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Abstract

The Collaborative Quality Improvement Program for Teacher Education in China, launched by the Ministry of Education in
2022, relies primarily on cross-institutional mentoring, a mechanism that is often constrained by geographical distance and
insufficient individualized guidance, as well as a lack of systematic effectiveness evaluation. Focusing on Al-empowered “cloud
mentoring”, this paper constructs a triadic synergy paradigm (expert teacher, Al system, and novice teacher) that reengineers
cross-institutional mentoring into four data-driven phases: diagnosis, matching, mentoring, and reflection. To evaluate the
effectiveness of this model, a quasi-experimental mixed-methods design with 23 mentoring pairs (12 in the experimental group
and 11 in the control group, supported by 10 expert mentors) was employed over an 18-week intervention period. Data were
collected through multimodal classroom video analysis, TPACK scale assessments, and coding of mentoring dialogue
transcripts. The results demonstrate that the Al-enhanced model significantly improved novice teachers’ classroom effectiveness
overall (F = 5.43, p = 0.029, n’p = 0.21) and deepened mentoring discourse quality, with higher-order cognitive engagement
rising from 41.3% in the control group to 62.4% in the experimental group. Technological knowledge (TK) also showed
significant improvement (F = 5.89, p = 0.023), teachers perceived the Al tools as useful (PUM = 4.31) but raised legitimate
concerns regarding data privacy and algorithmic transparency. The study contributes a triadic synergy theoretical model that
extends teacher professional development research and provides a scalable, empirically grounded blueprint for high-quality
cross-institutional mentoring, while also discussing critical tensions between technological empowerment and humanistic care
that must be managed for ethical implementation.

Keywords

Teacher Education Collaboration, Al-empowered Mentoring, Cross-institutional Mentoring, Intelligent Tutoring Systems,
Effectiveness Evaluation

1. Introduction

Teachers are the primary resource for educational develop- Collaborative Quality Improvement Program for Teacher Ed-
ment. In 2022, China’s Ministry of Education launched the ucation, aiming to raise teacher education standards through
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cluster-based assistance from high-level normal universities to
less-developed ones [1]. Personnel exchange, particularly
cross-institutional mentoring, has become the core implemen-
tation pathway. However, a survey of 387 participating teach-
ers in 2024 revealed three structural dilemmas: 62.3% re-
ported insufficient interaction due to spatial-temporal separa-
tion; 55.7% cited a lack of precise diagnosis of mentees’ needs;
and 48.9% noted the absence of systematic documentation for
effectiveness evaluation [2]. These findings expose the funda-
mental challenge: traditional cross-institutional mentoring,
constrained by geography and reliant on subjective experien-
tial judgment, struggles to achieve precision, depth, and ac-
countability.

Concurrently, artificial intelligence (Al) technologies are
maturing rapidly. Natural language processing now enables
automated analysis of classroom discourse; computer vision
captures non-verbal teaching behaviors; and learning analyt-
ics allows fine-grained modeling of teacher development tra-
jectories [3, 4]. These advances offer transformative potential
for overcoming the limitations of conventional mentoring.
This study therefore explores how Al can be deeply embedded
in the cross-institutional mentoring process to realize model
innovation and enhanced effectiveness. Three questions guide
this inquiry: 1) What new form should Al-empowered cross-
institutional mentoring take? 2) Can it effectively improve nov-
ice teachers’ competencies, and through what mechanisms? (3)
What challenges arise in practical application, and how can
routine implementation be ensured?

2. Literature Review

2.1. Teacher Mentoring and Professional
Learning

Teacher mentoring, as one of the most enduring support
models in professional development, has been consistently
shown to enhance self-efficacy, instructional quality, and reten-
tion [5, 6]. Its effectiveness, however, hinges on high-frequency
interaction, diagnostic precision, and relational trust-conditions
severely tested in cross-institutional contexts. A meta-analysis
of distance mentoring programs found that only 34% of purely
online pairs maintained substantive exchanges more than twice
a month, compared with 78% for same-institution pairs [7]. Be-
yond reduced frequency, cross-institutional mentors often lack
sufficient knowledge of the mentee’s teaching context, student
demographics, and institutional culture, which diminishes the
relevance and specificity of their guidance [8]. These limita-
tions highlight the difficulty of transplanting traditional mentor-
ing models directly into remote, inter-institutional settings with-
out substantial adaptation.

Early attempts to address these challenges leveraged infor-
mation and communication technologies (ICT), such as video
conferencing and online forums, to facilitate remote commu-
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nication. These technology-assisted models partially allevi-
ated temporal and spatial constraints, yet they largely posi-
tioned technology as a mere communication conduit [9]. The
core cognitive processes of mentoring—observation, diagno-
sis, feedback, and reflection—remained essentially un-
changed, with limited gains in the depth of professional learn-
ing [10]. Researchers have thus called for more transformative
integration of technology that can directly augment the intel-
lectual work of mentoring rather than simply mediating inter-
action [11].

The theoretical foundations of effective mentoring are
deeply rooted in the nature of teacher professional learning.
Reflective practice, as articulated by Schén [12], emphasizes
the importance of moving beyond technical rationality to en-
gage in reflection-in-action and reflection-on-action. For nov-
ice teachers, this reflective capacity is best developed through
sustained dialogue with more experienced others who can
make tacit knowledge explicit. Korthagen [13] extended this
perspective by proposing a multi-level model of reflection that
spans environment, behavior, competencies, beliefs, identity,
and mission. Similarly, sociocultural theories of learning em-
phasize that professional growth occurs through mediated ac-
tivity and dialogic interaction within communities of practice
[14, 15]. In mentoring, the quality of dialogue—particularly
the extent to which it moves from information exchange to-
ward critical co-construction is a key determinant of learning
outcomes [16]. These perspectives suggest that effective men-
toring must not only transmit knowledge but also scaffold
higher-order thinking and reflective capacity, a requirement
that places considerable demands on mentors’ diagnostic and
dialogic skills.

2.2. Feedback and Reflection in Mentoring

A critical function of mentoring is the provision of feedback
that enables mentees to close the gap between current and de-
sired performance. Hattie and Timperley’s [17] synthesis of
feedback research identifies three key questions that effective
feedback must address: Where am | going? How am | going?
Where to next? For feedback to be effective, it must be spe-
cific, timely, and focused on the task rather than the person.
However, in traditional cross- institutional mentoring, feed-
back often suffers from being too general, too delayed, and
insufficiently grounded in concrete evidence from the
mentee’s actual teaching. When mentors rely solely on
memory and general impressions formed during a classroom
observation, their feedback tends toward vague exhortations
rather than actionable, evidence- based guidance.

The role of reflection in transforming feedback into profes-
sional learning cannot be overstated. Meaningful reflection in-
volves not merely recalling what happened in a lesson, but
critically examining the assumptions, values, and reasoning
that underpin pedagogical decisions [18]. Yet, novice teachers
often lack the meta-cognitive frameworks and observational
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acuity to reflect deeply on their own practice without struc-
tured support. Video-based reflection has been shown to be
more powerful than memory-based reflection, as it allows
teachers to observe their own teaching from an external per-
spective [19]. Al-enhanced video analysis can potentially am-
plify this benefit by automatically identifying critical mo-
ments that teachers might otherwise overlook, thus scaffold-
ing the development of more nuanced professional vision.

2.3. Al Applications in Teacher Education

Recent years have witnessed a paradigm shift in Al appli-
cations within teacher education, moving from auxiliary tools
toward cognitive partners [3]. Three directions are particularly
relevant. First, Al-driven classroom analysis leverages speech
recognition, natural language processing, and computer vision
to automatically identify discourse structures (e.g., IRE se-
quences), question types, and student engagement distribu-
tions, enabling scalable, objective instructional diagnosis [20,
21]. Second, intelligent tutoring systems (ITS) for teacher
learning simulate expert cognitive processes to generate per-
sonalized feedback based on teaching behavior data and to
recommend targeted learning resources; while effective for
skill acquisition, ITS faces limitations in handling complex
pedagogical decisions and providing emotional support [22].
Third, learning analytics integrates multi-source data to con-
struct multidimensional teacher development profiles, making
growth trajectories visible and actionable [23, 24].

A particularly promising but underexplored area is the use
of Al to support teacher reflection. Existing research on video-
based teacher reflection has demonstrated that structured
viewing protocols and guided noticing frame- works can en-
hance the quality of reflection [25]. Al technologies can auto-
mate aspects of this scaffolding by highlighting pedagogically
significant moments, generating descriptive statistics about
instructional patterns, and posing reflective questions based
on observed data. This capacity positions Al as not merely an
analytical tool but as a potential “reflection partner” that can

prompt deeper engage- ment with the complexities of teaching.

However, the design of such Al-mediated reflection must
carefully balance automation with teacher agency, ensuring
that the technology supports rather than supplants teachers’
own meaning-making processes [26].

To realize this potential, however, it is necessary to examine
how Al-enhanced video analysis concretely outperforms con-
ventional video-based approaches in facilitating accurate
teacher reflection. A critical advantage lies in its capacity to
mitigate behavioral biases that commonly compromise
teacher reflection—namely, selective attention, confirmation
bias, and retrospective reconstruction [25]. Whereas conven-
tional video analysis leaves these biases largely unchecked, as
it relies on manual judgment and the viewer's existing profes-
sional vision [19], Al counteracts them through systematic,
data-driven, and timestamped analytical capabilities that flag
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critical moments, provide neutral evidence, and anchor dis-
cussion to observable classroom events. In this way, Al-en-
hanced video analysis not only automates data extraction but
also introduces an objective analytical perspective that aug-
ments human perception [26].

2.4. Ethical and Critical Perspectives

Alongside technological advances, a growing body of liter-
ature has begun to examine the ethical and practical chal-
lenges of Al in education. Concerns have been raised about
algorithmic bias, data privacy, and the potential deprofession-
alization of teaching when Al systems are deployed without
adequate human oversight [27, 28]. Selwyn [26] cautions
against technological solutionism, arguing that Al should be
understood not as a neutral tool but as a socio-technical system
that reshapes power relations and professional identities.
Holmes et al. [29] similarly emphasize the need for human-
centered Al that augments rather than replaces teacher agency.
These critical perspectives are essential for ensuring that Al-
empowered mentoring models remain aligned with the core
values of teacher professionalism.

Despite these advances, two notable gaps persist. First,
there is a disconnect between technology demonstration and
theoretical grounding: many studies showcase the technical
feasibility of Al tools without adequately explaining why they
work from the perspective of teacher learning mechanisms
[26]. Second, a dichotomous mindset prevails that positions
Al as a replacement for, rather than an augmentation of, hu-
man mentors, leaving the potential of “human—human—ma-
chine” triadic synergy largely unexplored [29]. This study en-
ters precisely at these gaps, constructing a triadic synergy
model that reconceptualizes the relationship among expert
teacher, Al system, and novice teacher, and empirically eval-
uating its effectiveness.

3. The Triadic Synergy Model

3.1. Triadic Synergy Architecture

Traditional mentoring operates through expert-driven dy-
adic actuation, with the mentor as the exclusive knowledge
source. The introduction of Al enables a triadic synergy ar-
chitecture in which three actors assume differentiated and
complementary roles [30]. The expert teacher serves as the
“wisdom core,” providing context-sensitive pedagogical in-
sight, value judgment, and emotional support—capabilities
that Al cannot replicate. The Al system functions as the
“data engine,” undertaking multimodal data collection, auto-
mated analysis, and personalized resource recommendation,
thereby freeing the mentor from repetitive observational la-
bor to concentrate on higher-order guidance [31]. The novice
teacher becomes an “active constructor”, empowered to in-
dependently retrieve diagnostic data, compare it against per-
sonal perceptions, and engage in reflective dialogue under
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the mentor’s guidance.

The operational logic follows a closed loop: Al continu-
ously collects and analyzes the mentee’s teaching behavior
data to generate a precise diagnostic profile; the mentor inter-
prets the Al diagnosis through the lens of professional judg-
ment to determine guidance focus and strategy; the mentee ap-
plies suggestions in practice, and new behavioral data are cap-
tured and analyzed by Al, enabling a “diagnosis—guidance—
practice-re-diagnosis” iterative cycle. Through this loop, the
three parties’ synergy deepens: the Al system improves diag-
nostic accuracy with accumulating data; the mentor enhances
guidance efficiency; and the mentee accelerates professional
growth through precision feedback [32].

3.2. Four-Phase Mentoring Process

The core mentoring process is reengineered into four data-
driven phases. Diagnosis: Multimodal analysis intgrates speech
(teacher—student speech ratio, speech rate), text (question type
distribution according to Bloom’s taxonomy, feedback strategy,
sentiment polarity), and behavior (positional movement, gaze
distribution) channels to construct a digital teaching portrait and
generate a diagnostic radar chart [21]. Matching: A two-way al-
gorithm considers multidimensional competency profiles—
mentee profiles encompass diagnostic results, self-reported de-
velopment needs, and disciplinary background; mentor profiles
encompass expertise areas, mentoring experience, style (di-
rective, elicitive, or collaborative), and avai- lability—yielding
recommendations from which pairs autonomously confirm
their partnership [33]. Mentoring: Al-powered lesson episode
analysis automatically annotates key clips from classroom vid-
eos based on teaching phases or critical pedagogical events,
generating preliminary data reports. These reports serve as an
evidence base for focused, data-informed remote lesson polish-
ing, shifting feedback from impressionistic judgment to precise,
evidence-grounded dialogue [17]. Reflection: The system dy-
namically updates teaching competency growth curves and
identifies “suggestion—improvement” correspondences, scaf-
folding mentees’ self-regulated learning and helping them tran-
sition from being guided to becoming proactive developers of
their own practice [24].

3.3. Platform Architecture

The intelligent collaborative mentoring platform adopts a
browser/server architecture with four layers: data collection
(recording systems, speech recognition, video analysis algo-
rithms); intelligent analysis (discourse analysis, behavior
recognition, competency diagnosis models); application ser-
vices (lesson management, clip annotation, remote polish- ing,
growth portfolios, resource recommendation); and user inter-
action (Web and mobile access). The technological stack is
specified as follows. For speech-to-text transcription, the plat-
form employs the iFLYTEK voice recognition SDK (Chinese
Mandarin model, version 5.0), which achieves an accuracy
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rate exceeding 95% for standard classroom Mandarin and au-
tomatically generates timestamped transcripts. For discourse
analysis, a custom Python-based natural language processing
(NLP) pipeline using the THULAC (THU Lexical Analyzer
for Chinese) toolkit performs segmentation and part-of-speech
tagging, followed by a rule-based classifier that identifies IRE
sequences, classifies questions according to Bloom's taxon-
omy, and analyzes sentiment polarity. For behavioral recogni-
tion, OpenPose (version 1.7) is used for skeletal tracking of
teacher positional movement, combined with a gaze-tracking
algorithm developed in-house using OpenCV to capture atten-
tion distribution patterns. These multimodal indicators are in-
tegrated into a rule-based inference engine that generates com-
petency diagnoses aligned with CLASS and TPACK rubrics,
prioritizing interpretability over black-box machine learning
to ensure transparency and professional oversight. The
backend is built on Python 3.9 with Django framework,
MySQL database, and Nginx server, hosted on a private cloud
infrastructure. Data security and privacy are protected through
de-identification of video data, tiered access permissions, and
informed consent protocols [34].

4., Effectiveness Evaluation

4.1. Evaluation Framework

A three-dimensional framework of “competency develop-
ment, process quality, and subjective perception” was con-
structed. Competency development: Classroom teaching ef-
fectiveness was measured using a simplified Classroom As-
sessment Scoring System (CLASS) across Emotional Support,
Classroom Organization, and Instructional Support (inter-
rater Cohen’s k=0.82) [35]; Technological Pedagogical Con-
tent Knowledge (TPACK) was assessed via a localized and
validated scale (a=0.91) [36]; teaching reflection quality was
coded as technical, contextual, or critical based on established
reflection hierarchy frameworks [18]. Process quality: Behav-
ioral indicators included interaction frequency, duration, and
feedback timeliness; dialogue content was coded into infor-
mation exchange, interpretive analysis, and critical co-con-
struction, with higher-order dialogue proportion serving as the
core depth indicator [16]. Subjective perception: A modified
Technology Acceptance Model questionnaire measured Per-
ceived Usefulness (PU) and Perceived Ease of Use (PEOU),
supplemented by open- ended questions on user experience
and ethical concerns.

4.2. Research Design

A quasi-experimental design was employed with 23 “cloud
mentoring” pairs between C Normal University and L Normal
College. Ten expert teachers with associate senior or higher
titles and over 15 years of teaching experience served as men-
tors, and 23 early-career teachers with less than five years of
experience as mentees. Participants were randomly assigned
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to an experimental group (N=12) adopting the Al-empowered
model and a control group (N=11) continuing traditional
online mentoring (video-conference lesson polishing with
written feedback). Baseline equivalence between groups was
confirmed on teaching experience, subject taught, and pre-test
CLASS scores (p>0.05). The 18-week study comprised: pre-
test (baseline classroom videos, TPACK pre-test, platform
training for the experimental group); intervention (four 3—-4
week cycles of diag- nosis—polishing—practice-re-diagnosis
for the experimental group, with equivalent frequency require-
ments for the control group); and post-test (classroom videos,
TPACK post-test, satisfaction questionnaire, semi-structured
interviews). To eliminate observer bias in CLASS coding, all
raters were trained researchers who were blind to group as-
signments and the study's hypotheses. Classroom videos were
de-identified (with teacher names, school logos, and any con-
textual references to group assignment removed) and ran-
domly ordered for assessment. Pre-test and post-test videos
were coded in separate batches to prevent recall bias. The re-
ported inter-rater reliability (Cohen's k = 0.82) was calculated
under these blinded conditions. It is important to note that all
Al-generated annotations and diagnostic reports served as ref-
erence inputs for the mentoring conversations; the final feed-
back and guidance decisions were made by the expert mentors,

who reviewed and validated the Al outputs against their pro-
fessional judgment to ensure human oversight and pedagogi-
cal appropriateness. Data collected included 92 classroom vid-
eos (=3,974 minutes), complete TPACK scale returns, 92
mentoring records (=213,000 words of transcribed dialogue),
and 17 interview transcripts (=115,000 words).

A post-hoc statistical power analysis was conducted using
G*Power 3.1 to assess the sensitivity of the study design. For
an ANCOVA with one covariate and two groups, with a =
0.05 and power (1—f) = 0.80, the minimum detectable effect
size is = 0.61 (equivalent to n?p = 0.27). The observed effect
sizes for the primary outcomes ranged from n?p =0.19 to 0.24,
indicating that the study is underpowered to reliably detect ef-
fects smaller than this threshold. This limitation is acknowl-
edged in the discussion and conclusions.

4.3. Findings

Classroom teaching effectiveness. ANCOVA with pre-test
scores as covariates revealed that the experimental group
scored significantly higher on Emotional Support, Instruc-
tional Support, and Overall Mean (see Table 1). Classroom
Organization showed a positive but non-significant trend, pos-
sibly requiring a longer intervention to manifest measurable
change.

Table 1. ANCOVA results for post-test classroom teaching effectiveness scores.

Dimension Exp. Group M (SD) Control Group M (SD) F p n’p
Emotional Support 5.42 (0.78) 4.89 (0.92) 4.67 0.041 0.19
Classroom Organization 5.31 (0.85) 4.94 (0.88) 3.82 0.063 0.16
Instructional Support 5.18 (0.73) 4.61 (0.95) 6.14 0.021 0.24
Overall Mean 5.30 (0.71) 4.81 (0.84) 5.43 0.029 0.21

Note. Pre-test scores statistically controlled as covariates.

TPACK. The experimental group significantly outper-
formed the control group on Technological Knowledge (TK)
and Technological Pedagogical Content Knowledge (TPCK);
differences on Pedagogical Knowledge (PK) and Content
Knowledge (CK) were not significant (Table 2). This pattern
is consistent with the expectation that Al-empowered mentor-
ing directly strengthens technology-related competencies,
while broader pedagogical and content knowledge requires
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longer-term accumulation.

Reflection quality. Higher-order reflection (contextual plus
critical) constituted 65.3% of experimental group reflective
texts, significantly higher than the control group’s 42.7% (%2
=9.82, p <0.01). Interview data corroborated that Al diagnos-
tics helped mentees become aware of previously unnoticed
teaching habits and better understand the reasons behind per-
formance gaps.
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Table 2. ANCOVA results for post-test TPACK dimension scores.

Dimension Exp. Group M (SD) Control Group M (SD) F p n’p
TK 4.61 (0.58) 4.12 (0.67) 5.89 0.023 0.22
PK 4.83 (0.55) 4.67 (0.63) 1.42 0.245 0.07
CK 4.91 (0.52) 4.85 (0.58) 0.86 0.363 0.04
TPACK 4.57 (0.61) 4.23(0.72) 4.77 0.030 0.19

Process quality. Experimental group sessions averaged 57.4
minutes (vs. 41.8 minutes, t =3.17, p<0.01), with shorter feed-
back intervals (2.1 vs. 3.8 days, t=3.54, p<0.01). The distribu-
tion of cognitive engagement in mentoring dialogues (Table 3)

shows that higher-order dialogue reached 62.4% in the exper-
imental group versus 41.3% in the control group (3 = 14.37,
p<0.001). Al-annotated clips reduced the time cost of video
review for mentors and provided objective anchors for discus-
sion, facilitating deeper cognitive engagement.

Table 3. Distribution of cognitive engagement levels in mentoring dialogue content (%)x.

Cognitive Level

Information Exchange 37.6
Interpretive Analysis 41.2
Critical Co-construction 21.2

Technology acceptance. PU mean was 4.31 (SD=0.52) and
PEOU 3.97 (SD=0.68); overall satisfaction reached 4.18 for
mentees and 4.45 for mentors. Nevertheless, qualitative data
revealed concerns centered on data privacy, algorithmic trans-
parency, and the potential undermining of professional intui-
tion by data-driven judgments.

5. Discussion

5.1. Theoretical Contributions and Dialogue
with the Literature

The empirical findings of this study contribute to multiple
strands of educational research. First, the triadic synergy
model extends the traditional dyadic mentoring paradigm by
introducing Al as a functional third agent with a distinct role
in the cognitive system. This extension resonates strongly
with Salomon’s [30] distributed cognition theory, which pos-
its that cognitive processes are spread across individuals, arti-
facts, and social interactions. In the present model, the Al sys-
tem functions precisely as such a “cognitive artifact,” aug-
menting the perceptual and analytical capacities of both men-
tor and mentee in ways that enable forms of joint cognitive
engagement impossible in conventional settings. This aligns

Experimental Group

132

Control Group

58.7
29.8
115

with the Vygotskian [15] notion that psycho- logical tools me-
diate human activity and fundamentally transform the nature
of that activity.

Second, the three mechanisms identified—cognitive of-
floading, shared reference, and feedback precision—collec-
tively illuminate why and how Al augmentation can enhance
mentoring effectiveness. The shared reference mechanism, in
particular, offers a novel contribution by showing that Al-gen-
erated data does not merely inform the mentor but actively re-
shapes the dialogic space between mentor and mentee. When
Al diagnosis converges with or diverges from human judg-
ment, it creates what expansive learning theory [37] terms
“contradictions” that can trigger productive re-examination of
practice. In this sense, Al serves as both a mirror reflecting
practice back to participants and a wedge that opens up taken-
for-granted assumptions for critical scrutiny.

Third, the significant improvement in mentoring dialogue
quality—specifically the shift from information exchange to-
ward critical co-construction—can be understood through the
lens of dialogic pedagogy and feedback theory. Hattie and
Timperley’s [17] model emphasizes that effective feed- back
must reduce the gap between current and desired performance.
The Al-enhanced model achieved this by making the gap vis-
ible and specific, transforming vague mentoring conversations
into evidence-based, targeted discussions. This finding ex-
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tends prior work on video-based reflection [19] by demon-
strating that Al-powered clip annotation can amplify the re-
flective affordances of video, directing attention to pedagogi-
cally significant moments that might otherwise escape notice.

5.2. Mechanisms of Effectiveness

The three mechanisms underpinning the model’s effective-
ness warrant further elaboration. Cognitive offloading oper-
ates at the level of the mentor’s attentional and analytical re-
sources: by automating the labor-intensive tasks of behavioral
coding, timing analysis, and pattern recognition, Al frees
mentors to engage in the higher-order interpretive work that
constitutes expert mentoring. This is consistent with cognitive
load theory, which suggests that offloading extraneous cogni-
tive processing enables deeper engagement with essential con-
tent. Shared reference transforms the epistemological basis of
mentoring dialogue. Instead of relying on the mentor’s recol-
lection and the mentee’s self-report—both subject to signifi-
cant bias—the pair co-examines an externalized, data-based
representation of teaching. This shared artifact mediates their
interaction, grounding it in evidence rather than impression.
Feedback precision addresses a persistent weakness of tradi-
tional mentoring: the tendency for feedback to be general, de-
layed, and decoupled from specific behavioral evidence. The
Al system’s capacity to link feedback directly to timestamped
video clips and quantified behavioral indicators made feed-
back more actionable and growth more visible to mentees,
thereby enhancing self-efficacy and motivation.

5.3. Tensions and Ethical Considerations

Important tensions must be managed to prevent technolog-
ical empowerment from inadvertently undermining profes-
sional values. The risk of “data occlusion” refers to the sys-
tematic neglect of tacit, relational, and affective dimensions of
teaching that resist quantification but are central to quality in-
struction [26]. When a mentoring conversation becomes
overly centered on metrics such as question types per minute
or speech ratios, there is a danger of reducing teaching to a set
of discrete, measurable behaviors at the expense of holistic
pedagogical judgment. Similarly, confusion over professional
subjectivity may arise when Al-generated diagnoses conflict
with teachers’ experiential self-perceptions, potentially en-
gendering a form of epistemic deference that undermines pro-
fessional autonomy. This study therefore insists on position-
ing Al as “augmented intelligence,” with the expert teacher
retaining inviolable authority as the wisdom core.

Ethical governance must adhere to the principles of in-
formed consent, data minimization, algorithmic transparency
and explainability, and teacher data sovereignty [34]. The ob-
served trajectory of mentors’ relationships with AI—from in-
itial skepticism to instrumental rationality and, eventually,
synergistic complementarity—highlights the importance of
developing “human—machine collaborative competence”.
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This competence includes the ability to critically interpret Al-
generated data, to calibrate between algorithmic suggestions
and professional intuition, and to maintain agentic control
over pedagogical decisions. Teacher education and mentor
preparation programs should therefore incorporate explicit
training in Al literacy and human-machine collaboration
skills [28].

5.4. Pathways to Routine Implementation

For routine implementation, systemic considerations are
paramount. The technical threshold can be lowered through a
“cloud services plus lightweight terminals” model, allowing
less-resourced institutions to access sophisticated Al analysis
without substantial local infrastructure investment. However,
sustainable adoption requires more than technological access;
it demands institutional embedding. Al-empowered mentor-
ing activities should be formally recognized within teacher
evaluation and professional title promotion systems, creating
structural incentives for sustained engagement. Furthermore,
dedicated budgetary provisions for Al service subscriptions,
mentor training, and ongoing technical support are necessary
to prevent the initiative from becoming a short-term project
rather than an enduring practice. Drawing on lessons from ed-
ucational change literature, the successful scaling of such in-
novations depends on alignment across technological, organi-
zational, and policy dimensions, with particular attention to
the sensemaking processes through which practitioners come
to understand and value new practices [37].

Before turning to broader implications, it is important to
consider whether the 18-week (four-cycle) intervention dura-
tion was sufficient to capture meaningful changes across all
measured dimensions. The non-significant trends observed in
Classroom Organization (p = 0.063, n%p = 0.16) and in Peda-
gogical Knowledge and Content Knowledge (PK: p = 0.245,
1%p = 0.07; CK: p = 0.363, n%p = 0.04) warrant careful inter-
pretation. Classroom Organization encompasses time man-
agement, behavior management, and instructional pacing—
competencies that typically require sustained, iterative prac-
tice over multiple semesters to fundamentally reshape [35].
While our 18-week intervention showed positive directional
trends, the lack of statistical significance likely reflects the
need for extended scaffolding beyond a single semester. Sim-
ilarly, PK and CK represent deep disciplinary knowledge and
pedagogical content knowledge that are generally accumu-
lated over years of teaching experience and broader profes-
sional learning activities, such as curriculum study, subject-
specific professional development, and peer collaboration
[36]. In contrast, the significant improvements in Emotional
Support, Instructional Support, TK, and TPACK are best un-
derstood as short-to-medium term gains—competencies that
are more amenable to immediate, data-driven feedback and
behavioral adjustment. These distinctions suggest that differ-
ent dimensions of teacher competence operate on different de-
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velopmental timescales. We therefore frame the current find-
ings as evidence of the model's capacity to catalyze proximal
outcomes, while acknowledging that distal outcomes—partic-
ularly those related to classroom management and deep con-
tent knowledge—may require longer-term interventions and
complementary professional learning experiences. Future lon-
gitudinal research with extended intervention periods is
needed to assess the sustainability and growth trajectory of
these competencies.

Two practical implications for teacher preparation pro-
grams follow from these findings. First, training should prior-
itize critical interpretation over technical operation. Our data
showed that teachers' relationships with Al evolved from
skepticism to instrumental rationality and ultimately to syner-
gistic complementarity—a trajectory that required sustained
engagement with Al-generated outputs. Rather than focusing
on how to use Al tools, preparation programs should empha-
size how to interrogate them: identifying potential biases in
automated diagnoses, recognizing the limits of quantified
teaching indicators, and practicing “human override” deci-
sions when algorithmic suggestions conflict with professional
intuition. Second, training should embed structured compari-
son exercises that directly confront teachers with divergences

between Al-generated diagnoses and expert mentor judgments.

Our findings suggest that productive learning occurred pre-
cisely at moments of tension—when Al diagnosis converged
with or diverged from human judgment, it created “contradic-
tions” that triggered productive re-examination of practice.
Teacher preparation programs can simulate such tensions
through case-based activities where teachers compare Al re-
ports with expert evaluations of the same lesson, articulate ra-
tionales for accepting or rejecting algorithmic suggestions,
and develop calibrated professional judgment. These implica-
tions directly address the risk of “data occlusion” discussed
above, positioning Al as a stimulus for critical reflection ra-
ther than a substitute for pedagogical reasoning.

6. Conclusion

This study constructed and empirically validated a triadic
synergy paradigm of Al-empowered cross-institutional men-
toring within the context of the Collaborative Quality Im-
provement Program. The model significantly enhanced novice
teachers’ classroom teaching effectiveness, deepened the cog-
nitive quality of mentoring dialogue, and strengthened their
capacity to integrate technology with pedagogy. The underly-
ing mechanisms are cognitive offloading, shared reference,
and feedback precision. Theoretically, the study extends the
traditional dyadic mentoring framework by introducing Al as
a functional third agent, thereby contributing a novel concep-
tual model for understanding teacher professional learning in
the Al era. Practically, it provides an empirically grounded,
scalable blueprint for precision teacher assistance that can in-
form policy and practice within the Collaborative Quality Im-
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provement Program and similar large-scale teacher develop-
ment initiatives.

Teachers’ reasonable concerns regarding data privacy, al-
gorithmic fairness, and the preservation of professional au-
tonomy underscore the imperative of aligning technological
advancement with ethical reflection. The triadic synergy
model’s insistence on the expert teacher as the wisdom core,
with Al positioned as augmented intelligence, offers a prin-
cipled framework for navigating the tension between tech-
nological empowerment and humanistic care. Limitations in-
clude a modest sample size (N = 23 mentoring pairs, with 12
in the experimental group and 11 in the control group),
which constrains statistical power (the study is powered to
detect only large effects of f > 0.61) and limits generaliza-
bility; a single-semester intervention period that precludes
examination of long-term sustainability of the observed ef-
fects; and a single-case institutional context that restricts the
applicability of findings to other educational settings. There-
fore, the findings should be interpreted as preliminary evi-
dence from an exploratory proof-of-concept study, and fu-
ture research with larger, more diverse samples is needed to
confirm and extend these results. Future research should in-
corporate larger, more diverse samples, extended longitudi-
nal designs that track the durability of observed effects, and
explorations of integrating generative Al tools—such as
large language models—into the collaborative mentoring
process. Ultimately, Al-empowered mentoring is not about
replacing human wisdom with machine intelligence, but
about using technology to amplify the distinctly human ca-
pacities for pedagogical judgment, relational attunement,
and professional growth.
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