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Abstract

The systematic assessment of teaching qual-
ity through classroom observation is a critical
yet challenging task in educational research.
Traditionally, trained raters evaluate instruc-
tional practices by analyzing classroom interac-
tions (e.g., watching videos and annotating tran-
scripts) based on structured protocols. Whereas
the potential of using Large Language Models
(LLMs) to automate teaching quality assess-
ment is increasingly being explored, few stud-
ies have examined the underlying reasoning
behind those generated holistic scores, which
could provide specific feedback for raters and
teachers. In this study, we investigate the align-
ment between LLM- and human-generated as-
sessments of teacher questioning practices, fo-
cusing on both quality rating agreement and evi-
dence selection overlap. Specifically, advanced
GPT models (GPT-40 and o1) were prompted
using Chain-of-Thought (CoT) reasoning to an-
alyze transcripts sequentially by extracting tex-
tual evidence, classifying question types, and
assigning ratings. Analyzing 28 lesson tran-
script segments from the Global Teaching In-
sights study, each carefully annotated with high-
lights related to questioning practices, we found
that CoT prompting generally improved both
rating and evidence alignment compared to ba-
sic instructions. Under CoT reasoning, GPT-
40 achieved the highest Quadratic Weighted
Kappa score of 0.33 for quality rating agree-
ment, whereas ol-extracted evidence yielded
the highest character-level Intersection over
Union of 0.14 with human transcript annota-
tions. Qualitative analyses revealed that LLM
and human annotations aligned in identifying
explicit questioning forms, but they differed in
annotation scope and granularity. Our study
highlights LLMs’ potential to enhance the ex-
plainability of rating decisions, assist manual
assessment by highlighting relevant discourse
evidence, and suggest possible approaches to
offer teachers specific feedback that goes be-
yond numerical scores.

1 Introduction

Observing teaching practices in classrooms pro-
vides a crucial approach to assessing teaching qual-
ity and promoting teachers’ professional develop-
ment (Pianta and Hamre, 2009; Seidel and Shavel-
son, 2007; Praetorius et al., 2025). To systemat-
ically evaluate the quality of teacher-student in-
teractions, multiple classroom observation proto-
cols have been developed over the past decades,
such as the Classroom Assessment Scoring System
(CLASYS) (Pianta et al., 2008) and the Protocol for
Language Arts Teaching Observations (PLATO)
(Grossman et al., 2013). These structured proto-
cols typically assess multiple facets of teaching
dynamics, e.g., instructional practices, emotional
support, and classroom management. To code such
protocols, trained raters capture important events
of classroom interactions from videotaped lessons
and assign scores to pre-defined teaching quality di-
mensions based on the observed evidence within a
lesson segment. Due to the complex nature of class-
room interactions, this manual observation process
often requires substantial human effort and time. In
addition, raters typically undergo intensive training
and pass quality control checks to ensure rating re-
liability. Given these resource-intensive demands,
automated assessment approaches using artificial
intelligence (AI) techniques could enhance both the
scalability of classroom observation studies and the
frequency of feedback provided to teachers.

Rapid advancements in Large Language Models
(LLMs) have demonstrated remarkable capabilities
in understanding and analyzing natural language,
leading to their expanding applications across di-
verse fields (Yang et al., 2024). In educational con-
texts, LLMs have been explored for various tasks to
foster teaching and learning (Kasneci et al., 2023),
including essay writing assessment (SeBler et al.,
2023, 2024), teachable agents for programming
(Ma et al., 2024), and instructional plan genera-
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tion (Hu et al., 2024). Meanwhile, the emerging
paradigm of “LLMs-as-Judges” has gained increas-
ing attention for leveraging LLMs as evaluators in
complex tasks (Gu et al., 2024), presenting new
possibilities for supporting classroom observation
procedures. Recent studies have explored the use
of LLMs for assessing teaching practices through
the analysis of lesson transcripts (Wang and Dem-
szky, 2023; Tran et al., 2024). Whereas in these
studies, LLMs are prompted to provide supporting
evidence before generating ratings, their evalua-
tions focus primarily on the consistency between
model-generated and human-assigned scores, leav-
ing the alignment of evidence-based rationales un-
explored. As classroom discourse often involves
complex interactions, understanding how LLMs
analyze teaching dynamics and justify their rating
decisions is critical for validating their assessment
capabilities and ensuring the interpretability and
trustworthiness of automated evaluations.

In this study, we investigate rating agreement and
the correspondence between LLM-identified and
human-documented evidence in assessing teacher
questioning practices. The analysis is based on
lesson transcript data from the German subset of
Global Teaching Insights (GTI) (OECD, 2020),
a large-scale international classroom observation
study. These transcripts document authentic mathe-
matics instruction dialogues and contain detailed
annotations from trained raters, including high-
lighted text spans that reflect specific teaching prac-
tices. We focus on the Questioning component
within the GTI observation protocol (Bell et al.,
2018a), as questioning practices can be effectively
analyzed using text transcripts alone, whereas other
dimensions (e.g., social-emotional support) may
rely more on non-verbal cues such as visual behav-
iors. Furthermore, teacher questioning serves as
a prominent feature of classroom discourse, and
effective questioning practices play a pivotal role
in student cognitive engagement and learning out-
comes (Redfield and Rousseau, 1981; Chin, 2007).
The GTI Questioning component reflects the cog-
nitive demand of teacher questions, emphasizing
how they engage students at different levels of
cognitive complexity and depth of processing in-
formation. To automate assessment, we leverage
the zero-shot capabilities of advanced GPT models
(GPT-40 and o1), using Chain-of-Thought (CoT)
reasoning (Wei et al., 2022) to guide them in iden-
tifying key evidence, categorizing question types,
and assigning ratings. Afterward, we analyze hu-

man and LLM alignment in holistic ratings, evi-
dence overlap at both character and span levels,
and questioning classification. This comprehen-
sive analysis reveals how automated assessment
approaches correspond to authentic human rating
practices, providing insights into LLMs’ potential
to support manual observation processes and offer
teachers concrete feedback.

2 Related Work

2.1 Automated Questioning Identification

Early research in automated identification of
teacher questions focused on analyzing classroom
discourse transcripts and audio recordings. (Don-
nelly et al., 2017) trained machine learning (ML)
models that combined linguistic, acoustic, and con-
text features to identify whether a teacher utter-
ance constitutes a question. (Kelly et al., 2018)
developed automated methods to estimate the pro-
portion of authentic questioning in a class period.
Recent studies have advanced beyond binary ques-
tion detection to analyze specific questioning strate-
gies. (Alic et al., 2022) employed both supervised
and unsupervised ML approaches to distinguish
between “funneling” questions that guide students
toward normative answers and “focusing” ques-
tions that encourage deeper thinking. Similarly,
(Datta et al., 2023) leveraged pre-trained language
models to classify teacher questions into four cat-
egories: probing, procedural, expository, and oth-
ers. Moreover, (Kupor et al., 2023) fine-tuned GPT
models to identify various instructional talk moves,
including questioning strategies such as eliciting
and probing student ideas. Whereas these studies
demonstrated advances in automated questioning
identification, they primarily treated questions as
isolated instances rather than analyzing patterns of
questioning practices within the broader context of
classroom discourse.

2.2 LLMs in Teaching Practice Assessment

With recent progress in LLMs, researchers have
explored their potential for automated assessment
of teaching practices by analyzing classroom tran-
scripts. One of the earliest studies in this area was
conducted by (Wang and Demszky, 2023), who
leveraged GPT-3.5’s zero-shot capability with dif-
ferent prompting methods to evaluate several as-
pects of teaching practices based on the CLASS
and Mathematical Quality Instruction (MQI) (Hill
et al., 2008) frameworks. In addition to score
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prediction, they prompted GPT-3.5 to identify ex-
emplary and problematic examples for each as-
sessed dimension and to generate suggestions for
how teachers could enhance student reasoning
within the given classroom discourse. Analyzing
a dataset of 100 transcript segments, they found
that model-predicted scores showed generally poor
alignment with human-assigned ratings and that
employing CoT reasoning did not improve perfor-
mance. Following this direction, (Hou et al., 2024)
demonstrated that the more advanced GPT-4 model
achieved superior zero-shot performance compared
to GPT-3.5 in assessing classroom social-emotional
support levels. Moreover, (Tran et al., 2024) exam-
ined how different task formulations affect LLMs’
performance in evaluating classroom discussion
quality, finding that explicitly guiding LLMs to ex-
tract relevant dialogue turns improved rating ac-
curacy. Additionally, (Whitehill and LoCasale-
Crouch, 2024) proposed a novel approach to as-
sessing CLASS scores by prompting Llama 2 (Tou-
vron et al., 2023) to identify behavioral indicators
in individual teacher utterances, then aggregating
these to predict holistic scores via linear regression.
Their results showed that this automated approach
could approach human inter-rater reliability while
providing explanations at the utterance level.

Whereas existing studies explored prompting
LLMs to extract relevant utterances beyond rating
scores, they either focused solely on rating per-
formance (Hou et al., 2024; Tran et al., 2024) or
validated the extracted evidence through external
reviewers (such as recruited teachers in (Wang and
Demszky, 2023) and authors themselves in (White-
hill and LoCasale-Crouch, 2024)) rather than ex-
amining their alignment with trained raters directly
involved in the protocol coding process. In this
context, our study contributes to this line of re-
search by (1) conducting a comprehensive analysis
of both rating alignment and evidence selection
overlap between LLM outputs and human anno-
tations, (2) examining whether CoT reasoning en-
hances LLMs’ capability to replicate human assess-
ment procedures, and (3) providing insights into
the similarities and differences between LLM and
human approaches in extracting discourse evidence
to reason their rating decisions.

3 Methodology

As illustrated in Figure 1, our study investigates
the extent to which LLM reasoning aligns with

manual annotations in assessing teacher question-
ing practices, comparing both rating assignments
and the evidence selected from lesson transcripts
to justify these decisions. This fosters the compre-
hension of LLM explainability, which is critical for
the trustworthy use of Al in educational contexts.

3.1 Dataset

Our analysis utilized data from Germany, one of
the participating countries in the Global Teach-
ing Insights (GTI) study (formerly known as
Teaching and Learning International Survey—Video
(TALIS-Video)) (OECD, 2020). The GTI study
systematically collected extensive classroom data
on the teaching of quadratic equations and con-
ducted a comprehensive global analysis of effective
instructional practices. The German data includes
100 lesson recordings from 50 classrooms with
1,140 students across 38 schools. Anonymized
lesson transcripts were created manually from the
videos, with timestamps and speaker identifiers
(e.g., “L” for teachers, “S01”, “S02” for students).

Grounded in the GTI video observation protocol
(Bell et al., 2018a), each lesson was divided into
16-minute segments, with each segment rated by
intensively trained raters on a 1-4 scale across six
domains. Each domain contains three components
of instructional practice. Our study focused on the
Questioning component, an important element of
the Discourse domain. Effective questioning prac-
tices that facilitate student learning require students
to engage across multiple levels of cognitive rea-
soning, with particular emphasis on higher-order
thinking skills (Henningsen and Stein, 1997). To
this end, the GTI Questioning component evalu-
ates the cognitive demands of teacher questions,
categorizing them into three types: (1) questions
that prompt students to recall information, report
answers, provide yes/no responses, or define terms;
(2) questions that require students to summarize,
explain, classify, or apply rules, processes, or for-
mulas; and (3) questions that challenge students to
analyze, synthesize, justify, or conjecture. Table 1
presents examples of each question type. The four-
point rating scale reflects the relative emphasis and
distribution of these question types throughout a
lesson segment, with higher ratings indicating a
greater proportion of more cognitively demanding
questions (see Figure 3).

During video observation, raters were instructed
to use the lesson transcripts as auxiliary tools, in
which they highlighted relevant text spans and
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Figure 1. An overview of our study. LLMs are prompted to evaluate instructional questioning practices on a
four-point scale and identify relevant evidence excerpts from transcripts. We then analyze the alignment between
LLMs’ assigned ratings and text selections with those provided by a trained rater.

Questions that request
students to...

Examples

recall, report an answer,
provide yes/no answers,
and/or define terms

(1) What did you get Patrick?

(2) What is the equivalence principle?

(3) Whatis A? B? C?

(4) Did you understand that explanation?

(5) Do you remember what we did yesterday?

summarize, explain, clas-
sify, or apply rules, pro-
cesses, or formulas

(1) Can you tell me how did you get this answer?

(2) Let’s see if substituting 4 and 8 each into x in equation 2 would work.
Why do we substitute 4 and 8?

(3) How many conditions do the roots of quadratic equations with one
unknown have? What are they?

analyze, synthesize, justify,
or conjecture

(1) The perimeter of a rectangle is 20. What is the area of the rectangle?

(2) What is the pattern you notice across the three problems we just solved?
Look carefully.

(3) Can you explain why you disagree? Why do you think completing the
square is a more efficient approach than just using the quadratic equation
for number 4 on the board?

Table 1. Three questioning types and their examples (Bell et al., 2018b).

0:07:40 T: vyes exactly no that is thus the case where we have no
solution when do we get exactly one solution from our
quadratic equation DC_QUEST (recall) SO05

Figure 2. Visualization of an authentic manual annotation example (translated word-for-word from German to
English for readability). DC_QUEST means the Questioning component in the Discourse domain. T: Teacher; S05:

Student.
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specified the corresponding components. As these
transcript annotations served primarily as working
notes to support the rating process rather than as
systematically standardized documentation, indi-
vidual raters could vary in their annotation styles.
Some raters provided detailed evidence highlights
for certain components while annotating others
sparsely, reflecting individual documentation pref-
erences. This authentic variation, although valu-
able for understanding real-world assessment prac-
tices, presented challenges for conducting a unified
analysis across all raters. Therefore, to enable a fo-
cused analysis of questioning practices, we selected
data from one rater who provided detailed textual
evidence for the Questioning component, including
fine-grained annotations that categorized question-
ing strategies. This resulted in a dataset of § lessons
containing 28 segments and 149 highlighted text
spans. Figure 2 illustrates an annotation exam-
ple. Additionally, as each segment was assessed by
two randomly assigned raters, we calculated the se-
lected rater’s agreement with others who evaluated
the same set of segments for the Questioning com-
ponent, resulting in a Quadratic Weighted Kappa
(QWK) score of 0.48. To contextualize this agree-
ment level, we extended the leave-one-rater-out
analysis to all 14 raters over the whole GTI Ger-
many dataset. The average QWK score across all
raters was 0.23, indicating that the chosen rater
exhibited relatively high consistency with others
in evaluating questioning practices. Moreover, we
processed the annotated transcripts using INCEp-
TION (Klie et al., 2018), an open-source text anno-
tation platform, to convert the original annotations
into a structured dataset by pairing highlighted text
spans with corresponding question categories for
subsequent comparison with LLM annotations.

3.2 ChatGPT Zero-Shot Annotation

We employed two state-of-the-art GPT models',
GPT-40 (gpt-40-2024-11-20) and ol (01-2024-12-
17), to automatically assess questioning practices
while extracting supporting evidence from class-
room dialogues. For each model, we investigated
two zero-shot prompting strategies: a basic prompt
and Chain-of-Thought (CoT) (Wei et al., 2022)
reasoning. The basic prompt (see Figure 3) posi-
tioned LLMs as expert raters in evaluating teaching
practices and outlined multiple rating guidelines,
including examples of the three questioning types

"https://platform.openai.com/docs/models

(see Table 1) and detailed scoring criteria for each
rating level. Additionally, the prompt incorporated
a 16-minute segment transcript for evaluation and
instructed LLMs to provide a rating score along
with a list of supporting evidence in the form of
verbatim excerpts. Model responses were required
in JSON format to ensure consistency and facilitate
systematic analysis. The CoT prompt maintained
all elements of the basic prompt but introduced
explicit procedural analysis steps shown in Fig-
ure 4. Besides rating assignment and evidence
extraction, the model was required to classify each
identified evidence excerpt into one of three pre-
defined question categories in its JSON response.
This additional categorization enabled a more gran-
ular analysis of instructional questioning practices.

We accessed both GPT models via the OpenAl
API and used default hyperparameters for infer-
ence. Due to the variability in LLM outputs, we
conducted three independent runs for each experi-
mental setting and averaged their evaluation results.

3.3 Evaluation Metrics

To understand how closely automated assessments
correspond to authentic human annotations in eval-
uating teacher questioning practices, we examined
three aspects: (1) rating alignment, (2) textual evi-
dence overlap, and (3) questioning categorization
consistency. The used metrics are described below.

(1) First, we utilized Quadratic Weighted Kappa
(QWK) to measure agreement between model-
generated and human-assigned scores. QWK ac-
counts for the ordinal nature of rating levels by
penalizing larger disagreements more heavily than
smaller ones. (2) Second, we explored the degree
of overlap between model-extracted and human-
highlighted evidence spans at both character and
span levels. At the character level, for a given
transcript segment, we mapped each evidence ex-
cerpt (from either the model or the human rater) to
its respective position in the transcript by identify-
ing its start and end character indices. Afterward,
we calculated the Intersection over Union (IoU)
between model-extracted and human-annotated ev-
idence sets, defined as the ratio of overlapping
characters relative to the total number of charac-
ters covered by either set. However, interactive
classroom discourse differs from structured written
text, often involving fragmented, overlapping, and
context-dependent utterances. As a result, annota-
tors could include varying amounts of surrounding
context when marking the same evidence. This in-
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# Task

You are an expert in evaluating the quality of classroom interactions based on lesson transcripts. You will be provided with
a German transcript of a mathematics lesson segment focusing on quadratic equations. The transcript includes timestamps

and speaker annotations, with 'L' indicating the teacher and 'S' followed by an ID number identifying anonymous students.

Your task is to assess the teaching quality dimension of 'Questioning', which evaluates the nature of the questions asked by
teachers that request students engage in a range of types of cognitive reasoning.

# Important Note
* Rhetorical questions (i.e., questions the teacher poses and either does not answer or answers him or herself) should not be
counted during rating.
* The rater should focus on what kinds of questions characterize the segment.
* Here are three types of questions with examples:
{Examples of three question types}

# Rating Scale (1-4, low to high)

* Score 1: Questions generally request students recall, report an answer, provide yes/no answers, and/or define terms.

* Score 2: Questions generally request students recall, report an answer, provide yes/no answers, and/or define terms,
although there are some questions that request students summarize, explain, classify, or apply rules, processes, or formulas.
* Score 3: Despite a few questions that request students recall, report, and/or define, most questions request that students
summarize, explain, classify, or apply rules, processes, or formulas. There may be a small number of questions that request
students analyze, synthesize, justify, or conjecture.

* Score 4: Questions request a mixture of recall, reporting, defining, summarizing, explaining, classifying, applying rules,
processes, or formulas, analyzing, synthesizing, justifying, and/or conjecturing, but the emphasis is on questions that
request students analyze, synthesize, justify, or conjecture.

# Instructions
Provide a JSON response with a rating and a list of key evidence supporting your rating:
{
"rating": <integer score>,
"evidence": ["<exact quote 1>", "<exact quote 2>", ...]
}
Note: Use exact character-for-character text spans from the provided transcript as complete evidence. Do NOT modify,
paraphrase, abbreviate, or omit any content (including punctuation and formatting).

# Transcript
Below is the transcript to be rated, enclosed in triple backticks:
“{Transcript}™™

Figure 3. Basic prompt including comprehensive coding rubrics and response instructions. { Examples of three
question types} can be found in Table 1.

# Instructions
Analyze the transcript following these steps:
1. Read the transcript carefully,
2. Identify teacher questions maching the three aforementioned types,
3. Rate the transcript based on the coding rubrics.
Provide a JSON response with a rating and a list of relevant teacher questions along with their types:
{

"rating": <integer score>,

"evidence":

[{"question": <exact quote 1>, "type": <1, 2, or 3>}, ...]

}
Note: Use exact character-for-character text spans from the provided transcript as complete evidence. Do NOT
modify, paraphrase, abbreviate, or omit any content (including punctuation and formatting).

Figure 4. Chain-of-Thought prompt (sharing identical rating guidelines with the basic prompt).
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herent variation in annotation granularity made ex-
act character-level alignment overly restrictive. To
address this, we adopted a more flexible matching
criterion at the span level. A model-extracted span
was considered a match with a manual annotation
if they overlapped within the same general region
of the transcript. Based on these counts, we calcu-
lated Precision (i.e., proportion of matches among
model-extracted spans), Recall (i.e., proportion of
matches among human-annotated spans), and F1-
Score (i.e., harmonic mean of Precision and Recall).
The resulting metrics were averaged across all tran-
script segments. (3) Finally, for matched evidence
spans, we evaluated the classification of question
types utilizing weighted Precision (i.e., how many
of model-predicted question types were correct),
Recall (i.e., how many of human-labeled question
types were identified), and F1-Score.

4 Results

Table 2 presents the results on the consistency be-
tween LLM- and human-assigned ratings. GPT-40
with the CoT prompt achieved the highest agree-
ment with human ratings (QWK=0.33), yielding
notable improvement over its basic prompt coun-
terpart. In contrast, the ol model showed similar
QWK scores for both basic and CoT prompts. Sub-
sequently, we analyzed the overlap between model-
extracted and human-annotated evidence at both
character and span levels, along with their question
type categorization. The results are summarized
in Table 3. Regarding the selection of textual ev-
idence, CoT prompting generally yielded higher
character-level overlap than the basic prompt across
both models, with the o1 CoT variant achieving the
highest IoU of 0.14. At the span level, o1 resulted
in stronger alignment across all metrics compared
to GPT-40 under both prompting conditions. Simi-
lar to the rating results, the ol model maintained a
consistent F1 score of 0.38 between basic and CoT
prompts. For question type categorization, under
CoT prompting, the ol model achieved a higher F1-
Score than GPT-4o in distinguishing questioning
evidence across three levels of cognitive demand.
In addition to the quantitative analysis, Figure 5
illustrates an exemplary comparison between hu-
man and LLM (01-CoT) evidence selections from
a transcript excerpt. The excerpt presents class-
room discourse at the start of a math lesson, where
the teacher reviews quadratic equations through
a series of questions. The visualization captures

both areas of convergence and divergence between
human and model annotations. The overlapping
regions (lime green) indicate alignment in identi-
fying explicit instructional questioning while also
revealing variations in the amount of surrounding
context included by annotators when highlighting
the same evidence. Whereas model-specific anno-
tations (pure green) frequently include direct refer-
ences to individual students (e.g., “S18”) and focus
on explicit computational prompts such as “yes and
g,” human-only annotations (yellow), such as “now
we substitute this into...,” tend to reflect a more
contextualized and indirect questioning approach
directed at students. Moreover, this comparison
reveals that both model and human annotations oc-
casionally overlook certain questions, leaving them
unmarked and thus excluded from the assessment
(e.g., “-6/2 is how much”).

5 Discussion

In this study, we explored the zero-shot capabilities
of advanced LLMs in evaluating instructional ques-
tioning practices from classroom transcripts. Our
comparative analysis between LLM judgments and
authentic human annotations revealed both areas
of alignment and notable discrepancies in assess-
ment approaches. The overall inter-rater agreement
(QWK=0.23, see Sect. 3.1) in the GTI Germany
dataset for the Questioning component underscores
the inherent subjectivity of classroom observation
over 16-minute instruction segments, suggesting
that even trained human raters may differ in their
interpretations of questioning practices. Within
this context, the alignment between LLMs and the
selected rater (QWK up to 0.33), whereas falling
below the selected rater’s agreement with other
raters (QWK=0.48) on the same segment set, in-
dicates the potential of LLMs to serve as assistive
tools in classroom observation. Our results showed
a moderate overlap in evidence selections (IoU up
to 0.14, F1 up to 0.38) between LLM outputs and
human annotations. Through analysis of multi-
ple transcript examples, we observed that, whereas
LLMs and the human rater aligned in identifying
explicit instructional questions, they differed in an-
notation scope and granularity. LLMs tended to
provide more comprehensive coverage of question-
ing instances throughout the discourse and include
more surrounding dialogue around each question.
It is important to consider the nature of human-
annotated transcripts, which were created as prac-
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Model Prompt Type QWK
Human Raters - 0.48
Basi 1
GPT4o asic 0.17
CoT 0.33
Basic 0.22
ol
CoT 0.23

Table 2. Results of agreement between LLM-generated scores and human-assigned ratings. For human raters,
QWK is computed by comparing the chosen rater’s scores with those of other raters who evaluated the same set of

segments.
Model Prompt Evidence Overlap Question Categorization
Type IoU Recall  Precision F1 Recall ~ Precision F1
Basic 0.06 0.14 0.23 0.18 - - -
GPT-40
CoT 0.10 0.21 0.29 0.24 0.44 0.67 0.50
| Basic 0.09 0.33 0.45 0.38 - - -
0
CoT 0.14 0.52 0.29 0.38 0.61 0.55 0.58

Table 3. Results of LLM and human alignment in evidence selections and question categorization. Bold values
indicate the highest alignment for each metric.

.

0:00:00 T: I wish you all a very good morning (C: good morning) so we continue with quadratic
equations we started in the last lesson solving these equations using the solution formula (.) do you
still remember what the solution formula is if not take a look in your folder in the notebook S18 (S18:
x1 x2 = uhm =-p/22+/- uhm V(p/2)?-q) exactly you have already solved some exercises that were in
normal form let's do one more example x>+6x+8=0 (.) what is p in this equation (:) S06 (S06: 6) yes
and q S06 (S06: 8) yes (.) now we substitute this into the solution formula who will dictate the
equation for me S15 (S15: uhm x1,2 uhm =- uhm 6/2) mhm (S15: +/- uhm v uhm (uhm 6/2)-8)
exactly -6/2 is how much S17 (S17: - 3) -3 (.) how large is this term use a calculator if necessary (.)
6/22-8 S19 (S19: 1) yes so -3+/-1 (.) what is then x1.:S17 (S17: -2) say the full calculation (S17: uhm
-3+1) exactly (S17: equals minu-) and x2 (S17: -3-1 (.) =-4) correct so our solution set is -2 and -4

J

Figure 5. Visualization of evidence overlap between human and model (01-CoT) annotations in a transcript excerpt
(translated from German to English). Yellow: human-only annotations; Pure green: model-only annotations; Lime
green: overlapping selections. T: Teacher; C: Class; S06, S18, ...: Student.
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tical notes rather than exhaustive documentation.
Given that human raters assessed multiple compo-
nents simultaneously, they may prioritize salient
evidence that most effectively supports their eval-
uations, potentially omitting trivial or redundant
instances. For example, in Figure 5, whereas the
model identified some short questions, human an-
notations tended to focus on more substantive spans
that warranted explicit documentation. This selec-
tive nature reflects authentic annotation practices
in real-world classroom observation settings.

Moreover, our findings revealed distinct patterns
in how GPT-40 and ol performed under basic and
CoT prompting. For GPT-40, CoT reasoning re-
sulted in higher agreement with human annotations
across all metrics compared to the basic instruction,
indicating that explicit guidance through structured
reasoning steps helps LLMs better approximate hu-
man assessment practices. In contrast, ol yielded
comparable alignment levels between basic and
CoT prompts, possibly attributed to o1’s intrinsic
reasoning mechanism that enables it to infer and
apply implicit procedural analysis from basic in-
structions paired with rating guidelines. Further,
whereas GPT-40 with CoT achieved a higher rating
agreement than ol, ol led to greater consistency
with human annotations in evidence selections and
question type classification. This discrepancy sug-
gests potential differences in how human raters
and LLMs translate identified evidence into holis-
tic scores, indicating the complexity of teaching
quality assessment. Additionally, ol generates nu-
merous intermediate tokens during its internal rea-
soning process before producing a final response,
resulting in longer inference time and higher API
costs. Thus, GPT-40 with CoT prompting might
present a more balanced solution, offering a trade-
off between accuracy and efficiency.

Our findings suggest promising implications for
integrating LL.Ms into classroom observation. Un-
like traditional automated methods (Ramakrishnan
et al., 2021; James et al., 2018) that often lack
explainability, LLMs can explicitly identify rele-
vant discourse evidence to support their ratings.
Thus, they could serve as complementary raters
by suggesting highlights in transcripts for human
raters to validate or refine. This human-in-the-loop
approach would reduce the manual workload of
sifting through lengthy transcripts while maintain-
ing expert-level judgment. Beyond assisting man-
ual observation, LLM-generated evidence-based
assessments could form the basis for systems that

provide teachers with timely feedback, offering
both holistic ratings and representative examples
of teaching practices (e.g., high-quality questions
that promote students’ high-order thinking). More-
over, these automated analyses could be valuable
as training materials for novice raters by providing
annotated instances of different questioning types
and their impact on instruction. However, given the
high-stakes nature of teaching quality assessment
and potential algorithmic biases, it is crucial to rec-
ognize that LLMs should complement, rather than
replace, manual coding or professional develop-
ment resources. This allows raters and teachers to
choose how to utilize these automated annotations
to refine professional skills at their own pace.

One limitation of our study is its focus solely
on the GTI Questioning component. While this
verbally-oriented practice suits transcript analy-
sis, the generalizability of our findings to other
instructional components (e.g., teacher feedback)
remains to be explored. Moreover, although the
selected rater exhibited above-average agreement
with peers, expanding the dataset to include more
raters would allow for a more comprehensive under-
standing of human annotation variability. Further,
while CoT reasoning showed promising results, fu-
ture research could benefit from employing more
sophisticated promoting engineering strategies, like
in-context learning. Additionally, with the rise of
open-source models such as Llama (Touvron et al.,
2023), future work could explore their applications
to classroom observation tasks, offering potential
alternatives to closed-source models and enabling
large-scale studies at reduced operational costs.

6 Conclusion

This study examines the alignment between LLM-
and human-generated assessments of teacher ques-
tioning practices, involving both rating assignments
and evidence extraction. CoT prompting proves ef-
fective in guiding LL.Ms to approximate human
assessment procedures. Although LLM and human
annotations exhibit different patterns in granularity
and context inclusion, these variations highlight
complementary approaches to identifying instruc-
tional events. Our findings suggest LLMs’ poten-
tial to enhance the explainability and trustworthi-
ness of rating decisions and to facilitate manual
observation and foster teacher professional growth
in future applications.
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