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Introduction

Generative artificial intelligence (GenAl) is becoming part of teachers” work. In the
Teaching and Learning International Survey (TALIS) 2024, which covered 55 education
systems, more than one in three teachers across OECD countries (36% on average) reported
having used Al in their work, with considerable variation between systems, for example, 14%
in France and 75% in Singapore (OECD, 2025). Survey data from the United States point to
rapid growth: the share of teachers reporting at least some use of Al was 34% in 2023 and 32%
in 2024 and rose to 61% in 2025 (Education Week Research Centre, 2026). These figures come
from different populations, years, and definitions of use, and they mainly describe teachers’
own use of Al. They nevertheless show that the question of teacher competence in the Al era
can no longer be postponed.

The research community has responded quickly. A considerable number of AI-TPACK
and Intelligent-TPACK instruments have been developed or adapted in recent years (Celik,
2023; Karatas & Atacg, 2025; Ning et al., 2024), and most of them are self-report scales. Eyal
(2025) similarly notes that existing assessments of teachers’ Al-related knowledge often
rely on self-reporting questionnaires. The argument of this paper is not that these scales are
unnecessary. It is that the field now needs, with greater urgency, instruments that capture what
teachers actually do with GenAl in classrooms, and that observation-based rubrics are the most
important missing piece of this toolkit.

What Self-Report Scales Contribute and Where They Stop

Self-report scales have legitimate strengths. They are economical, they reach large and
cross-national samples, and they make structural models of teacher knowledge testable. The
Extended GenAI-TPACK framework, on which the present argument builds, itself recommends
developing self-report subscales for its new knowledge domains (Demir et al., 2026). However,
these considerations are necessary for measurement research; they are not sufficient per se.
The TPACK literature shows how the balance between measurement approaches can shift over
time. An early review of TPACK measurement categorized 141 instruments into five types
that were used fairly evenly, with self-report measures and performance assessments the most
frequent (Koehler et al., 2012). A later review of empirical studies found that self-report had
become the most common approach and that performance evaluations of teaching activities
were rare (Willermark, 2018).
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The external validity of self-report is a further concern. A recent meta-analysis found
that self-reported TPACK showed small-to-moderate correlations with teachers’ technology
use, with an overall pooled correlation of .32 and dimension-specific correlations of up to .49;
part of the use measures were themselves based on teachers’ reports (Backfisch et al., 2025).
Studies comparing self-reports with performance-based measures point in the same direction.
In a study of 141 pre-service mathematics teachers, the correlation between self-reported and
test-based technological pedagogical content knowledge was low, r = .24, and was moderated
by the teachers’ metacognitive accuracy (Fabian et al., 2024). What teachers believe they can do
with technology, in other words, explains only part of what they can demonstrate.

There are reasons to expect this gap to matter even more with GenAl, although this
remains a hypothesis to be tested. Familiarity with a chatbot interface may easily be mistaken
for competence in using it pedagogically. A teacher may rate highly their ability to design Al-
supported activities, while the observed lesson shows Al output being presented to students
without verification. A questionnaire administered alone is unlikely to reveal such a discrepancy;
evidence from practice is needed to do so.

Why Classroom Use of Generative AI Requires Evidence from Practice

Mishra et al. (2023) describe GenAl as protean, opaque and unstable, qualities long
attributed to digital technologies in general, and add two qualities that are specific to it: it is
generative, producing new content, and social, interacting with its users. When GenAl enters
the classroom, interaction is no longer limited to teachers and students but becomes a triangle
in which Al can act as an active participant (Demir et al., 2026). Many of the competencies
demanded by this triangle are enacted competencies. Detecting and correcting a hallucinated
answer in front of the class, deciding which part of a task is delegated to Al and which part
remains with the learner, and structuring students’ interaction with Al so that it does not turn into
cognitive offloading and what Fan et al. (2025) term metacognitive laziness are performances
that unfold in time.

The available evidence also indicates that the most demanding forms of classroom Al
use are still uncommon. In a RAND survey of K-12 teachers in the United States covering the
2023-2024 school year, one quarter of English language arts, mathematics and science teachers
used Al tools for educational planning or teaching; among them, 64% used Al only for planning,
and only 36% introduced Al tools to their students at all (Kaufman et al., 2025). A systematic
review of 169 studies (2009-2024) on Al teaching methodologies in K-12 and higher education
classified 45.56% of implementations as substitutions of human functions and only 4.73% as
genuine human-Al partnership (Elsayed et al., 2026). Cukurova et al. (2026), who describe
five levels of teacher-Al teaming ranging from transactional to synergistic, found no empirical
example of the synergistic level in the teacher-facing studies they reviewed. Classroom use of
GenAl with students is therefore at an early stage, and this is precisely the moment at which
instruments for observing it should be built, before practices settle and before policy decisions
rely on perceptions alone.

Why Observation-Based Rubrics Are Needed

Observation rubrics have a track record in TPACK research. The TPACK-based
observation instrument of Hofer et al. (2011) reported an intraclass correlation of .80 for the
total score in a small sample of recorded lessons, and the EnTPACK rubric brought lesson
planning, implementation, and reflection together in a single instrument (Aumann et al., 2023).
Performance-based measures using vignettes and the evaluation of lesson plans have also been
developed (Backfisch et al., 2025). An equivalent for the classroom use of GenAl is still missing.
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To the authors’ knowledge, the only performance-based AI-TPACK instrument published
to date scores written instructional artifacts produced by teacher educators rather than classroom
practice, and its author recommends adding classroom observations (Eyal, 2025).

Rubrics for the classroom use of GenAl need to differ from earlier TPACK rubrics in
several respects. First, they need observable indicators for competencies that have no counterpart
in classical TPACK, such as verifying Al output with students, dividing roles between teacher
and Al, managing students’ interaction with Al and protecting students’ data. Second, they need
to judge the appropriateness of a decision rather than the amount of Al used. A teacher who
decides not to use Al in a given lesson for sound pedagogical reasons should not be penalized.
Third, because the reasons behind a decision cannot be observed directly, classroom evidence
needs to be combined with lesson plans and teachers’ post-lesson reflections. International
frameworks can support the description of performance levels; the Al competency framework
for teachers, for instance, organizes fifteen competencies into three progression levels and is
intended, among other purposes, to inform the design of assessment (Miao & Cukurova, 2024).

Frameworks that treat Al as an actor in the classroom can complement such rubrics by
describing the structure of a lesson. The Hughes Levels x Co-Agency matrix proposed within
the Extended GenAI-TPACK framework (Demir et al., 2026) is one such proposal: lessons
or lesson segments are coded according to the depth of change in classroom routines and
according to whether Al acts directly within the classroom. The matrix has not yet been validated
empirically, and its authors describe the binary Co-Agency axis as a conceptual simplification.
It is therefore best used as a descriptive profile of Al use, not as a quality score, and alternative
coding schemes such as the five teaming levels of Cukurova et al. (2026) deserve to be tested
alongside it. Higher cells on such a matrix do not indicate better teaching; appropriateness has
to be judged separately.

A Complementary Measurement Design

Self-report scales and classroom rubrics answer different questions and should be
designed to support each other. Scales describe perceived competence across large and diverse
samples and allow cross-cultural comparison. Classroom rubrics provide evidence of enacted
competence in particular lessons. Lesson plans and scenario-based situational judgment tasks
occupy an intermediate position: they capture planning and professional judgment, which
Demir et al. (2026) suggest may be better assessed with scenario-based tasks than with Likert-
type items, but they do not by themselves show what happens in the classroom. Each instrument
should therefore be linked explicitly to the inference it is meant to support.

Within such a design, the relation between scale and rubric scores becomes an object
of study rather than a validity criterion. Because perceived and enacted competence are
expected to differ, only modest correspondence between the two should be anticipated, and
the expected pattern of convergent and discriminant relations needs to be specified in advance
as part of an argument-based validation. Rubric scores, in turn, bring the obligations of rater-
mediated assessment: rater training, anchor exemplars, and analyses that model rater severity,
such as many-facet Rasch measurement for rating scales, together with agreement indices for
categorical codes such as matrix cells. Generalizability studies that treat lessons as a facet are
needed to show how many lessons and raters a dependable judgment requires. Since classroom
use of GenAl is still occasional, the sampling of lessons also needs careful planning, as a
randomly chosen lesson may contain no Al use at all.
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Two Cautions

A shift towards observation-based assessment carries two risks that need to be named.
The first is technocentrism. A rubric that rewards the amount or sophistication of Al use would
penalize the teacher who decides, for sound pedagogical reasons, not to use Al in a given lesson,
and would repeat the long-standing tendency to equate more technology with better teaching.
The second risk concerns ethics and feasibility. Video recording in classrooms involves minors,
data protection, and institutional permissions; prompt histories may also contain personal
data; and observation is costly in time. Data protection rules and available resources differ
considerably between countries. These constraints are real, but they are an argument for careful
design and shared instruments rather than for relying on perceptions alone.

Summing-up

GenAl is changing teachers’ work faster than the field is changing the way it measures
teachers’ competence. Self-report scales inherited from the TPACK tradition will remain
useful, and the development of comprehensive scales is part of the same agenda. If research
relies on them alone, however, it is likely to describe teachers’ perceptions of Al integration in
increasing detail while saying comparatively little about the practice of integration. This paper
is an attempt to draw attention to the need for observation-based, practice-oriented rubrics that
can stand alongside these scales.

A research agenda follows from this argument. Observable indicators for Al-specific
competencies need to be defined and subjected to expert review; rubrics need to be calibrated
with anchor lessons and rater training; their reliability needs to be examined with rater-mediated
psychometric models and generalizability studies; their relations with self-report scales, lesson
plans and scenario-based tasks need to be investigated; and their functioning needs to be
compared across pre-service and in-service teachers and across countries. It is recommended
that journals welcome studies that combine self-report with observational, artifact-based,
and scenario-based evidence; that teacher education programs assess pre-service teachers’ Al
integration in microteaching and practicum settings; and that researchers openly share validated
rubrics for classroom use of GenAl.
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