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Abstract

Recorded videos of offline open classes provide good examples
for early-stage teachers to learn instructional strategies, e.g., how
to organize cooperative learning. However, learning by watching
these videos is challenging, as these strategies are implicitly per-
formed, and it lacks in-situ reflective support. In this paper, via a
formative study (N=9), we design TeachUp to support the learning
of instructional strategies from classroom teaching videos. TeachUp
adopts an LLM-powered pipeline to detect nine instructional strate-
gies in videos (precision = 63.4%), provides reflective questions
and hints while watching, and generates customized practices with
reflective feedback. A within-subjects study (N=16) shows that com-
pared to a traditional video-playing and self-practicing baseline,
early-stage teachers with TeachUp are more engaged in learning
and perform better in applying learned strategies to new tasks.
Interviews with four in-service teachers further generalize our find-
ings and TeachUp’s use cases. We discuss practical implications for
fostering video-based learning of instructional strategies.
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1 Introduction

Instructional strategies, such as cooperative learning, setting ob-
jectives, and providing feedback [36], are useful for enhancing
student achievement in offline classrooms. This paper targets early-
stage teachers, including pre-service teachers (e.g., students in
normal universities) and in-service teachers with no more than
one year of teaching experience, and their learning of instructional
strategies with classroom teaching videos. Specifically, the excel-
lent open classes like the award-winning ones are usually recorded
and available on video-sharing platforms. These videos serve as
valuable learning materials, in which well-trained teachers demon-
strate good practices of instructional strategies in a real classroom.
Besides, such video-based learning (VBL) has been increasingly
adopted in professional development programs for both pre-service
and in-service teachers [17, 30, 47]. Teacher-oriented VBL includes
observing other teachers’ classroom videos and reviewing one’s
own teaching videos [17], and this work focuses on the former.
Despite the benefits, learning instructional strategies from class-
room videos is challenging for early-stage teachers. Unlike directly
replicable actions, an instructional strategy is defined by when
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and why it is enacted: because pedagogical content knowledge inte- videos, users receive generated re ective questions on the teachers'
grates pedagogy with disciplinary conten®[49, the same strategy behaviors and alternative ways to enact a strategy. Subsequently,
can be enacted di erently across subjects and student states. Yet TeachUp provides a generated scenario, tasks as hints for users to
classroom videos mainly expose teachers' observable actions and practice the learned strategy by speaking to the camera, similar
leave the underlying pedagogical reasoning implics, which to microteaching training []. Finally, users can get a personalized
brings two challenges. First, these teachers have to recognize and report generated by a multi-modal large language model, which
analyze the instructional strategies performed by the teachers in helps re ection by contrasting the user's performance with that in
the videos, while they usually lack teaching experience using these the watched video.

strategies. Recorded videos of open classes are often pedagogically To evaluate TeachUp's e ectiveness and user experience, we
complex, because they feature teachers e ectively demonstrating conducted a within-subjects study with 16 early-stage teachers,
multiple strategies, yet lack the descriptions and tags needed to using a baseline system that supports conventional video watch-
navigate the video content based on instructional strategi8ls [  ing and self-practicing in front of a camera. Results showed that
As a result, this mentally demanding and time-consuming process TeachUp signi cantly improves participants' performance in ap-
often leads early-stage teachers to avoid longer, more complex plying the learned strategy from the video to a new teaching task.
videos, causing potentially high-value pedagogical examples to be Users with TeachUp reported being signi cantly more engaged in
ignored [3, 47. Second, early-stage teachers lack in-situ re ec- the learning session and increased teaching con dence. Partici-
tive support while watching classroom videos and opportunities pants especially praised the adaptive support of re ections during
to practice the observed strategies afterward, both of which are the watching, practicing, and evaluation stages. We further gath-
essential to learning instructional strategies. In fact, many teachers ered in-depth insights via interviews with two early-stage teachers
are prone to copying the teaching activities in the videos rather and two experienced teachers who freely used TeachUp to learn any
than interpreting and evaluating them during VBL7], missing instruction strategy in videos of their specialized subjects. They
crucial opportunities for professional growth. Moreover, improving  indicated that the LLM-generated content in TeachUp was overall
teaching skills depends heavily on practices in scenarios close to helpful but sometimes distracting. Together, these ndings suggest

real classroom settings [19, 53]. that TeachUp could support teachers to learn from others' teaching
Yet existing systems fall short on both sides. For the rst, video videos e ectively for professional development at scale.
annotation tools help teachers structure re ection on classroom In summary, this paper has three contributions. First, we con-
recordings f6), and computational approaches summarize class- tribute the design and implementation of a re ective interaction
room videos by student emotion$f] or engagement48§; neither loop that integrates watching, microteaching, and comparison-

surfaces which strategy a teacher is enacting, nor why it tsthat based feedback to help early-stage teachers locate, transfer, re-
classroom moment. For the second, VBL systems for other skills, e.g.,hearse, compare, and revise instructional strategies learned from
surgical proceduresqq, public speaking $9, and running [32, classroom videos. Second, via a within-subjects study, we demon-
assume prede ned skills with observable performance dimensions, strate TeachUp's usefulness in improving learning engagement,
and thus do not support rehearsing a strategy whose enactment de- strategy noticing, and performance in applying the learned strat-
pends on the subject, the students, and the timing. Scenario-based egy to new teaching tasks. Third, as an enabling component, we
teacher-training systems43 56 58, meanwhile, are text-based or ~ contribute the rst benchmark for instructional strategy detection
pre-scripted, and do not connect practice to the strategies just ob- in classroom videos and a preliminary computational pipeline, in-
served in avideo. Given these two challenges, we ask the following tended as starting points for future researéh.
research question: How to design a re ective interaction loop
to make early-stage teachers' learning of instructional strate- 2 Related Work
gies frqm classroom videos more e ective qnd enggglng? 2.1 Video-Based Learning for Teachers'

In this paper, we propose TeachUp, an interactive system that .
supports early-stage teachers to learn instructional strategies based Professional Development
on o ine classroom videos. We followed a user-centered design Over the past 20 years, video-based learning (VBL) including
approach to develop and evaluate TeachUp. Initially, we interviewed watching videos of other teachers as well as self-teaching vidé&s [
four early-stage teachers to understand their practices and chal- has been increasingly integrated into teacher educatioh? 47,
lenges of learning to teach from classroom videos. We also inter- 57], with empirical studies examining its e ectiveness in profes-
viewed ve experienced teachers to gather feedback and require- sional development (PD) program$7 and online self-learning 7).
ments for TeachUp's prototype from experts' views. The ndings For example, STeLLA provides the Lesson Analysis Protocol (LAP),
highlight the needs to deepen re ection on instructional strategies ~ a tool that helps teachers analyze classroom videos through a
while watching the videos and to facilitate practicing these strate- claim evidence reasoning alternative process focused on science
gies in authentic scenarios after watching. To address these needs, content storyline, to facilitate re ection and critical thinking dur-
we designed and implemented TeachUp based on the interview nd- ing PD programs $4, which we integrate into TeachUp. When
ings and theories of teacher educatio® 1, 49. TeachUp structures ~ watching these videos, teachers tend to focus on general teaching
re ection and practice into a three-stage interaction loop. To help moves [] and, more speci cally, on learning how to implement
users locate relevant examples, an LLM-powered pipeline suggests instructional strategies17, 50. However, the e ectiveness of VBL
clips containing nine instructional-strategy categories de ned by
Marzano et al[38] (average precision: 0.634). While watching the  we provide examples, prompts, and dataset in supplementary materials.
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remains debateddl, 67. Two key reasons have been identi ed:
the sheer volume and pedagogical complexity of available videos
makes it hard for early-stage teachers to locate useful clpg],

and the absence of re ective thinking e.g., evaluating video qual-
ity [ 51, 67] and considering how to transfer strategies to one's own
classroom [19, 53] limits competence development.

Beyond teacher education, VBL has supported training in surgi-
cal procedures4(, voice modulation in public speaking through
exemplar matching%9, and running technique through novice
expert pose comparisor8Bf]. These systems rely on prede ned tar-
get skills and observable performance dimensions, and they do not
address a central need in teacher VBL: locating implicit strategies in
complex classroom videos and interpreting their context-dependent
rationale to guide transfer, rehearsal, and revision. Our work is mo-
tivated by the bene ts and gaps of VBL for developing teaching
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to address engagement challenges within text-based simulated stu-
dent environments. However, previous re ective learning support
tools focus on either pre-scripted or text-based settings, and they
seldom look into learners' needs during VBL of instructional strate-
gies. We conduct interviews with both early-stage and experienced
teachers to inform the design of re ective support in TeachUp's
watching, practicing, and evaluation stages.

3 Formative Study

To inform the design of TeachUp, we conducted a formative study
with nine participants to understand their practices, challenges, and
requirements in video-based learning of instructional strategies.

3.1 Participants and Procedure

competence and developing TeachUp with strategy detection and We used a snowballing approach to recruit nine participants ( Ta-

re ective support to facilitate VBL of instructional strategies.

2.2 Analyses of Classroom Videos

Prior work has extracted actionable structure from videos for skill
acquisition, from crowdsourced segmentation in how-to vide@§[

to multimodal analysis for formative feedbacky. In education,
such analysis has supported re ection and orchestration by surfac-
ing classroom a ective dynamics, online learning status, teamwork
processes, and discussion patterig,[34 42 64 66. For example,
Zeng et al [64] help teachers better understand classroom a ec-
tive dynamics, provide timely interventions in both online and

0 ine settings via in-class video analysis. Glance® provides an
adaptable system for instructors to grasp student learning status in
synchronous online classes. Additionally, Ngoon et[d2] support
teachers' personalized re ection by visualizing classroom discus-
sion data. Instead of relying on videos, which require considerable
e ort, it uses transcripts with further processing, suggesting that
classroom transcripts alone have the potential to support appli-
cations for e ective teacher professional development. Neverthe-
less, there exists a gap in computationally identifying instructional
strategies in the classroom videos and analyzing learners' perfor-

ble 3 in Appendix), starting from a local normal university and an
elementary school. Four of them (FN1-4) are our targeted early-
stage teachers who are under training in teaching chemistry, history,
physics, or music. We also include three very experienced teachers
(FE1-3) with over 20 years of teaching experience, as well as two
relatively experienced teachers (FE4-5) with three years of teaching
experience in Chinese or Mathematics in the elementary school.
These participants with varying teaching experiences can inform
TeachUp's designs from both learners' and trainers' perspectives.
We conducted one-on-one semi-structured interviews with each
participant, either online (FN1-4) or o ine (FE1-5), lasting between
45 and 60 minutes. We began with participants sharing their expe-
riences with and viewpoints on VBL. Then, we presented a low-
delity prototype of a VBL support tool in a slide deck to gather
feedback and design requirements. The prototype consists of two
main pages: one for playing videos, which provides some hints
and basic functionalities, and the other that outlines a possible
user assessment. The slide deck used in the formative study is
shown in Figure 5 and Figure 6 in Appendix. We applied Braun and
Clarke's six-phase thematic analysis framewodd to analyze the
interview data. One researcher initially coded all the qualitative
data, and another carefully reviewed the codes to ensure accuracy

mances of practicing these strategies. We develop an LLM-powered and completeness. Through iterative discussions, the two authors

computational pipeline to detect instructional strategies based on
video scripts and prompt multi-modal large models to evaluate
learners' performances in practicing videos.

2.3 Re ective Support Tools for Learners

Re ective learning the process of internally examining an experi-
ence to gain deeper understanding and new perspectilestas
motivated HCI research on interactive systems that promote re-
ection [ 8, 16|, spanning writing [35 41], well-being [24, 28, and
professional skills4, 22, 71]. For example, Rich and Hanna [46]
introduced a video annotation tool to assist teachers in re ecting on

reached a consensus and identi ed three themes about early-stage
teachers' focuses during learning, challenges, and suggestions for
the VBL support tool.

3.2 Findings and Design Requirements

Finding 1: Early-stage teachers focus on learning instruc-

tional strategies within the context of speci c subjects. All
early-stage teachers reported focusing on learning from videos
about what instructional strategies were used and how to use them
within subject-speci ¢ contexts. For example, FN2 said, | would
pay attention to how to give feedback on students' pitch problems

their classroom teaching and proved its e ectiveness. Researchers and how to explain abstract concepts such as harmony. This nding

have begun to leverage large language models to provide personal-

ized feedback and richer re ective interaction§,[63. For example,
Friction b5 provides LLM-driven immediate feedback in writing
tasks, inspiring us to explore similar instant re ection support for
teachers. Additionally, TutorUptfg leverages LLM-generated con-
tent to help tutors re ect on their practice to improve their ability

reveals that when teachers notice instructional strategies in the
videos, their observations on the use of these strategies are highly
contextualized to the teaching content.

Finding 2: Developing teaching competence in traditional
VBL can be challenging for early-stage teachers. All early-stage
teachers expressed a desire to develop a deeper understanding of
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instructional strategies during the VBL process. However, there are similarities and di erences; (2) summarizing and note taking; (3)
two challenges that hinder the development of teaching compe- reinforcing e ort and providing recognition; (4) homework and
tence. First, traditional videos tend to showcase only surface-level practice; (5) nonlinguistic representations; (6) cooperative learn-
activities while concealing the internal cognitive processes, thus ing; (7) setting objectives and providing feedback; (8) generating
lacking the thinking cues that would explain the pedagogical and testing hypotheses; and (9) activating prior knowledge with
reasoning behind those actions. FE2 and FES3 highlighted the risk cues, questions, and advance organizers. The detailed de nitions
that early-stage teachers who only imitate the activities of expert and some examples of the nine strategies are shown in Table 2
teachers, without possessing the necessary skills, may struggle to in Appendix. This same framework has also been extended to
maintain classroom control. Second, six participants (FE1, FE2, FE4technology-mediated instruction, including work that maps the
FES5, FN1, FN2) noted that the instructional strategies and pacing in nine categories to classroom technologies, online / blended course
the videos were tailored to students with speci c prior knowledge design, and empirical studies of teacher uptake [2, 10, 44].
and learning abilities, which often did not match their own class-
room contexts especially in award-winning open classes featuring 4 TeachUp Design and Implementation
highly cooperative students. FE4, who already had three years of . . . .

In this section, we rst describe a user scenario to walk through

teaching experience, noted, Sometimes when watching how famou eachUp's interface desian. followed by its implementation
teachers teach in developed regions, | realized that the students are P an. y P '

in very good condition. What if | face students with weak knowledge4 1

foundations?
Finding 3: TeachUp should provide re ective support through-
out the video-based learning process. After reviewing the pro-

Interface and Interaction Design

Consider Harry, an early-stage teacher who just graduated from
a normal university and will teach fourth-grade mathematics for

totype slide deck we provided, both early-stage and experienced the rst time next semester. He turns to TeachUp, hoping to learn
teachers recognized the potential of re ection and evaluation to  how to e ectively activate students' prior knowledge from others'
enhance VBL outcomes. FE2 and FN1 suggested that the systenclassroom videos. After selecting a 10-minute video clip which is

should prompt users to re ect right after watching a video and
after they practice teaching on camera, rather than only providing
feedback at the end.

The focus on learning instructional strategies within subject-
speci ¢ contexts (Finding 1) and need to uncover the pedagogical
reasoning underlying teachers' actions point to our rst design
requirement: DR1) TeachUp should help users accumulate ob-
servations of subject-speci ¢ contextual teaching strategies
from the videos. This requirement aligns with pedagogical con-
tent knowledge that integrates pedagogy and disciplinary content
to promote professional developmetq. Besides, as early-stage

tagged with this instructional strategy and about The Meaning of
Fractions in TeachUp's database, Harry engages in the following
three learning stages.

Watching a video clip related to targeted strategy. As shown
in Figure 1, Harry can review the classroom background (A), a well-
contextualized description generated by analyzing the selected clip
in relation to its full lesson video (DR1). At any time of the watching
stage, he can check a series of re ective hints (DR3), based on a
revised version of the Lesson Analysis Protocol (LARJ[ These
include a claim identifying the target strategy and a learner-led re-
ection on its suitability (B), evidence-rich re ection questions with

teachers often lack teaching competence and would face classroom clickable timestamps that jump the video to speci ¢ moments (C),

contexts di erent from the videos' (Finding 2), personalized prac-

and an alternative prompt encouraging him to articulate his own

tices and re ective feedback based on the video content (Finding 3) lesson design ideas (D). Harry can respond to the re ection ques-

are needed: DR2) TeachUp should provide personalized train-
ing tasks and feedback to bridge the gap between VBL and

real classroom teaching. Lastly, as re ection is a key mechanism
for transforming experience into learnindl[l, 29 and participants
expect re ective support throughout the learning process (Find-
ing 3), we have: DR3) TeachUp should encourage continuous
and timely re ection to enhance early-stage teachers' un-
derstanding of instructional strategies throughout the VBL
process.

3.3 Marzano's Nine Instructional Strategies

tion and get feedback (C'). He can click Set Practice Background
& Prepare to proceed to the Practice stage.

Practicing the learned strategy. TeachUp adapts the Microteach-
ing Cycle (plan teachl feedback), 49 to support personalized
training (DR2). Speci cally, Harry sets a practice goal of teaching
the meaning of percentages and receives a generated related teach-
ing scenario (Figure 2 A), along with three possible starting points
for implementing the teaching strategy (B). He selects Introduce
percentage after reviewing fractions (B') and makes plans for three
related tasks (C) two emphasizing imitation of the expert's strat-
egy and one focusing on language, gestures, and tone. Once ready,
Harry conducts a four-minute microteaching session. After that,

As suggested by our highly experienced teachers (FE1-3), TeachUphe records a self-re ection and submits the practice (D).

aims at supporting the learning of nine instructional strategies,
which are identi ed by Marzano et al[38] to be most e ective
among forty strategies in improving students' outcomes in the

Evaluating performance of practiced strategy. After submis-
sion, Harry will receive a personalized report on his task perfor-
mance (DR2, DR3). The report covers verbal content, tone, gestures,

classroom. These categories are especially suitable here becausend facial expressions (Figure 2 C'), and is grounded in his prac-
they describe observable, cross-subject instructional moves that ticing video and the watched clip. It highlights Harry's strengths
can appear as video-identi able classroom events and can later be based on multimodal analysis, expands on his self-identi ed areas

rehearsed in practice37]. The nine strategies are: (1) identifying

for improvement with suggestions grounded in the instructional
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Figure 1: TeachUp's interface in the watching stage. The interface is originally in Chinese and translated by GPT-4.1.

Figure 2: TeachUp's interface in the practicing stage (A, B, C, D) and evaluating stage (A, B', C', D', E). The interface is originally
in Chinese and translated by GPT-4.1.
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sentence-level transcript (by Tingwu Big Mod®lof a classroom
teaching video and outputs a set of video clifig)( each with a strat-
egy category €ak), a con dence scorecpnf), and precise times-
tamps (g* Q). We rst conduct a fast segmentation, as the nine
teaching strategies are typically associated with di erent lesson
stages, e.g., cues, questions, and advance organizers often occur at
the beginning, while homework and practice typically appears in
the middle to late stages. Speci cally, we prompt an LLM to coarsely
divide the lesson into three stages: the opening spans from the start
of class to the last review of prior knowledge; the developing covers
the introduction and teaching of new content; and the ending begins
with the rstin-class exercise. The three stages overlap partially
to reduce missed detections. Then, we designed parallelized LLM
workers that collectively detect the nine instructional strategies,
with each worker responsible for detecting events in its assigned
lesson stage. Each worker outputs strategy segments in the form

. n 1(ge Gye cap’. Lastly, we designed a rule-based aggregator. For any
case, and provides task-by-task feedback (D') with a Compare two segments(s = Gy* G° and (¢ = 1Gye G,° with the same cat-

to the instructional case button for side-by-side review. Fln_ally, egorycat, if G Cg "Gy, Cas they are merged intdnew =
Harry can check a summary that recommends speci ¢ categories of 1miniGye §,% maxige G,°°. Merging is repeated until convergence
strategies to stud'y next. Harry now has learned how to e ectively producing the nal output »B cate confo 'Be cae conpos” " " V.
activate students' prior knowledge from the classroom video. To improve detection precision, we rst applied a zero-shot

. prompt on eight carefully selected high-quality videos and an-

4.2 System Implementation alyzed the models' typical errors (e.g., for cooperative learning,
4.2.1 Detecting Instructional Strategies in Classroom Videos. Tthe model only detected how to organize group discussions but
enable the system to provide relevant examples, a strategy-detection missed how to evaluate the outcomes ). We then incorporated
pipeline that prepares a database of candidate video clips for the transcript segments as positive few-shot examples and frequently
instructional strategies in Section 3.3 is needed. misclassi ed segments as negative few-shot examples. For each

Benchmark. We randomly selected a grade (Grade 1 to Grade event, we designed two to four few-shot examples. To improve reli-
12), a subject, and then one textbook unit as the candidate topic. We ability, we applied ensemble with three LLMs DeepSeek-v3[],
searched the topic keywords on Bilibili and collected three videos Kimi-k2, and GPT-4.1 in parallel to determine the nal video clips.
per topic that satis ed the criteria of 40 50 minutes in length and Speci cally, for each instructional event type, predictions from all
complete classroom recordings under the default search setting. In models are clustered. The rst prediction initializes a cluster, and
total, three units were selected, yielding nine videos. Two authors each subsequent event is merged if its temporal overlap ratio ex-
independently annotated the videos after agreeing on the classi- ceeds 0.5; otherwise, it starts a new cluster. A cluster is accepted
cation criteria. To assess annotation reliability, segments with  only if it contains predictions from at least two models. For each
identical labels and temporab* 0’5 were considered the same  accepted cluster, the nal boundary is de ned by the earliest start
instructional strategy instance. The two annotators agreed on 85 and latest end times, and the con dence score is the average of
instructional events; one annotator additionally marked 1 event member scores.
and the other 4 events missed by their counterpart, corresponding Technical evaluation. We evaluate the proposed pipeline us-
to an agreement rate of 94.4%. The remaining disagreements ( ve ing loU, Precision, Recall, and F1-Score. For a predicted segment
segments) were resolved through discussion.Because the task in-(»a43and a ground-truth segmentsc We prioritized precision
volves detecting multiple temporal segments in long videos rather because the downstream task requires reliable instructional seg-
than assigning a single label per instance, traditional inter-rater ments for learners, even at the cost of lower recall. We compared
statistics such as Cohen’sor ICC are not applicable. The nal the ensemble with individual models on the benchmark across
benchmark contains 89 strategy instances in nine instructional loU thresholds from 0.1 to 0.8. The ensemble consistently achieves
strategy categories, with 6 15 segments per category. We released higher precision than individual models, while performance for all
this benchmark as supplementary material. models gradually decreases as the loU threshold becomes stricter.

Pipeline. On the benchmark, we explored multiple modalities At >* = 05 a common threshold in object detection] the
for instructional strategy detection, including vision (e.g., large ensemble achieves a precision of 0.634 of detecting nine strategies.
vision-language models, pose detection, emotion recognition), au- In contrast, a zero-shot baseline using a single LLM prompted only
dio (e.g., Qwen-2-Audio), and text, as well as di erent work ow  with strategy de nitions performed poorly (precision = 0.095, recall
architectures. However, including more modalities does not im- =0.191, F1 =0.127, at = 0'5). Overall, these results provide an
prove performance of our pipeline, potentially because of the small initial feasibility check of the pipeline as an enabling component
size of benchmark. Balancing scalability, e ciency, and accuracy, for TeachUp.
we nally adopted a pipeline that primarily relies on transcribed
spoken text as input. As shown in Figure 3, the pipeline inputs the  2https://tingwu.aliyun.com

Figure 3: The computational pipeline of detecting instruc-
tional strategies in classroom videos.
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5.1 Participants

We recruited 16 participants (P1-P16, 8 males and 8 females, age:
Mean = 22.19, SD = 2.01) through word-of-mouth. All participants
were pre-service teachers recruited from normal universities; P9
P16 additionally reported teaching experience, including internship
experience (see Table 4 in the Appendix for detailed backgrounds).
Five participants reported conducting video-based learning for their
professional development weekly, four monthly, two yearly, three
rarely, and two never. Twelve participants are daily users of large
language models, and the remaining four are weekly users.

5.2 Experimental Setup

5.2.1 Conditions. In the TeachUp condition, participants used
TeachUp following the watching practice evaluation stages within
one instructional case. In the baseline condition, participants used
a baseline system with a user interface similar to TeachUp but with-
out Al-generated hints (Figure 1 B, C, D), practice tasks (Figure 2
C), and evaluation (Figure 2 C', D', E). To ensure a fair comparison
4.2.2 Supporting User Interactions. As shown in Figure 4, we devel-and reduce participant workload, we provided the description of
oped four modules that enable user interaction with TeachUp. These the most suitable scenario (Figure 2 B') in the baseline condition.
modules are driven by an LLM (GPT-4.1) and a multimodal LLM
(Qwen-2.5-Omni§1]), connected through a modular work ow that 5.2.2 Task. We controlled the subjects and instructional strate-
balances context richness and response latency. gies to compare participants' learning outcome and experience
With the user-selected video clip, the Instructional Case Con- in two conditions. Speci cally, we carefully selected four easy-to-
verter transforms it into instructional cases, including background understand content knowledge topics about Chinese Language and

Figure 4: The architecture of TeachUp. The Video Clip is the
output of the pipeline introduced in Section 4.2.1.

explanations and hints. To minimize user waiting time, we pre-
process all video clips o ine before releasing TeachUp to users.
Once users respond to a re ection question in the watching stage,

Mathematics in elementary schools. The Mathematics Task focused
on the strategy of Cues, Questions, and Advance Organizers, with
Meaning of Fractions as the VBL content and Meaning of Percentages

the User Response Handler provides immediate feedback using thdor the test after the learning session. The Chinese Language Task
user's answer, the claim, re ection questions, and reference anal- focused on Cooperative Learning, with The Feet of the Boston lvy as
ysis, excluding video-related information such as transcripts or the VBL content and The Cricket's Dwelling for the test. The orders
background. Keeping the prompt short reduces LLM latency and of participants' tasks and used systems were counterbalanced.
enables real-time feedback. The Scenario with Tasks Generator gen-
erates practice scenarios and associated tasks by prompting an5.2.3 Procedure. Each experimental session was conducted either
LLM to remain neutral and objective, avoiding evaluative cues (e.g., o ine or online and lasted 80 90 minutes. One day before the ses-
however, although...but...) that might reveal the correct answer.  sion, participants received brief descriptions of the two instructional
This prompt includes the background and hints from the watching strategies and annotated PDFs of the relevant textbooks and lesson
stage, so that the generated tasks re ect the instructional strategies plans. They were asked to spend at least 10 minutes reviewing
observed in the video. The Practice Evaluator uses a multimodal them. On the day of the experiment, participants were prompted to
LLM to evaluate users' microteaching practices. Because our used prepare themselves for a classroom lecture. As an incentive, partic-
model accepts at most 40 seconds of video, the recording is resized ipants with top-3 performances in the test would receive a 50 RMB
and divided into 30-second windows with a 5-second overlap. For bonus in addition to 100 RMB compensation. Each condition be-
each segment, the model outputs a JSON containing a transcript, au- gan with a 10-minute introduction in which a researcher explained
dio visual observations, and evaluation suggestions. Segment-level the teaching strategies and demonstrated the system. Participants
results are concatenated and summarized into a nal assessment. then spent 12 minutes watching instructional examples, followed
To reduce inference time, multimodal evaluation runs in parallel by orally answering What did you learn from the video about the
workers, enabling a full microteaching video to be processed in instructional strategies? and a 10-minute simulated teaching prac-
under ve minutes. tice. In the TeachUp condition, participants additionally spent three
minutes reviewing the system-generated evaluation report. At the
end of each condition, participants completed a questionnaire and a
5 User Study teaching test, in which they were given a new scenario, three min-
We conducted a within-subjects study with 16 early-stage teachers utes to prepare, and recorded a 3 5 minute teaching demonstration.
to evaluate TeachUp, guided by two research questions: RQ1: How There was a 10-minute break between the two conditions. The en-
e ectively does TeachUp support teachers in learning instructional tire procedure concluded with a 10-minute interview, asking about
strategies from classroom videos? RQ2: What are users' perceptions participants' perceptions of the system, usability of Al-generated
of TeachUp in terms of usability and usefulness? content, opinions on the hints and feedback provided at each stage
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of the system for improving their learning outcomes. Through-

Fan et al.

out the entire process, we recorded both the screen and audio for line. Q1 Q6 are 7-point Likert items; Valid Inspiration Points

subsequent analysis.

Table 1: Quantitative comparison between TeachUp and Base-

are raw counts. Expert-rated scores (Dim. 1 4) are Z-score

standardized across raters. +: ? Y "1, *: ? Y "05, **: ? Y "01.

5.2.4 Measurements. For RQ1, inspired by Wu .68, we ex-

amined participants' verbal re ection of what they learned from
the video about the instructional strategies after the watching stage.
We coded the number of valid inspiration points mentioned in their

oral reports. In the speci c task, a valid point had to describe at
least one concrete implementation element of the strategy in the

video, such as its timing, task design, or teacher behavior; merely RQ1

restating the strategy de nition was not counted. We treated sub-
sentence phrasal segments as the basic coding unit. Furthermore,
we invited a mathematics teacher (Male, 9 years experience) and
a Chinese teacher (Female, 32 years experience) to evaluate the
recorded videos of participants' teaching tests about their respec-
tive subjects. The evaluation process was fully blind, with raters
unaware of the experimental condition for each video. Based on
the literature on microteaching40, 55 and the scenario of VBL,
we established the following four metrics of teaching performance
on 7-point Likert Scale (1/7 worst/best performance): a) instruc-
tional competence, b) application of teaching strategies learned
from videos (e.g., choosing the right moment and appropriate way
to introduce a strategy), ¢) imitation of concrete implementations of
the demonstrated strategies (e.g., reproducing the teacher's gestures
or phrasing), and d) the authenticity of the scenario.

For RQ2, we adapted measures fro2v][ 33 43 (Appendix C)
and adopted 7-point Likert Scale (1/7 strongly disagree/agree) to
measure the following items after each learning session: Q1) con -
dence in teaching, Q2) gained insights, Q3) bene ts of practicing

| TeachUp  Baseline 5 si
tem Mean (SD) Mean(SD) ¢ 9
Valid Inspiration Points 2.56(1.09) 1.81(1.1149 *

Dim1: Instructional
competence

Dim2: Strategy application

Dim3: Imitation of
implementations

Dim4: Authenticity of

,0.27 (0.99) 0.27 (1.00)065
.0.32(0.95) 0.32(1.0103
,0.09 (1.22) 0.09 (0.79)516

.0.24(1.13) 0.24 (0.86)086

+

*%

scenario

Q1: Con dence in teaching 5.69(0.79) 5.00 (1.20p9 **
Q2: Gained insights 5.88(1.02) 5.75(0.8627
Q3: I?:ene ts of practicing 6.25(0.58) 5.63(0.72p14 *
sessions

Q4: Engagementin the 6.13(0.50) 5.31(1.20p26 *
learning process

Q5: Ease of use 6.06 (0.77) 5.63(0.6BH3 +
Q6: Intention to use 6.13(0.50) 5.25(1.1817 *

participants' performance on applying the learned instructional
strategies from the videos to a new teaching tagk= "003), with
marginal improvements in instructional competence & "065)

sessions, Q4) engagement in the learning process, Q5) ease of useand scenario authenticity = "086). No signi cant di erence was

and Q6) intention to use.

6 Analyses and Results

In this section, we present the quantitative and qualitative results
for each research question. Table 1 summarizes all quantitative

found in imitation of implementations of the strategies on the new
teaching task (? ="516).

Participants shared how TeachUp supported the e ectiveness
of their learning. In the video-watching stage, teachers regarded
the Al-generated hints as a form of re ection for identifying and

comparisons between TeachUp and the baseline. For the numbers ofaddressing gaps. Some participants (P3, P11, P5, P6, P8) preferred to

valid inspiration points (RQ1) and items about usability and useful-
ness (RQ2), we employ the Wilcoxon signed-rank tests to compare
the di erences between the TeachUp and baseline condition. As for
the expert evaluation of each participant's performance in the test
(RQ1) after using TeachUp and the baseline, we rst apply Z-score
standardization to mitigate inconsistencies in scoring standards
among di erent raters. To compare the conditions, we then assessed
the normality of the score di erences using the Shapiro-Wilk test.
A paired t-test was used for normally distributed data; otherwise,
the Wilcoxon signed-rank test was applied. For the qualitative data,
two authors applied Braun and Clarke's six-phase thematic anal-
ysis framework [Lg using a deductive approach, with prede ned
themes of e ectiveness (RQ1), and usability & usefulness (RQ2).

6.1 RQL1: E ectiveness of TeachUp

As shown in Table 1, participants identi ed signi cantly more valid
inspiration points that is, concrete implementation elements of
the focal strategy with TeachUp'(= 2%56,( = 1'09) than with
the baseline'(= 181,( = 1'11;, = 1800,? ="049). Expert-
rated performance revealed that TeachUp signi cantly improved

watch the entire video before answering the questions, and they ex-
pressed that these hints helped them recall details they had missed,
as P11 said, There are indeed some teaching methods, or some teach-
ing steps, that | overlooked. | think Al in this respect can really serve
as a good reminder. In the scenario-based practicing stage, almost
all users agreed that the tasks were helpful and guided them to
improve their performance (except P11). For example, participants
shared comments such as, It gave me a task to think about my
own wording (P14); The coherence phrases | learned in the rst
stage guided me to apply them here (P16); It (the task) helped me
grasp the pace of teaching (P15). Overall, participants expressed
that the Al-generated tasks not only improved their performance
from di erent aspects (e.g., language, pacing) but also encouraged
deeper re ection on how teaching methods could be approached
and re ned.

6.2 RQ2: Usability and Usefulness of TeachUp

As shown in Table 1, compared to the baseline system, partici-
pants with TeachUp reported signi cantly higher con dence in
classroom teaching after the learning sessi@ £ "009). There
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is no signi cant di erence between the two conditions regarding  school (E1, female) and one mathematics teacher (E2, male) with
perceived gained insights from the video cases that participants 29 years of experience in a high school.
can directly apply to improve their teaching practice® € 527). The day before the interview, we asked each participant to pro-
Nevertheless, participants with TeachUp found that its practice ses- vide a topic within their subject with which they were highly fa-
sions were signi cantly more bene cial for applying the teaching  miliar. We then created a video resource library for each topic by
skills learned from the videos in classroom settin@s< '014). Over- downloading ve recorded classroom videos from Bilibili, segment-
all, participants perceived that TeachUp is generally easier to use ing them, detecting the instructional strategies using our pipeline,
(? ="053), reported signi cantly higher intention to use TeachUp and storing them in the database. Each interview lasted 60 minutes
for video-based learning and teaching re ectiofd  "017), and and began with a brief introduction to TeachUp and the nine teach-
were more interested and engaged in the training process with ing strategies, followed by a 10-minute system tutorial. Participants
TeachUp (? ="026), compared to the baseline system. then freely explored the system for 50 minutes using a think-aloud
All participants appreciated TeachUp's re ective supportinthe protocol, completing at least two instructional cases and the full
structured three-stage learning process. In the watching stage, most watch practice evaluate cycle. Brief contextual interviews were
participants found the re ective questions helpful for learning from  conducted at each stage transition to capture immediate feedback.
the videos (except P2, P3, and P15). These hints were seen as dhe session concluded with questions on the potential of TeachUp
form of guidance, encouraging users to pay attention to the micro- to support teachers' professional development. We analyzed the
level of teacher's actions in the videos, sometimes even just from a recorded screens of system interactions and audio of interviews
glimpse. As P9 stated: The analysis is very clear, for example explainand reported the results below.
ing step by step how things continue, which lets me understand how The strategy detection pipeline is useful. Because in-service
the teacher interacts with the students step by step. All participantsteachers could freely explore tens of video clips segmented by
except P11 and P15 also found that the tasks in the practicing stage the proposed pipeline, we mainly focus on the evaluation of the
were helpful. They emphasized the importance of maintaining their  pipeline's usefulness in this interview study. The teachers agree that
own subjectivity rather than strictly following the tasks, as P15 the video segmentation had high precision. E2 further praised the
remarked, When connecting to these tasks it gave, sometimes | wouldiversity across clips: Although the clips covered the same teaching
suddenly get stuck; in contrast, (without these tasks), | know what Ipoint, they unfolded from many di erent angles, so | could nd the
need to do and which skills | can use to make the teaching smoothezlips that best t my own teaching situation.
and more complete. We recognize this as a positive phenomenon, The re ective support is helpful in the whole learning
as it re ects the teachers' re ective engagement during the practice  session. Experts generally praised our watch-practice-evaluate
process. Lastly, participants praised the precision of the system's framework, a rming that it could enhance teachers' general compe-
evaluation of their practices. P8 remarked, Its analyses were very tencies within a single session. E1 emphasized that bene ts extend
accurate; it truly pointed out what | failed to accomplish. Similarly, beyond verbal expression to classroom organization, discipline, and
P14 appreciated that It gave me a speci ¢ positive example to learnthe habit of self-re ection: It can also cultivate the habit of re ect-
from. Together, these comments illustrate how the evaluation sup- ing on whether one's classroom has met its objectives. E2 similarly
ported re ection by identifying unmet practice goals and providing  stressed that re ective thinking needs to be veri ed through prac-
a concrete reference for improvement. tice to take e ect, and valued the platform's ability to support such
Apart from the bene ts, participants also reported room for  simulation at any time.
improving TeachUp. For example, several participants mentioned  Experienced teachers hold di erent views on TeachUp's
that having too many tasks in the practicing stage limited TeachUp's long-term e ectiveness. Regarding the long-term e ectiveness of
usefulness. Three users (P10, P13, P8) pointed out that excessivelyearly-stage teacher professional development, the two experienced
lengthy generated outputs can detract from the user experience, teachers o ered di ering views. E2 highlighted that re ective hints
as P13 noted, The language could be more concise. Sometimes jusiuld support teachers in developing a more comprehensive under-
providing a few keywords or key points is enough to understandstanding of their classrooms: In everyday teaching, there may be
without displaying so much. P3 further noted that in the evaluative some xed mindsets... By learning through the system, thinking can be
report, some spatial or gestural details about his practice video were expanded, which is very meaningful. In contrast, E1 questioned the
missed. system's impact on sustained competence development, especially
concerning knowledge transfer: There may be some shortcomings in
transfer, because the whole evaluation is based on comparing with the
. . original video. | think teachers may need to watch the corresponding
7 Interviews with Teachers videos for all their classes.
Following the within-subjects study, we conducted an interview The practicing tasks are in exible and could be risky. In-
study with four in-service teachers who used TeachUp on their service teachers indicated that xed tasks made the training less
subjects of interest and video clips to enhance the generalizability exible and posed risks for applying the learned instructional strate-
of our ndings. Two of them are early-stage teachers with one  giesin the real classroom. First, they pointed out that overly detailed
year of teaching experience one teaches science in an elementary task descriptions might lead to the development of inappropriate
school (N1, male), and the other teaches English in a middle school classroom habits. E2 noted, if each step is too detailed, it may a ect
(N2, female). The remaining two are experienced teachers, including the e ciency of classroom teaching. Second, they raised concerns
one Chinese teacher with 32 years of experience in an elementary about microteaching without students, relying solely on “imagined'
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students and imitation of the teachers in the videos carries certain value and can enhance numerous existing online teacher education
risks. N2 worried: If the students' foundation is weak, some of the platforms.
steps | just practiced may not be feasible in reality. To address this is-
sue, E1 emphasized the importance of simulating student feedback: 8.2 ~ Watch-Practice-Evaluate : A Kolb-Inspired
I think student feedback is very important. It should include not only Framework for Re ective VBL
these pre-generated things, but also the feedback from students
what you just taught. So | suggest adding simulated student feedba
in the future. This indicates the need for additional features to pro-
vide teachers with a more authentic and customizable environment
enriched with synchronous feedback.

The generated content can be further improved. Similar to
the ndings in the user study, E1, N1, and N2 noted that excessively
lengthy generated content can detract from the user experience.
N2 suggested, Maybe keywords could be bolded or specially hig

lighted, so users can quickly and clearly identify them at a glance. encouraging users to link observations with personal experiences

E1 commented on the re ective hints, based on her familiarity with . : : - .
) - : and transform them into new ideas. Finally, the microteaching
the selected Chinese class: Because the video is short, one task ma . . . . . .
ractice session realizes Active Experimentation , where users ap-

already be enough... The questions are quite repetitive, meaning t . . : ;
) . ) ; ; y newly acquired concepts and receive immediate, personalized
same question keeps being asked again and again. Besides, N1 not . .
eedback, completing the cycle. In our user study, TeachUp improved

that some of his actions might not have been fully analyzed in the . R 7 : . .
. participants' ability to envision authentic teaching scenarios and
evaluative report. . . .
enhanced their overall performance, suggesting that this cycle ef-
fectively enhances early-stage teachers' pedagogical knowledge.
We thus present both an e ective implementation framework and
empirical evidence to guide the design of re ective VBL systems.

C%Ue developed TeachUp, an interactive system that supports a three-
stage watching-practicing-evaluating cycle for VBL, based on our
formative study with both early-stage and experienced teachers.

' This cycle can be viewed as a concrete implementation of Kolb's Re-
ective Cycle [29, tailored to the VBL context. Speci cally, observ-

ing ateacher's well-performed instructional case serves as Concrete

Experience , acting as a substitute for early-stage teachers' limited

teaching experience. The re ective hints in the watching stage im-

plement Re ective Observation and Abstract Conceptualization ,

8 Discussion

8.1 Empowering Scalable Video-Based Learning o
for Teachers' Professional Development 8.3 Implications for HCI Research

As an enabling component of TeachUp, we implemented an LLM- Our ndings lead to three implications for HCI research.
powered pipeline for automatically segmenting classroom video
clips and detecting the teachers' instructional strategies. On our
benchmark with 89 labeled video clips, our pipeline reaches a pre-
cision of 0.634 for detecting nine strategies, and the in-service
teachers in our interview study found the resulting clips usable
for their own learning. This component addresses the design chal-
lenges of video-based learning (VBL) platforms identi ed by Bates
et al [7], who found that merely providing a large video library
can overwhelm teachers; instead, teachers prefer short, practical
segments that focus on speci c instructional strategies and are
ready-to-use . Our pipeline directly meets this need by automat-
ically extracting such content, thereby saving teachers' time in
searching for valuable learning materials onling&7. Given the
pipeline's preliminary performance, teachers could rst screen de-
tected clips by ranking them according to con dence or adjustthe 8.3.2 Using LLMs and multimodal large models to transform passive
con dence threshold to balance reliability and breadth. Concise clip video resources into active learning environments. TeachUp demon-
summaries and evidence linked to precise video moments could strates that large models can be prompted to extract pedagogical
then help them quickly inspect why a strategy was suggested and structure from videos and generate contextualized practice and
decide whether the clip meets their learning needs. Besides, as evaluation around them, turning static recordings into interactive
highlighted by an experienced teacher in the interview, the diver- learning cycles. This extends emerging work on in-context video
sity of video segments extracted by our pipeline demonstrates its assessmentsf and interactive notesT( by enabling multimodal
potential for wide-ranging applications as a standalone tool. We feedback grounded in video content. However, our ndings indicate
designed this pipeline as a reusable, plug-and-play middleware that generated content can sometimes be verbose or insu ciently
that can be deployed between any video resource database and on-attuned to nonverbal and temporal nuances in teaching videos. To
line learning platform. Its generic input output interface taking address this, future systems could employ video generation models

a classroom video and producing timestamped strategy clips with to synthesize diverse, ne-grained video variants for richer long-
category metadata enables integration into diverse educational term rehearsal 2, and leverage more specialized video-oriented
systems without platform-speci ¢ modi cation. This decoupled large models capable of capturing subtle nonverbal cues (e.g., ges-
design means that our technical contribution holds independent tures, posture) and cross-time-span pedagogical features [25].

8.3.1 Al-powered learning tools should bridge observation and ac-
tion. The results show that TeachUp led to signi cantly more im-
plementation elements of the focal strategy than the baseline. Also,
the qualitative results indicate that the watching-stage interactions
play a grounding role in the integrated framework, providing strat-
egy anchors for later practice and comparison-based evaluation.
While many existing tools focus on helping users better observe
and annotate video content2 46, our ndings suggest that these
observations should be connected to enactment through contex-
tualized practice, structured rehearsal, and personalized feedback
grounded in the watched content. This perspective may gener-
alize to other domains where people learn by watching experts'
demonstrations, such as medical training and public speaking.
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8.3.3 Connecting practicing tasks during VBL with real-world teach4n this paper, we designed and developed an interactive system,
ing scenarios. In the practice stage, TeachUp generates teachindeachUp, to support teachers to learn instructional strategies from
scenarios and tasks based on the watched classroom video clip videos of others' well-executed classroom lectures. We implemented
and user-input practice goal. While participants in the user study a computational pipeline powered by large language models to de-
generally appreciated the practicing tasks and maintained their tect nine instructional strategies enacted by teachers in the short
own subjectivity during practices, teachers in the interviews were  video clips segmented from the classroom videos. With these video
concerned that the tasks were in exible and risky. These concerns clips, TeachUp provides re ective hints and adaptive microteach-
reveal a transfer-distance tension in connecting video-based prac- ing practices to engage teachers in a watch practice evaluate
tice with real-world teaching. If a practice task is too close to the video-based learning cycle. Our within-subjects user study with 16
original video context, users may reproduce the case rather than early-stage teachers and four interviews with in-service teachers
develop the ability to apply the underlying strategy exibly; con-  demonstrated that TeachUp can help teachers e ectively learn in-
versely, if the context is too di erent, early-stage teachers may structional strategies and improve their instructional competencies.
struggle to transfer the newly learned strategy. Future work could With these ndings, our computational pipeline, and developed sys-
address this tension by creating more realistic and adaptive class- tem, we o er practical implications to future video-based learning

room environments for practicing strategies learned from videos.
For example, future work could code and model the students' be-

systems for teachers' professional development.

haviors in classroom videos to simulate student agents with varied Acknowledgments

pro les and responses]3 43 69. The VBL support tool can there-
fore o er a virtual classroom for teaching practices [26], in which
student agents can interact with teachers by raising hands, speak-
ing, eye contact, and so on. Future systems could further adapt
how far each practice scenario departs from the watched video
according to users' demonstrated understanding and performance.

8.4 Limitation and Future Work

This study has several limitations. First, the participants in the
within-subjects controlled lab study were not actual elementary
Chinese or Math teachers but were prompted to act as them. This
mismatch with specialized teaching subjects may impair their per-
formance in the tests after the learning session. While our interview
with in-service teachers helps generalize our ndings, future re-
search should involve more early-stage teachers using TeachUp
within their specialized subjects to evaluate its e ectiveness and
usability. Second, our study lacks an evaluation of user behavior
(e.g., whether their teaching behaviors changed after the training)
and results (e.g., whether their students demonstrated signi cant
improvement) in their following teaching practices, which are im-
portant in Kirkpatrick's four levels of evaluation [27]. Future case
studies could be conducted to comprehensively assess the impact
of TeachUp on teachers' professional development in the long term.
Third, the current baseline is not a component-level ablation, so our
study evaluates the integrated re ective loop as a whole and does
not isolate the e ectiveness of individual interaction components.
Fourth, our strategy detection pipeline was developed and validated
on a small benchmark of 89 video scripts. The controlled study used
manually annotated ground-truth clips, and the in-service teacher
interviews did not identify any incorrectly tagged clips. Conse-
quently, our current studies do not establish how errors in the
pipeline would a ect early-stage teachers' learning. Alongside ex-
amining the e ects of such errors on early-stage teachers' learning,
future work can use our benchmark and pipeline as starting points
to iteratively improve them by using the pipeline to give initial
labels to more video scripts and incorporating more multimodal
video features.

9 Conclusion
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A Marzano's Nine Events
Table 2 shows the de nitions and the examples of the nine broad, high-probability categories of teaching strategies used in classroom.

Table 2: Instructional strategies and examples of implementation in the classroom

Strategy

De nition Examples of Implementation

(1) Identifying Similarities
and Di erences

. .. - Use Venn diagrams to compare and classify items.
Having students compare, contrast, and classify : e A
concepts - Ask students to identify similarities and di erences

on their own, followed by group discussion.

(2) Summarizing and Note
Taking

- Summarize concepts that have already been taught.
- Encourage students to use a consistent format for
note taking.

Having students identify key information and
restate it concisely in their own words.

(3) Reinforcing E ort and
Providing Recognition

- Assign timed quizzes and have students report on
their performance (e.g., accuracy).

- Display exemplary student work in the classroom to
recognize their e ort.

Connecting student e ort to achievement and
providing recognition for their work.

(4) Homework and Practice

Using assignments and practice to reinforce
concepts and skills learned in class.

- Set aside class time for students to practice.
- Assign and review homework.

(5) Nonlinguistic
Representations

- Use drawings, videos, physical models, or
role-playing to demonstrate concepts.

Representing and exploring concepts using
visuals, physical models, and movement.

(6) Cooperative Learning

- Group students based on interests or common
experiences and assign speci c roles (e.g., recorder,
reporter).

- Implement activities such as group presentations.

Organizing students into groups to work
collaboratively on academic tasks.

(7) Setting Objectives and
Providing Feedback

- Continuously display unit goals on a whiteboard or
in slides, and track progress to provide ongoing
feedback.

Setting clear learning goals and providing
students with timely, speci c feedback.

(8) Generating and Testing
Hypotheses

- Ask students to predict what would happen if an
Engaging students in proposing hypotheses andispect of a system were changed.
then designing tasks to test them. - Organize groups to complete a hands-on task and
discuss the reasons for their success or failure.

(9) Cues, Questions, and
Advance Organizers

. . . .- Before a new lesson, present an outline, graphic
Using cues, questions, and organizers to activate : .

- . . image, or mind map as an advance organizer.
prior knowledge before introducing new

- Pose key questions and pause after asking to
concepts. -
encourage deeper thinking before students answer.
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B The Slide Deck Used in the Formative Study
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Figure 5: The video-watching page of the prototype. Translated from Chinese.
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Figure 6: The evaluation page of the prototype. Translated from Chinese.
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