (Irzik & Nola, 2011), and the categories retain
their own content. The second response concerns the
boundary cases, which are instructive rather than
inconvenient. Observational sciences such as astronomy,
paleontology, and epidemiology make no intervention
in Hacking’s (1983) sense, yet they remain in continuous
evidential contact with their objects. Theoretical and
mathematical work within the sciences produces no
measurements at all and derives its accountability from
the wider system in which it is embedded.
Computational and simulation-based science operates
on models whose calibration against measurement is
what secures their standing. Large distributed
collaborations place most participants at several
removes from the instrument. It is not possible to make
a generalization about the openness criterion at the level
of the individual researcher, and the criterion is therefore
defined at the level of the system: what matters is that
the body of knowledge as a whole remains answerable
to evidence that the world can overturn. The same
system-level reading applies to the other side of the
comparison. A generative model is also embedded in a
sociotechnical system of developers, benchmarks, and
human feedback; what distinguishes that system is that
its corrective loop closes on human preference
judgements rather than on material resistance.
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This system-level formulation carries a consequence
for the learner. A clarification is required concerning
what the openness criterion demands of learners and of
scientists. Direct experimentation is not the only
epistemically productive route to evidence. Researchers
and students rely legitimately and routinely on evidence
produced by others, including archived observations,
instrument outputs, published datasets, and expert
testimony. Mediated reliance of this kind becomes
epistemically productive through four features of its
structure. The origin of a claim can be traced to a
procedure and to a source; the procedure carries an
account of its own error; someone is answerable for the
claim; and the claim can be contested through channels
that could in principle overturn it. Recent analyses of
epistemic dependence in learning mediated by Al
converge on a similar set of criteria for separating
productive reliance from harmful dependence (Du &
Yuan, 2026), and epistemological treatments of artificial
testimony argue that machine-generated statements can
ground belief only where the testifier reliably exhibits
properties analogous to veracity and cautiousness (He &
Yang, 2025).

The weakness of generative mediation is specific
rather than global, and it is located in these four features.
An individual output does not carry provenance for the
claim it contains, even where retrieval supplies citations
for the passage as a whole. It carries no error model, so
that its linguistic assertiveness cannot be read as a rate of
being correct. No agent is answerable for it, and the
systems producing it have been characterized as lacking
the reflective regulation and normative commitment
that answerability presupposes (Woodruff & Hewitt,
2026). Contestation of a single output has no channel
through which the source itself could be revised. Hence,
it can be said that the openness criterion is a property of
the classroom system as a whole rather than of each
individual act within it, and that students are not
required to generate every measurement themselves.

The Coupled-System Model for Science Classrooms

The pedagogical question is how to organize a
classroom in which an open system, a closed system, and
a learner interact. Figure 1 presents the proposed model.
The student, the generative model, and scientific practice
are treated as coupled subsystems. The student engages
in dialogic exchange with the model and in inquiry and
evidence-based practices with science, while the model
remains dependent on the scientific record from which
its corpus derives.

The arrangement is organized by two synergetic
structures. These two structures are kept analytically
distinct, since conflating them would make the model
explain verification through itself.

The first structure is the teacher-set verification
requirement, which functions as a control parameter. It
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Control parameter: teacher-set verification requirement

task specification, explicitness of the verification demand,
assessment weighting
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keep the classroom system answerable to the physical world
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Figure 1. A synergetic coupled-system model of the student, the generative model, and scientific practice (created by the

authors)

is exogenous and adjustable in graded steps: how
explicitly a task states that model output is to be checked
against an independent source, how much of the
assessed work depends on that check, and how clearly
an adequate check is defined. The requirement is a
property of the designed environment, readable from
task specifications and assessment rubrics, and it does
not presuppose that any student verifies anything.

The second structure is the classroom verification
norm, which is proposed as the order parameter. It is
endogenous, and it emerges from the aggregate of
students’ verification acts as those acts become mutually
observable. The norm is a property of the collective
rather than of the task, and it is measurable through the
frequency of verification acts in classroom discourse
together with students” perception of what is ordinarily
done in their classroom. Once established, the norm
constrains individual behavior in the manner Haken
(2004) describes through the slaving principle: students
scrutinize claims because that is what is done in this
classroom, and not merely because a task requires it.

The distinction is temporal as well. The requirement
is set at the outset and varied by the teacher, whereas the
norm forms later, and its formation is the phenomenon
to be explained. The mechanism runs in a loop of four

steps. A requirement prompts individual verification
acts; the acts become visible in classroom discourse and
are taken up by peers; their visibility shifts what students
perceive to be the ordinary practice of the class; and the
perceived practice then regulates individual acts,
including those of students for whom the requirement
was never binding. This fourth step distinguishes an
emergent norm from compliance, and it is what makes
the norm capable of outlasting the requirement that
seeded it. Table 3 presents the two parameters with their
indicators and timing,.

The synergetic prediction is that the effect of the
control parameter is not linear. Below the critical value,
the class is expected to settle into a regime in which
model output is treated as authoritative; above it, a
regime of critical verification is expected to self-organize
and to sustain itself. Figure 2 illustrates this threshold
behavior together with the path followed when the
requirement is subsequently relaxed.

Materiality enters the coupled-system model as a
boundary condition. Laboratory work, observation, and
data collection are the links that keep the system as a
whole open, and it is for this reason that the proposed
model treats evidential accountability to the material
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Table 3. The control parameter and the order parameter: Definitions, indicators, and timing

Teacher-set verification requirement (control parameter)

Classroom verification norm (order parameter)

Locus
Status

The designed environment
Exogenous, set by the teacher

Indicators Task specification, explicitness of the verification

demand, assessment weighting

Timing  Set at the outset and varied in graded steps
Rolein  Drives the system towards or away from the transition
the model

Collective behavior

Endogenous, emergent from interaction
Observed frequency of verification acts; perceived
descriptive norm; density of verification moves in
classroom discourse

Measured repeatedly thereafter; formation is
lagged

The ordered state whose onset and persistence are
to be explained

Compliance regime

model output treated as authoritative;
verification sporadic and task-bound

Order parameter
classroom verification norm

bistahle
region
—p

requirement raised

& ——=— requirement relaxed

. —
hysteresis: the norm does not -
return along the ascending path _— /
. . L3 . . .
r Critical-verification regime
| verification of generated claims
| becomes a shared classroom norm
| and self-sustains
' __H
T I
downward upward
critical value critical value

Control parameter: teacher-set verification requirement
(task specification, explicitness of the verification demand, assessment weighting)

Figure 2. Schematic representation of the transition between classroom regimes as a function of the teacher-set verification
requirement, with the hysteresis loop followed on partial withdrawal (created by the authors)

world as structurally necessary rather than merely
desirable.

Three clarifications are necessary to prevent the
coupled-system model from being overgeneralized. The
term “synergetic” is used here as a structured analogy
with specific rules of correspondence, in the manner
proposed for concepts of complexity in education
(Koopmans, 2020); no claim is made that classroom
dynamics conform to the equations of laser physics. The
coupled-system model further does not deny that
generative systems contribute to contemporary science
(Binz et al.,, 2025; Krenn et al., 2022). It specifies the
nature of that contribution: the models contribute within
scientific practice, and their outputs are subject to the
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exchange of evidence that the models themselves cannot
perform.

The third clarification concerns what the synergetic
vocabulary adds. That verification behavior is shaped by
shared classroom expectations can be stated without any
reference to synergetic, and three existing accounts state
it well. Research on classroom norms explains how
expectations about legitimate practice regulate
participation, and how such norms are negotiated rather
than imposed (Yackel & Cobb, 1996). Work on
metacognitive scaffolding has shown that structured
prompts raise students’ questioning and verification
during collaboration supported by GenAl (Zhuo & Bai,
2026). The Apt-AIR framework accounts for how



EURASIA ] Math Sci Tech Ed, 2026, 22(10), em2943

learners come to evaluate knowledge claims aptly and
how education can support that capacity (Barzilai &
Chinn, 2024). A recent systematic review reaches a
conclusion consistent with all three, reporting that
epistemic outcomes are governed by pedagogical
design, Al literacy, and assessment practices rather than
by the technology itself (Suazo Galdames et al., 2026).

The framework proposed here does not compete with
these accounts over whether design matters. Its claim
concerns the shape of the relation between design and
collective behavior, and four predictions follow from the
synergetic reading that do not follow from a norm-
based, a scaffolding-based, or an epistemic-cognition
account. As the verification requirement is raised in
graded steps, the classroom norm is expected to change
discontinuously at a critical value rather than
proportionally. Once the transition has occurred, partial
withdrawal of the requirement is not expected to return
the norm to its prior level, so that the system exhibits
hysteresis. Variability and temporal autocorrelation in
verification behavior are expected to increase as the
critical value is approached, as they do near transitions
in other self-organizing systems. The distribution of
classrooms held at intermediate requirement levels is
expected to be bimodal rather than centered, since
intermediate collective states are unstable. A framework
predicting only that verification improves under better
design would add nothing to the accounts above. Two of
these predictions, the discontinuity and the hysteresis,
constitute proposition 5 later; the remaining two are
stated there as auxiliary indicators of the same transition.
Their failure would count against the framework rather
than against the general claim that classroom design
matters.

IMPLICATIONS FOR SCIENCE
EDUCATION

Evidential Accountability and the Place of Practical
Work

The coupled-system model provides a renewed
rationale for practical work. If openness to material
feedback is the boundary condition that keeps the
learning system from closing, then laboratory and field
activities serve as a foundation rather than as
enrichment. An effective teaching pattern follows:
generative output is positioned as a hypothesis and the
material world as the arbiter, so that students obtain a
prediction from the model, conduct the investigation,
and account for any discrepancy. Activities of this kind
turn the distinction between closed and open systems
into a lived one, and they answer the concern that a
fluent description may be conflated with empirical
contact (Tang & Cooper, 2025). Research on the learning
outcomes of laboratory work supplies the empirical
foundation of the pattern (Agustian et al., 2022; Gericke
et al., 2023).

Two qualifications keep this recommendation within
defensible limits. The first concerns the channel. What
the framework requires is evidential accountability to
the material world, and firsthand practical work is the
most direct channel to it rather than the only one;
observational datasets, remotely operated instruments,
citizen science archives, and simulations calibrated
against measurement can sustain the same
accountability where laboratory access is limited. A
blanket claim that practical work is necessary in every
learning arrangement would not survive contact with
the observational sciences discussed before. The second
qualification concerns the weighting of evidence. A
measurement a student has taken personally does not
automatically outrank published evidence of higher
quality, and measurement quality, sample size, and the
conditions of collection belong in the classroom
conversation alongside the provenance of the claim.

Table 4 presents an illustrative sequence built on this
pattern. The example is offered as an illustration of the
design logic rather than as a validated instructional unit.

Argumentation and the Evidential Status of
Generative Output

Argumentation instruction acquires a further
component: the placing of model output within an
epistemic hierarchy. Students can be taught to treat a
generated claim as testimony from an opaque source and
to weigh it against data they have collected themselves,
published sources, and expert consensus. Tang (2024)
has proposed epistemic metacognitive questions for Al-
generated texts, foremost among them how the evidence
can be verified and which explanations have been left
out. Classroom protocols that search for the evidence
implicitly assumed in a coherent paragraph activate the
vigilance the coupled-system model defines as the order
parameter. Recent evidence indicates that the activation
is achievable with explicit support: epistemic criteria and
question prompts together supported middle school
students in appraising explanation quality, checking
source credibility, and reflecting on their own
assumptions while working with generative tools (Han
& Gutierez, 2026). Sperber et al. (2010) noted that
vigilance is socially calibrated, and the classroom is the
setting in which that calibration can be shaped
deliberately.

Assessment and Evaluative Judgement

Assessment regimes are among the most powerful
control parameters available to the teacher. Regimes
rewarding the polished product invite transfer of the
task to the model, whereas regimes measuring the
inquiry process, the documentation of verification, and
the quality of evaluative judgement reward behaviors
the model cannot perform. Gao et al. (2025) reclassified
science assessment along the dimensions of
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Table 4. An illustrative instructional sequence positioning model output as a hypothesis

Element Illustration

Level and topic
Phase 1: elicitation

Lower-secondary physical science; the variables affecting the period of a simple pendulum
Students ask the model which variables affect the period and why, and record the answer

together with the justification offered for it

Phase 2: commitment
would count against it
Phase 3: investigation
spread across trials is recorded

Before any measurement, each group records a written prediction and states what observation

Length, mass, and amplitude are varied systematically; repeated timings are taken and the

Phase 4: confrontation The measured pattern is compared with the model’s answer, and discrepancies are classified as
measurement error, an unstated boundary condition, or an incorrect claim

Phase 5: provenance
evidence is stronger and why
Teacher prompts

Groups locate a published value or dataset, compare it with their own result, and decide which

What evidence would the model have needed in order to know this? Where did our result and

its answer diverge, and which of the two can be checked? What would make our measurement

more trustworthy?
Assessment criteria

The link between claim and evidence; the statement of provenance for each source; the account

given of the discrepancy; the calibration of expressed confidence to the evidence held

multimodality and interactivity and showed that tasks
high on both dimensions resist delegation to Al, which
is the concrete expression of the control parameter
framework in assessment. Bearman and Ajjawi (2023)
argued that working with opaque systems requires
judgement about when and how far to trust them, while
Zhai et al. (2024) reported that unchecked trust can erode
the competencies education seeks to develop. Hence, it
is not surprising to see that early empirical studies report
both productive and corrosive patterns of use; the
difference is thought to lie in the surrounding design,
and a recent systematic review concludes that epistemic
outcomes are governed by pedagogical design, Al
literacy, and assessment practices rather than by the
technology itself (Suazo Galdames et al., 2026). The
language of control parameters makes that design
explicit.

Teacher Education

Control parameters are in the hands of the teacher,
and teacher preparation therefore carries considerable
weight in the proposed model. Garofalo and Farenga
(2025) found that science teachers at the outset of the
generative era expressed cautious optimism while
voicing concerns about knowledge production and
original thought; although expressed in practical terms,
these concerns are epistemological. Jose et al. (2025)
argue that teacher authority may be subjected to
algorithmic comparison, so that teachers may find
themselves defending their own reasoning against
machine output. An instrument for measuring pre-
service teachers’ perceptions is available (Ishmuradova
et al., 2025), these systems have entered science teacher
education across economically diverse countries (Lee et
al., 2026), and competence frameworks specific to
science teaching have appeared (Huwer et al., 2025). The
present analysis suggests that teacher education should
treat the epistemological comparison between science
and GenAl as a distinct component of subject

14 / 21

knowledge, so that teachers can both apply the
distinction between open and closed knowledge systems
and articulate it.

Privacy, Equitable Access, and Teacher Responsibility

Three practical conditions attach to the classroom
applications proposed above.

The first is privacy. Interaction records are evidence
for the verification norm and also a record of what
individual students did not know; retention periods,
access rights, and the level of aggregation require
settlement before any systematic collection begins. The
second is equitable access. Capable systems are
distributed unevenly across devices, subscriptions, and
languages, and reliance on them and the freedom to
decline them are themselves unequally distributed
(Olaniyan et al., 2026). The third is teacher responsibility.
The control parameters described here add design and
monitoring work to an existing workload, and the
framework should not be read as a transfer of
institutional responsibility to the individual teacher. It
should be noted that the present article is conceptual and
involves no participants. The empirical program
outlined in the following section, which would involve
students and interaction records, requires the
corresponding consent and ethical review procedures,
and those requirements should not be conflated with the
status of this study.

RESEARCH AGENDA AND
RECOMMENDATIONS

The framework yields propositions that are open to
empirical test. A framework is tested most severely
where it makes its strongest claim, and Table 5 therefore
maps each component of the coupled-system model onto
the proposition that tests it, together with the level at
which the test is located.
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Table 5. Mapping between the components of the coupled-system model and the propositions

Model component Claim Proposition  Level of analysis

Epistemic authority of Perceived credibility tracks fluency rather than accuracy P1 Individual

fluent output

Materiality as a boundary Positioning output as a hypothesis to be tested yields P2 Individual, within

condition greater gains in understanding the nature of science class

Order parameter The classroom norm constrains individual behavior P3 Class and individual,
beyond individual attitudes multilevel

Mode of engagement, as Dependent and autonomous reliance diverge in their P4 Individual, repeated

shifted by the classroom relation to inquiry engagement, and the classroom measures

norm

Control parameter and

phase transition
hysteresis

verification norm is what moves students between them
Graded change in the teacher-set requirement produces P5
discontinuous change in the classroom norm, with

Class, repeated
measures

Proposition 1: The Authority Effect

The perceived credibility of generated output will
vary with linguistic fluency independently of factual
accuracy, and the effect will be stronger among students
holding naive views of the nature of science. Urban et al.
(2025) have shown that students’ epistemic beliefs and
metacognitive accuracy shape how correct and incorrect
model-generated content is integrated into their own
writing. What remains untested is the independent
manipulation of fluency and accuracy with views of the
nature of science as a moderator, and this is what the
proposition specifies. An experimental vignette design
with a fluency-by-accuracy manipulation and a
moderation analysis is appropriate.

Proposition 2: Materiality

Instructional sequences that position model output as
a hypothesis to be tested empirically will yield greater
gains in understanding the nature of science than
sequences using the model solely as an explanatory
resource, provided that hands-on time is held constant.

Proposition 3: The Order Parameter

Classroom-level verification norms will predict
individual verification behavior beyond individual
attitudes and prior achievement. Where the distribution
of verification acts across students is represented as a
node-link structure, classroom epistemic discourse can
additionally =~ be  modelled through  network
psychometrics.

Proposition 4: The Mode of Engagement

The relation between model use and inquiry
engagement will depend on the mode of reliance rather
than on its frequency. Dependent reliance, in which core
reasoning is delegated, will be negatively related to
inquiry engagement, whereas autonomous reliance, in
which the model is used as a scaffold and the reasoning
is retained by the student, will not. Evidence from
outside science education already points in this direction
(Wang & Zhang, 2026; Zhu et al., 2026), and the present

framework predicts that the classroom verification norm
is what shifts students between the two modes. Mode
and engagement are measured at each wave, and
frequency of use alongside them, so that the two
predictors can be entered into the same multilevel
growth model and the variance explained by mode over
and above frequency can be reported. Latent profile
analysis is appropriate for recovering configurations of
individual use, but it is reported as a secondary and
descriptive analysis rather than as evidence of threshold
behavior.

Proposition 5: The Control Parameter and the Phase
Transition

As the teacher-set verification requirement is raised
in graded steps, the classroom verification norm will
change discontinuously to a critical value rather than
proportionally; and at any given level of the
requirement, the norm will be higher when that level is
reached on a descending path after the transition than
when the same level was passed on the ascending path.

This proposition carries the central claim of the
coupled-system model, and it requires a design that the
preceding propositions do not. Classes are observed
across at least seven waves spanning a baseline phase,
three graded increases in the requirement, a plateau, a
withdrawal phase, and a follow-up, so that the
ascending path is sampled densely enough for a
breakpoint to be estimated rather than assumed. The
outcome is the classroom verification norm as defined
before, measured at each wave. Three competing
functional forms are then fitted to the relation between
requirement and norm and compared through
information criteria: a linear model, a smooth nonlinear
model such as a generalized additive model, and a
segmented model with a freely estimated breakpoint.
Support for the proposition requires that the segmented
model be preferred and that the estimated breakpoint
fall within a narrow interval across classes, allowing for
the variation in class composition that the framework
itself predicts. Hysteresis is tested by comparing
matched requirement levels across the ascending and
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Table 6. Testable propositions derived from the coupled-system model

Proposition Core claim

Suggested design and

Level .
analysis

Key constructs

P1. Authority
effect

The perceived credibility of generated
output varies with linguistic fluency
independently of factual accuracy, and the
effect is stronger among students holding
naive views of the nature of science
Instructional sequences positioning model
output as a hypothesis to be tested yield
greater gains in understanding the nature
of science than sequences relying on
explanation alone, with hands-on time
held constant

P2. Materiality

P3. Order Classroom-level verification norms predict

parameter individual verification behavior beyond
individual attitudes

P4. Mode of The relation between model use and

engagement inquiry engagement depends on the mode
of reliance rather than on its frequency

P5. Control Graded increase in the teacher-set

parameter and
phase transition

verification requirement produces
discontinuous change in the classroom
norm, and the norm is higher at a given
requirement level on the descending than
on the ascending path

Perceived credibility; Individual
linguistic fluency;
views of the nature

Experimental vignette
study; fluency-by-
accuracy manipulation;

of science moderation analysis
Instructional Individual, Quasi-experimental
positioning; within comparison; pre-test and

understanding of the class

nature of science

post-test measures

Verification norm;  Class and Multilevel design;

verification individual network psychometrics of
behavior; epistemic classroom epistemic
vigilance discourse
Dependent reliance; Individual, Repeated measures with
autonomous repeated mode and engagement
reliance; inquiry measures measured at each wave;
engagement latent profile analysis as a
secondary descriptive
analysis
Teacher-set Class, At least seven waves
requirement; repeated including a withdrawal
classroom measures phase and a constant-
verification norm; requirement comparison
hysteresis condition; comparison of

linear, smooth nonlinear,
and segmented models;
breakpoint estimation

descending paths, since a difference between paths at the
same level is what distinguishes hysteresis from the
simple persistence a linear account also predicts. Classes
assigned to a comparison condition in which the
requirement is held constant throughout are needed for
the same reason, so that persistence attributable to the
passage of time can be separated from persistence
attributable to the transition. Rising variance and
temporal autocorrelation near the critical value can be
examined as early-warning indicators, and across
enough classes held at intermediate requirement levels
the framework predicts a bimodal rather than a centered
distribution. A longitudinal label alone does not specify
this test; the number of waves, the withdrawal phase,
and the comparison of functional forms are what render
the threshold claim falsifiable. Table 6 summarizes the
five propositions together with their constructs and their
proposed designs.

Instrumentation

Testing these propositions requires measures that do
not yet exist as a set. A questionnaire based on the five
categories of the FRA has recently been developed and
used in a structural equation model of students’
perceptions of generative-Al-influenced  science
(Cheung & Zhang, 2025). That instrument measures
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perceptions rather than the classroom-level constructs
the present framework requires. What remains to be
developed is a matched set: an observation protocol for
verification acts, a perceived descriptive norm scale at
the classroom level, and a fidelity checklist for the
teacher-set requirement, with evidence of measurement
invariance for cross-cultural comparison. Developing
these instruments is a prerequisite for the program
above rather than a consequence of it.

Limitations

The design is conceptual; the proposed relations have
not been tested but have been formulated so that they
can be. The comparison depends on the architectures
available at the time of writing and will require revision
for systems that acquire the capacity for evidential
interaction. The synergetic concept set has been used as
a structured analogy, and its explanatory power is
limited by the operationalization of order parameter and
threshold within classroom data. The collapse of the
social-institutional dimensions of the FRN into a single
row, noted before, leaves the political economy of model
development outside the analysis. It is not possible to
make a generalization about the explanatory reach of the
framework on conceptual grounds alone. Within these
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limits, the framework is offered as an open starting point
for an empirical program.

CONCLUSION

Text-based conversational systems present science
education with a fluent source of answers that diverges
from science in every category by which the mode of
knowledge production in science is defined. This study
is an attempt to reveal the structure of that divergence
and to propose a constructive approach to teaching in
the light of it. The family resemblance comparison
identifies where the differences lie. The synergetic
reframing accounts for them through a single contrast
between an open system grounded in empirical evidence
and a closed system that reorganizes a fixed body of
knowledge, while the boundary cases keep that contrast
at the level of the system rather than of the individual
act. The coupled-system model translates the contrast
into the language of design. In that model, classroom-
level epistemic vigilance is the order to be established,
the teacher-set verification requirement is the parameter
that establishes it, and evidential accountability to the
material world is the bond that keeps the arrangement
open. The framework is presented as a conceptual
foundation, and its value will be determined by the
empirical program it enables.
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