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Abstract. Generative Artificial Intelligence (GenAI) has brought the issue of teacher digital competence into
focus again, although it is possible to see that most of the frameworks list the skills and do not make any
distinction between the tasks of teaching where AI applications are used. The research was based on six
platforms provided to determine the expressions of five capabilities in which teachers were able to perform
tasks. There were 12,861 records included in the analytic sample and they came from 300 source URLs. The
highest capability expressions were efficiency (41.87%) and content development (34.76%). Positive
associations of all five task areas were found in pedagogical assistance; the greatest estimates were made with
classroom enactment and professional learning. Task-replacement language was less represented in classroom
enactment and professional learning after multiplicity adjustment. The results confirm the competence model,
which is task sensitive and is based on assessment of capability, orchestration of instruction, the verification of
evaluation, mediation of the learner and inquiry of the profession. The corpus explains the expectations of
discourse instead of the competence of teachers or effects of their instruction.

Keywords: generative artificial intelligence, teacher digital competence, instructional orchestration,
professional agency, social media discourse

1. Introduction
General-purpose language models, the institutional licensing of AI, its use in courses and informal
experimentation have all led to the introduction of generative artificial intelligence in education. The
competence of teachers is now being offered as a pre-requisite to the educational process of purposeful use
instead of being an additional part of the technical provision [1, 2]. The UNESCO approach of recent times
has found AI competencies within human-centred agency, ethics, pedagogy, and professional growth. Digital
resources are also related with teaching, assessment, learner support, and continuing learning by educators in
the same way as DigCompEdu [3, 4]. These paradigms have taken the debate further than the mere utilization
of the tools but there remains the need to give an empirical explanation of how the roles of the AI functions are
being added on the tasks that the teacher does.
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It has been recognized that teacher digital competence is a professional capability. It is based on the
situation. The teacher digital competency of Falloon integrates both technical, pedagogical, personal and
professional aspects [5]. There are also findings in the literature on teacher education to indicate that
competence can be developed as part of programme integration, organisational learning, and technological use
within the discipline [6, 7]. TPACK is an enduring description of the interrelationship between technology,
teaching and content [8], and Intelligent-TPACK incorporates the teachers moral judgment on the AI decisions
made by them [9]. In addition to the researches into AI applied to teachers, there have been systematic studies
of practice in the planning, implementation, evaluation, and involvement in the system development [10].
These reports imply that the effective model of competence must identify the role played by AI and the
situations where the teacher would make judgments.

The other required strand is AI literacy research. Long and Magerko explain competencies in recognising,
utilisation and critical evaluation of AI systems [11], whereas Ng et al. structure the concept of AI literacy
around understanding, application, evaluation, creation, and ethics [12]. Hybrid human-AI scholarship puts
these abilities into a system of joint monitoring and control [13]. The study of professional agency introduces a
time and contextual aspect: teachers rely on previous experience, orient their work toward educational aims,
and operate under material and institutional circumstances [14, 15]. The key issue, hence, is alignment. An
instructor has to evaluate a competency, locate it in an instructional process, confirm the outcome evidence,
facilitate its application with learners and adjust practice by means of professional inquiry.

The majority of empirical researches are based on the measurement of attitudes, self-perceived
preparedness or local implementation. The benefits and the drawbacks of the GenAI literature also cover
policy issues and uneven quality in methodology [16-19]. The studies on artificial intelligence in learning have
been numerous to suggest that the attention should be paid to the teachers, their role in teaching, as well as
human accountability [20, 21]. There is another type of evidence that is the public educational discourse. It
does not evaluate competence but it will register the salience of AI tasks with specific teaching activities. That
semantic organisation can be analyzed with care and can indicate a discursive demand pattern which can be
later tested by teacher-development programs using performance tests and classroom experiments.

Figure 1. Analytical pathway from public educational discourse to a task-sensitive interpretation of teacher
digital competence
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The current research focuses on a multi-platform corpus at the source-URL clusters level. Figure 1 is a
summary of the analytical path. The paper poses three questions: (RQ1) How are five expressions of AI
capabilities spread across teacher-addressable task domains? (RQ2) What capability expressions have task-
specific associations that persist even when platform, explicit teacher and AI markers, text length, and URL
clustering are adjusted? (RQ3) Which competence architecture can be developed based on these associations
without considering discourse as an indicator of teachers actual performance?

2. Materials and methods

2.1. Study design and corpus
The project team provided a combined workbook described as compiled from publicly available pages at
Bilibili, Douyin, Kuaishou, Weibo, Xiaohongshu and Zhihu. No new web collection was undertaken by the
present study, and no contact was made with platform users. The workbook contained 35,500 substantive
records after 12 duplicate header rows were discarded. A main corpus of 32,500 records was distinguished
from 3,000 records which had been enriched for risk language in an earlier project workflow through
deliberate means. The latter records were excluded since the present analysis concerns teachers tasks and AI
capability expressions, not the composition of risk discourse.

The analytic sample had a record that was added when there was at least one teacher-related task term in
the recorded educational context field, as well as an AI capability term in the recorded functional field. It
resulted in 12,861 entries into all the 300 URLs. There was no full machine-readable acquisition log within the
project workbook that would allow the independent recreation of all the steps of collection. Platform labels,
URLs, and keyword fields are thus considered as corpus metadata; it does not give an estimate of the
prevalence of platforms by users, change over time or opinion of the general population [22, 23].

2.2. Task and capability construction
There were five expressions of capabilities: resource efficiency, content development, automation of
processes, pedagogical help and replacement of tasks. The English glosses that have been used to document
each category are reported in the supplementary material. All the indicators were binary and non-exclusive,
since a record may be having more than one task or capability. The explicit teacher marker in the analytic file
was also noted in the case when the text included the standard Chinese words of the teacher, and the explicit
AI marker in the A-category field of the workbook. The supplied text was measured as the number of
characters. These variables were incorporated into the model to isolate the task capability correlation with the
mere difference between the naming of an actor by name, naming of the AI by name, and length of the record.

2.3. Statistical analysis
The paper has been estimated with five binary logistic Generalized Estimating Equation (GEE) models, which
were the same as each of the expressions of capability. The clustering unit was the source URL, since it is
possible to have a number of records on the same page. All the models had an exchangeable working
correlation and robust standard errors [24]. Bilibili was the platform reference category. Five task indicators,
five platforms, the explicit teacher marker, the explicit AI marker and standardized text length were in the
model:
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 in Equation (1) is the expression of capability  , which is record   of source URL  ;   represents the five
task measures;    indicates the non-reference platform measures;    and    are the explicit teacher and AI
signs; and   stands for the standard length of the text. The findings were presented with adjusted Odds Ratio
(ORs), 95% Confidence Intervals (CIs), as well as joint Wald tests. There was a Benjamini-Hochberg
correction on the   values of the 25 tasks-coefficient. Additional analysis included an independent working
correlation, uniform weighting of URLs, mutually exclusive one-task subset, leave-one-platform-out refits,
pedagogical assistance and replacement of the task.

2.4. Data protection
The analytic workbook had no usernames, account identifiers, private messages, geolocation or profile
attributes. The paper does not reproduce any verbatim post and it does not distribute raw text. These decisions
are based on data minimization, purpose limitation, de-identification, non-reidentification, and contextual
integrity principles that are formulated in internet-research guidance [25-27]. The handling protocol was
developed with regard to the Personal Information Protection Law and Data Security Law of the People
Republic of China and general principles of GDPR [28-30].

3. Results

3.1. Analytic corpus and semantic distribution
The total number of records in the analytic sample was 12,861. Bilibili contributed 2,878 records, Douyin
2,554, Kuaishou 1,995, Weibo 868, Xiaohongshu 2,200, and Zhihu 2,366. The mean text length was 66.23
characters (SD = 23.77). An explicit teacher marker appeared in 6,895 records, and the workbook's explicit AI
marker appeared in 6,211 records. Most records contained one task domain (  = 11,319); 1,497 contained two
domains, and 45 contained three. Capability overlap was more common: 8,861 records contained one
capability, 3,419 contained two, 548 contained three, and 33 contained four.

Table 1. Distribution of teacher-addressable task domains and AI capability expressions

Category Records,  Record-weighted, % URL-balanced, %
Task domains

Instructional planning and resource design 3,048 23.70 24.38
Classroom enactment and interaction 3,368 26.19 25.92

Assessment and feedback 4,263 33.15 32.64
Learner explanation and tutoring 2,334 18.15 18.12
Professional learning and inquiry 1,435 11.16 11.80

AI capability expressions
Resource efficiency 5,385 41.87 40.51

Content development 4,471 34.76 35.17
Process automation 2,272 17.67 17.37

Pedagogical assistance 3,323 25.84 25.16
Task replacement 2,024 15.74 15.66

It is seen in Table 1 that the most common task area was assessment and feedback (33.15%). The highest
capability expressions were resource efficiency (41.87) and content development (34.76). Percentages of
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URLs, which were equal to the percentages of records, came after the record-weighted ones, meaning that no
group of high volume URLs could have been responsible for the rank order. These numbers are an explanation
of the analytic corpus.

3.2. Adjusted task–capability associations
The joint task test was significant for resource efficiency,  (5) = 13.32,   = .021, although no individual task
coefficient remained reliable after multiplicity adjustment. The joint test for content development approached
conventional significance,  (5) = 10.51,   = .062. Classroom enactment was associated with less content-
development language (OR = 0.83, 95% CI [0.73, 0.94],   = .008). Process automation showed no overall task
differentiation,  (5) = 5.90,   = .316. These results place efficiency, content development, and automation
mainly within a general productivity layer rather than a sharply segmented task structure.

Pedagogical assistance showed the clearest task pattern,  (5) = 91.81,    < .001. Every task domain
retained a positive association after multiplicity adjustment. Classroom enactment produced the largest
estimate (OR = 1.93, 95% CI [1.67, 2.24]), followed by professional learning (OR = 1.82, 95% CI [1.47,
2.26]), planning (OR = 1.76, 95% CI [1.54, 2.02]), tutoring (OR = 1.62, 95% CI [1.36, 1.94]), and assessment
(OR = 1.61, 95% CI [1.39, 1.85]). The discourse thus connected assistance with the full span of teacher-
addressable work rather than with a single routine.

Task-replacement language was also different in the task,  (5) = 13.53,   = .019. Classroom enactment
was negatively associated with replacement (OR = 0.79, 95% CI [0.66, 0.94],    = .026), and professional
learning showed the strongest negative association (OR = 0.70, 95% CI [0.57, 0.86],   = .002). The assessment
coefficient was negative at the unadjusted level (OR = 0.82, 95% CI [0.68, 0.99],   = .037) but did not survive
the 25-test adjustment (  = .103). Table 2 gives all the coefficients of the tasks.

Table 2. Adjusted task associations with AI capability expressions

Task domain
Resource
efficiency

Content
development

Process
automation

Pedagogical
assistance

Task
replacement

Planning and resource
design

0.99
[0.88, 1.13]

0.89
[0.77, 1.02]

1.00
[0.81, 1.23]

1.76
[1.54, 2.02]

0.84
[0.71, 1.00]

Classroom enactment
0.96

[0.85, 1.08]
0.83

[0.73, 0.93]
1.00

[0.84, 1.20]
1.93

[1.67, 2.24]
0.79

[0.66, 0.94]
Assessment and

feedback
1.08

[0.95, 1.23]
0.88

[0.77, 1.01]
1.02

[0.84, 1.23]
1.61

[1.39, 1.85]
0.82

[0.68, 0.99]

Explanation and tutoring
1.08

[0.94, 1.23]
0.94

[0.82, 1.08]
0.86

[0.71, 1.04]
1.62

[1.36, 1.94]
0.85

[0.70, 1.02]

Professional learning
0.90

[0.76, 1.07]
0.92

[0.79, 1.07]
1.01

[0.85, 1.22]
1.82

[1.47, 2.26]
0.70

[0.57, 0.86]

Note. The ORs are adjusted by the cells and the 95% CI is reported. Platform, five task indicators, explicit teacher and AI signs,
as well as standardized text length; the standard errors of all models are clustered by source URL. Bold entries have Benjamini–
Hochberg   < 0.05 across the 25 task coefficients. OR > 1 indicates greater representation of the capability expression within the
task domain.

3.3. Sensitivity analysis
All the five exchangeable GEE models were found to have close working correlations, which were estimated
at 0.0041 or less in absolute value. Re-estimation with an independent working correlation changed task ORs
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by less than 0.007. Equal URL weighting preserved the ordering of the task and capability distributions shown
in Table 1. In leave-one-platform-out models, all five pedagogical-assistance estimates remained above 1.0,
with OR ranges of 1.55–1.99 for planning, 1.68–2.27 for classroom enactment, 1.43–1.83 for assessment,
1.42–1.82 for tutoring, and 1.25–2.18 for professional learning. The negative association between professional
learning and replacement remained below 1.0 in every platform omission (OR range = 0.67–0.75).

4. Discussion

4.1. A generic productivity layer
The corpus focused on resource efficiency and content development, yet the modified models did not find
much stable differentiation of these abilities in teacher work. This outcome is significant since competence
frameworks may be too detailed with each tool feature being mapped to a different skill. The current data
indicate that there exists a general productivity layer: teachers must determine whether a system can minimize
routine preparation, change material or automate a process without presupposing that such functions have a
fixed pedagogical meaning. The learning worth of an outline created, translated, batch processed or
summarized will rely on the objective of the lesson, the disciplinary level and the proof that educators demand
of students. Capability appraisal precedes tool operation therefore.

4.2. Assistance as a cross-task pedagogical relation
All teacher-addressable tasks had a positive correlation with pedagogical assistance. The trend was most
evident in classroom enactment and professional learning, which are two areas that require interpretation,
responsiveness and reflection. An assistance expression may be an aid to a lesson plan, explanation, feedback
or inquiry but each application needs a teacher to place the system in an educational activity as it unfolds. The
result is in line with hybrid human-AI explanations that maintain professional monitoring and control [13] and
teacher-AI studies where teachers have planning, implementation, assessment, and system-evaluation
functions [10]. Instructional orchestration (the ability of the teacher to define an educational purpose, select a
suitable AI function, establish conditions of use, and update the activity when the output is not satisfactory)
should therefore be evaluated in a competence programme.

4.3. Professional judgment and replacement language
The fact that replacement language is less represented in classroom enactment and professional learning means
that public educational discourse can differentiate some teacher work with easily replaceable routines. The
teaching of the classroom involves situated explanation, social coordination and interpretation of learner
responses in real time. Teachers need to look at practice, talk about evidence and change shared norms as part
of professional learning. These activities are based on professional agency which is attained by combining
personal capacity and cultural, material and institutional conditions [14, 15]. This outcome does not confirm
that AI will not be able to do parts of these tasks. It demonstrates that the corpus was more likely to depict AI
as an aid rather than a total substitute when the task involved context-sensitive judgment.

The finding also explains the role of evaluative verification. Plausible output cannot be treated as sufficient
educational evidence by teachers. They have to verify factual adequacy, disciplinary quality, provenance,
attribution and the relationship between a generated product and a learners own work. Current GenAI research
repeatedly identifies unreliable output, overreliance, integrity concerns, and policy inconsistency [16-19, 23].
Verification therefore belongs inside instructional design rather than after it. A teacher who can operate a
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model but cannot establish evidence conditions has technical fluency without adequate professional
competence.

4.4. A task-sensitive competence architecture
Figure 2 and Table 3 combine the empirical pattern with the established competence and agency literature.
There are five interrelated fields in the architecture. Capability appraisal is related to the choice and critical
questioning of AI functions. Instructional orchestration deals with the integration of these functions with goals,
order, involvement and discipline. Evaluative verification relates to the quality and attribution of outputs and
learning evidence. Mediation that involves learners is concerned with explanation, feedback, prompting and
self-regulation. Professional inquiry involves collective review, adaptation and further development of shared
practice. The entire sequence was based on task capability alignment and context sensitive professional
agency.

Figure 2. Task-sensitive competence architecture derived from the empirical associations and established
teacher-competence scholarship. The figure is a conceptual synthesis, not a validated measurement scale

Table 3. Empirically grounded domains for teacher development and assessment

Competence
domain

Empirical anchor Teacher capability
Observable evidence in

development

Capability
appraisal

Efficiency and content
development dominated across
tasks.

Compares functions, limitations, data
conditions, and disciplinary fit before
use.

Tool-comparison rationale
and documented error
audit.

Instructional
orchestration

Assistance was positively
associated with all five tasks.

Positions AI within objectives,
sequence, roles, interaction, and
contingency plans.

AI-explicit lesson design
and microteaching
enactment.
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Evaluative
verification

Replacement was less
represented in classroom and
professional learning.

Checks accuracy, provenance,
attribution, process evidence, and
learner authorship.

Annotated verification log
and revised assessment
rubric.

Learner-facing
mediation

Assistance was associated with
tutoring and classroom work.

Guides prompting, explanation,
feedback interpretation, and learner
self-regulation.

Observed feedback
conference or tutoring
simulation.

Professional
inquiry

Professional learning combined
high assistance with low
replacement.

Uses AI-supported evidence while
retaining collective review and
professional responsibility.

Peer-reviewed inquiry
memo and updated shared
protocol.

The design has practical consequences to faculty development. Workshops that are based on product
features or prompt recipes should not be organised by institutions. A more robust design would employ real
teaching tasks, ask the participants to explain why task-capability alignment is appropriate, analyze the output
produced using disciplinary standards and practice learner-facing mediation. Artefact review, observation and
reflective explanation must be integrated in assessment instead of self-reported confidence. The same method
can assist teachers to convert workplace practices into assessable learning activities in industry-linked and
applied curricula. There is no direct measure of enterprise participation in the current corpus though, therefore,
such application needs evidence provided independently by teachers, students and industry.

5. Conclusion
The analysis found a stable difference in multi-platform educational discourse. Efficiency, content
development and automation were a widely distributed productivity layer while pedagogical support was
appended to every teacher addressable task. Replacement language was less visible in classroom enactment
and professional learning where the work of education is very much dependent on situated judgment and
reflective practice. These results inform a task-sensitive explanation of teacher digital competence that links
capability appraisal, instructional orchestration, evaluative verification, learner-facing mediation, and
professional inquiry. The suggested architecture does not regard discourse as proof of achieved competence. It
provides an arguable framework of future instrument creation, faculty education, and classroom validation.
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