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ABSTRACT

If teaching quality is an important factor in learning, its systematic evaluation remains complex
and costly, as it still relies heavily on human expertise based on classroom observation. In
mathematics, the MQI (Mathematical Quality of Instruction) framwmakes it possible to
analyze classroom interactions in detail. This thesis explores a new direction: using large
language models (LLMs) as ratetd M-as-Judgeparadigm) to automate the evaluation of

classroom transcripts at scale.

The aim was to determine whether a model from the Gemini 2.5 family could reliably reproduce
expert human scores Using the NCTE dataset, we also tested the influence of several
parameters: codebook precision, the inclusion of examples, explicit reasoning-djehain
thought) or implicit reasoning (thinking mode), and model version. Reliability was assessed

throughnoAin f eri ority tests based on Krippendor ffq

The results are mixed: across the 38 MQI dimensions examined, no LLM configuration reached
the level of reliability required tanatch human atesd performance Although prompt
optimization improved performance, the models remained consistently below human expert
agreement. However, the analysis also showed that LLMs were able to rank teachers and
lessons correctly according to their overall quality. While theynotyet match expert level
performancethey still appear useful for the exploratory analysis of large volumes of data. More
broadly, this study highlights how difficult it remains to delegate pedagogical evaluation to Al

when such judgments depend on a high level of interpretation and damberiedge.
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On the Use of Large Lar

1 INTRODUCTION

1.1 TEACHING QUALITY AND STUDENT LEARNING

1.1.1 The Effect of Teaching Quality
A large body of empirical research in education economics, psychology, and education sciences
shows that teaching quality significantly affects student learning. Despite different methods,

these studies converge on a central finding: teachers are noharigeable.

Differences in teacher effectiveness result in significant differences in student p(biyess

al., 2004; Rivkin et al., 2005These studies suggest that a one standard deviation increase in
teacher effectiveness is associated with gains of abouteatie to onehird of a standard

deviation in student performancéne authors indicate thaacher quality may even be a more
important determinant of learning than the school itdetiportantly, these differences in

gual ity are |l argely independent of the teach
the first years of teachin@ heseeffects are also stronger in matheicgthan in reading and

are particularly pronounced in disadvantaged secmnomic context@N\ye et al., 2004)

The influence of teaching quality is not limited to instructional aspBtagar and Kraft (2017)

show that teachers differ not only in their effects on achievement, but also in their effects on

s t u d e neffisady, happiheks in class, and classroom behaMms highlights that teaching

guality shapes how studerggperience anéngage with learningRelational aspects further

contribute to this procesRoorda et al. (201Bhow in a metanalysis that the affective quality

of teacheirstudent relationships is positively associated with school engagement and, to a lesser
extent, academic achievement. These effects are particularly pronounced for students from
disadvantaged logrounds. Taken together, these findings suggest that teaching quality
influences | earning not only through instruc

and engagement, which in turn are reflected in their attitudes and behaviors.

Over the longer term these effects accumulate and translate into broader life outeadlesr T
valueadded as measured through student progress, is associated with higher probabilities for
the students of attending higher education, accessing frgihleed colleges, earning higher

incomes, and experiencing improved living conditi¢@betty et al., 2014)Teaching effects

INTRODUCTION Pagel of 72
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therefore extend beyond immediate classroom outcomes to reflect lasting influences on

educational and socieconomic trajectories.

However, the nature and size of these effects depend strongly on how learning is defined and
measured. A metanalysis bySeidel and Shavelson (2003hows that the magnitude of
teaching effects varies depending on the theoretical framework, the variables considered, and
the study design. Approaches that link general teaching practices (e.g., time on task, feedback)

to student outcomes tend to find telaly small effects of teaching quality on student learning.

Il n contrast, when teaching is defined as su
through domairspecific activities (e.g., problem solving in mathematics), the observed effects

are larger and extend across different types of learning outcomes (cognitive, motivational
affective, and proces®lated). These results indicate that practices closely tied to subject

content are generally more related to learning than more general tedicheérgions.

Overall, these studies converge on the idea that teaching quality has a significant impact on
student learning, both in the short and long té@imetty et al., 2014; Nye et al., 200épwever,

this influence is only weakly explained by factors such as experience or educational attainment
(Rivkin et al., 2005pnd cannot be reduced to a single uniform effBtazar & Kraft, 2017;

Seidel & Shavelson, 2007Rather, it depends on the specific dimensions of teaching being

considered.

1.1.2 Mechanisms Linking Teaching Quality to Learning

One way to understand the mechanisms underly
that teaching quality works by structuring the conditions in which students learn. It influences

how content is presented, how tasks are designed, how errorsi@gestood, and how
engagement is supported. In other words, it operates through the learning experiences made

possible in the classroom.

A first mechanism concerns the alignment of
Sweller (1988) shows that some forms of instruction can hinder learning rather than support it.
According to him, learning is not only about solving problenus,aibout acquiring schemas,

that is, organized cognitive structures. However, for novices, standard prebl&ng often

relies on ameansends analysisstrategy, which overloads working memory by focusing
attention on the immediate goal rather than angtiucture of the probleifsweller, 1988)

Under these conditions, the mental activity required to find a solution can prevent the student

INTRODUCTION Page2 of 72
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from understanding how the problem works. Teaching quality thus also depends on the ability

to design tasks that are compatible with nov

This idea connects with the framework proposedShyliman (1986)who emphasizes how
teachers transform content to make it accessible to students. According to him, research on
teaching has long focused too much on general dimensions, such as classroom management,
while neglecting understanding of the content beinghtiand its pedagogical transformation.

He refers to this as thmissing paradigmHis main contribution is the concept of pedagogical
content knowledge (PCK), which refers to a specific knowledge of how to teach a given subject:
selecting examples, analogies, and relevant representations, anticipating common errors, and
respondingtst udent so6 mi.Shus) chahing gualityddoes gos depend only on
general pedagogical skills, but also on the ability to make disciplinary knowledge

understandable to novices.

The study byBaumert et al. (2010provides empirical support for this idea. The authors
distinguish between content knowledge (CK) and pedagogical content knowledge (PCK), and
show that although these two dimensions are related, it is mainly PCK that is associated with
student progressMore precisely, this effect operates through two mechanisms: cognitive
activation, that is, the ability to propose tasks that stimulate reasoning and reflection, and
individualized support, t hat i s, t he tyadj ust
therefore affects learning by structuring cognitive opportunities for learning: it depends on how

students are led to think about the content and how they are supported in this activity.

Teaching quality also operates through the regulation of learning. On this point, Hattie and
Timperley (2007) give a central role to feedback, defined as information provided to the student
about their performance or understanding in order to reduce pHeegjgeen their current state

and the intended goal. Effective feedback helps the student understand where they are going,
where theycurrentlyare, and what they need to do n@gkattie & Timperley, 2007)The authors

show in particular that the most useful feedback focuses on processes -aagusation, as it

helps students adjust their strategies and better control their reasoning. Teaching quality

therefore also depends on how the teacherguidesand ul at es studentsé co

Finally, teaching quality also has a motivational dimension. The-aretlysis by Su and Reeve
(2011) shows that autonorsyipportive teaching promotes motivation, engagement, and the
quality of learning. This support for autonomy includes providing reas@mhksaowledging the

student 6s perspective, -oortréliag languagdRuh&oReeve, s , an

INTRODUCTION Page3 of 72
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2011) Thus, highquality teaching also operates by fostering more voluntary and sustained

engagement in learning activities.

Overall, these studies converge on the same idea: teaching quality affects learning by
structuring the learning opportunities offered to students. It operates at the cognitive level, by
proposing tasks adagSweller, 1988)at the pedagaisad level,sop a c i t |
transforming content into understandable forif8lulman, 1986)at the level of classroom
processes, through cognitive activation and individualized suffaudmert et al., 2010and

also at the level of regulation and motivation, through feed@iatie & Timperley, 2007and

autonomy suppoiiSu & Reeve, 2011)

1.2 MEASURING TEACHING QUALITY

1.2.1 The Need for Systematic Observation in Teaching Quality Research

As previously shown bilye et al. (2004) and Rivkin et al. (200®janta and Hamre (2009)

highlights the limitations of indirect indicators of teaching quality such as degrees, years of
experience, or student test scores alone, as these provide limited insight into what teachers
actually do in the classroarMeasures based on student progress, such as the tealcieer

added provide useful information, but they do not, on their own, constitute a transparent
measure of teaching qualitlazar and Kraft (20173how thatwhile teachers influence both
students6é academic per f or ma,nhese twa dirdensiomsarier at t
only weakly relatedTeachers who improve test scores are not necessarily those who most
positively affect sheingdThissuggéstsehat tpaclyng quality canrotr we

be reduced to academialueaddedalore.

This valueadded approach also raises questions of validityet al. (2011)show thatvalue
addedscores, in addition to being associated with instructional quality, are also linked to
classroom composition and statistical modeling choices. Tdeggendencies introduce biases
and limit their interpretatioras standalone measures of teacher qudhtydings from the
Measures of Effective Teaching projpoint in a similar direction, while also highlighting the
value of a combined approafh J. Kane et al., 2013) he authors show that a composite index
integratingvalueadded classroom observations, and student surveys can, on average, predict
real differences in teacher quality in a setting involving random assignment of students. This
result supports the idea thabservational measuregrengthen the validity of evaluation

systems.

INTRODUCTION Paged of 72
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Pianta and Hamre (200€h)erefore propose shifting attention toward the direct observation of
teacherstudent interactions, insofar as these interactions constitute the very context in which
learning conditions are constructed. From this perspective, standardized observationtdoe
merely describe practices: it also makes it possible to produce theoretically grounded measures,
examine their validity, and identify concrete levers for improver(ieiainta & Hamre, 2009)

This focus on observed practiceeigenmore important given that the relevance of measures
varies depending on their proximity to learning processes. As discussed previously, the
conclusions ofSeidel and Shavelson (2003)ggest prioritizing indicators that are closely
related to the cognitive work required of students, rather than more distal measures. The TIMSS
1999 Video Study extends this idea by showing that vizkes®d observation can document not

only teaching behaors but also the nature of the learning opportunities offered to students:
level of content demand, conceptual coherence of lessons, and the extent to which reasoning,
inquiry, or student participation are encoura@d@ES, 2006) The issue is therefore not only

to observe what the teacher does, but to understand what kind of intellectual activity the

classroom makes possible.

Overall, this body of work leads to conceptualizing teaching quality not as an abstract property
of the teacher, nor as a simple performance score, but as a set of observable processes that
concretely structure learning opportunities. Systematic obsemiatis occupies a central role,

as it allows for a closer articulation between the evaluation of teaching, the interpretation of

differences in outcomes, and the identification of practices that can be improved.

1.2.2 Observation Frameworks for Teaching Quality
To address the need for systematic observation, educational research has progressively
developed observation frameworks, that is, structured tools designed to measure teaching

guality in a rigorous and comparable way.

An observation framework is not simply a descriptive checklist. It is a structured system that
combines a set of teaching dimensions to be observed and explicit rating rules that transform
these observations into scor@ell et al.,, 2019) These systems also include procedures to
ensure rating quality, such as observer training, -rater agreement checks, and lesson
sampling protocols. As such, an observation framework constitutes a methodological
instrument for assessing teaching dyalHowever, these frameworks are not homogeneous.
They differ substantially in their objectives, level of granularity, and underlying conception of
teaching(Bell et al., 2019)

INTRODUCTION Page5 of 72
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Some observation frameworks are generic, meaning they can be applied across subjects. This
is the case for Classroom Assessment Scoring System (CLASS), which focuses on the quality
of teacherstudent interactions independently of the content being tafgmta & Hamre,

2009) Such tools are particularly useful for larggale comparisons or evaluation systems. To
achieve this, CLASS structures classroom observation into a small number of clearly defined
dimensions, such as emotional support, classroom organization, andtios&iusupport, each
assessed using standardized criteria. This reduces the complexity of classroom interactions into
interpretable indicators. As a result, observations become comparable across classrooms,
teachers, and contexts. Using the same dimessiat scoring rules enables the standardization

of measures, allowing results to accumulate across studies, making it possible to build more

robust and cumulative evidence on teaching quality.

Other frameworks are contespecific. They focus on how knowledge is actually mobilized

and constructed in the classroom. The MQI (Mathematical Quality of Instruction), for example,

aims to capture the mathematical quality of teaching by assessing @mtaracy, the richness

of reasoning, and studentsdé eng@dletmle2019; i n me
Hill et al., 2008) These approaches are consistent with the findings showing that dimensions
closest to domakspecific cognitive activity are the most strongly related to learning outcomes
(Seidel & Shavelson, 2007)

A central point highlighted bBell et al. (2019)s that each framework relies on an implicit
theory of what constitutes figood teaching. o
as CLASS) reflects a developmental and socioconstructivist perspective, whereas a system like
MQI reflects a morelisciplinary and cognitive view of learning. These choices are not neutral:
they determine what is observed, what is valued, and therefore what is interpreted as teaching
guality. Rather than being mutually exclusive, classroom observation framewonis saan

as complementary, as each captures different yet valuable facets of teaching quality depending
on its theoretical focus, level of specificity, and intended purff®karalambous & Praetorius,

2022)

Observation frameworks therefore appear as central methodological tools for operationalizing
teaching quality. By making complex practices observable, measurable, and comparable, they
allow a more direct link between classroom processes and studentdeatonvever, their use
requires careful attention to the dimensions they capture and the conceptions of teaching they
embody.In addition, this link depends critically on how consistently these practices are
measured. A key issue is therefore ifater rdiability. Observation frameworks include

INTRODUCTION Page6 of 72
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specific proceduressuch as observeéraining, double ratingand calibration to ensure that
different observers produce comparable ratings for the same sit(iBetinet al., 2019)
Without such consistency, observed differences could reflect variation between raters rather
than real differences in teaching quality. Ensuring high reliability is thus a necessary condition

for treating these measures as scientifically valid.

1.2.3 The MQI: A Content-Specific Framework for Mathematics Instruction

The Mathematical Quality of InstructiofMQI) is an observation framework specifically
designed to analyze the quality of mathematics teaching. It follows a cepmtic approach,

which assumes that teaching quality cannot be fully understood without examining how
disciplinary content is dgally used in the classroo(€haralambous & Litke, 2018Vnlike
generic framewor ks, MQI aims to capture the
interactions between the teacher, students, and coft#dhtet al., 2008) addressing the
limitations offrameworksthat mainly assess general pedagogical aspects.

More specifically, MQlcaptures four core aspedisinstructions: te mathematical richness of
instruction (conceptual depth, multiple representations, connections between ideas), the
interactions with the students and the mathematics, the presence of errors or imprecision, and
the studentsd cogni ngiamdejustdcatprdCharalaenioous &ilLitke,r e a s o
2018; Hill et al., 2008; MET Project, 201@ach of these aspects is operationalized through
more specific indicatorsFor example, the mathematical richness of instruction includes
dimensions such akinking and Connections t e abkxpglaeatiahsthe use ofMultiple
Procedures or Solution MethadBeveloping Mathematical Generalizatigridathematical
LanguageandOverall Richness of Mathemati&eeFigure 1 for an example of detailed MQI
codebook provided to expert ratéigll PDF available on the GitHub page@&mszky & Hill,

2023) These dimensions go beyond a purely behavioral view of teaching by explicitly
incorporating the quality of the content and the cognitive processes involved. In this sense, MQI
stands out for its ability to capture fhgeained, disciplinespecific aspectsf instruction that

are directly related to the learning opportunities provided to stu(ieitset al., 2019; Learning
Mathematics for Teaching Project, 2011)
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This code captures the extent to which the teacher or students attend to one or more of the following:
*  The meaning of numbers
*  Understanding relationships between numbers
*  The relationships between contexts and the numbers or operations that reprasent them
* Connections between mathematical ideas or between ideas and representations
*  Giving meaning to mathematical ideas
+  Whether the modeling of and answers to problems maks sense
Examples include:
*  Focusing on value of quantities {2.g., "7/8 is close to 1")
*  The meaning of quantities (e.g., "the six represents the number of groups")
*  Discussing reasonableness of an expression, solution method, or answer
*  Using estimation or number sense
*  Giving meaning to procedures (e.g., “1/4 x 2/3 means taking 1/4 of 2/3 of a whole")
*  Giving meaning to expressions or equations
For word problems, score for activities like explaining why an operation is called for by a problem, why certain numbers are
used in the operation, reasonableness of answer, reasonableness of solution method, etc.
In geometry, include making sense of definitions (what counts as a polygon, what does not count as a polygon), formulas,
by elaborating them, applying them, finding counter-examples, etc. rather than just stating/executing them. Do not count
“Give me examples of a circle” — instead, count cases where the definition or formula has meaning made around it.
If sense-making is partially correct and partially incorrect, only score the portion that is correct (e.g., would be a High, but
vague for parts, thus receives a Mid).
Not present or incorrect. Teacher and/or students Teacher andjor students Teacher and/or students
focus briefly on meaning. focus on meaning more than | focus on meaning in
For instance, a student may | briefly (2.g., several sustained way during
remark that 7/8 is "almost instances within the segment. Need not be the
1" or attends to segment or one somewhat entire segment, but must be
reasonableness of the long instance), but this work | substantial.
solution method. is not sustained or
substantial.
Figure 1. MQI codebook example (Mathematical Senstaking)
Thisimage presents an example of a Mathematical Quality of Instruction (MQI) codebook
di mensi on, A MaMalkimag ,ic abseSkntse gui de human

defines the construct and provides illustrative examples of how teachers and students engage
with mathematical meaning he lower section specifies the scoring rubric across four levels

(Not Present, Low, Mid, High), describing increasing degreesnghgement with meaning
during a lesson segment. This example illustrates how MQI operationakzEgyogical

constructs into structured rating criteria, highlighting the level of interpretation and content

knowledge required from human raters.

Methodologically, MQI relies on a standardized observation protocol, mainly based on the

analysis of classroom videdseeFigure 2). Lessons are divided into time segments-(7.5

minute segments) and rated using explicit criteria by trained f@teasning Mathematics for

Teaching Project, 2011; Measures of Effective Teaching (MET) Project, .20&03nsure

reliability, multiple independent raters evaluate the same segments, and their scores are

aggregated. This process produces comparable indicators across teachers and contexts while

capturing the fingrained dynamics of classroom interactioBspirical studies show that

these measurdsave satisfactory reliability and are correlated with Mathematical Knowledge

for Teaching (MKT),that is, the mathematical knowledge specifically mobilized in the work

of teaching, beyond general disciplinary knowledgéhis respect, MKT can be seen as closely
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related to, though more firgrained than, the notion of pedagogical content knowledge (PCK,
Baumert et al., 2010; Shulman, 198@)pgether, these perspectives support the idea that
subjectspecific professional knowledge is a key foundation of {ggality mathematics
instruction and support the validifZharalambous & Litke, 2018; Hill et al., 2008)

Video-based observation of
a 7.5-minute lesson
segment

Ratings of each MQ
dimension

Linking and Connections
£
Major Mathematical Errors
|
Students Provide Explanations
1
Remediation of Student Errors
and Difficulties
|
Classroom Work is Connected
to Mathematics

Figure 2. MQI scoring process for a lesson segment
This figure schematically illustrates the MQI scoring procedure applied to a short {7.5
minute) classroom segment. The left panel represents the-héded observation of the
lesson, while the right paneadepicts the assignment of ratings across multiple MQI
dimensios, each receiving a separate ratirfgcores are shown for illustrative purposes only.
The layout is illustrative and does not necessarily reflect the exact format of the arddimgl
materials.

1.2.4 Human Annotation as a Scalability Bottleneck

The finegrained rating of observation protocols such as the MQI relies on specialized human
expertise that is difficult tonatch in practice. These instruments, which are contspécific,

require interpretive judgments about subtle aspects of mathematics instruction. This implies
extensive training for raters and strong familiarity with the subject matter being t&lilgbt

al., 2011) More broadly, teaching observation systems require rigorous training and calibration
procedures to ensure a shared understanding of rating criteria and to reduce the ambiguity

inherent in interpreting instructional practi¢&ll et al., 2019; Pianta & Hamre, 2009)

This requirement results in high methodological costs. l-acgée observational studies, such

as those conducted for the MET project or the NCTE dataset, rely on complex designs involving
many trained observers, the rating of multiple lessons per teactteongoing monitoring of
rating quality(Demszky & Hill, 2023; T. Kane et al., 2015; T. J. Kane et al., 20®ye
generally, the literature highlights that video rating of teaching practices istins&iming and

resourcentensive, requiring substantial human effort and limiting the scale of analyzable
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datasetgMantzicopoulos et al., 2018As a result, the production of largeale observational

data remains constrained by time, funding, and the availability of expert raters.

Moreover, despite these efforts in training and standardization, human annotations remain
subject to nomegligible intefrater variability. In the specific case of the MQI, research shows
that reliability strongly depends on the number of observationsrateds involved, often
requiring multiple rated units to reach acceptable reliability leidis et al., 2012) More
specifically, Hill et al. (2012) show that rating precision depends on the rater pool (with a need
for experienced raters), while reliability depends on the observation design (hnumber of lessons,
number of raters, full lesson vs. partial observatidn addition, generalizability theory
analyses indicate that some MQI dimensions struggle to reach satisfactory reliability thresholds,

even with several lessons and multiple rafstantzicopoulos et al., 2018)

Taken together, the combination of high expertise requirements, substantial workload, and
imperfect reliability constitutes a major methodological bottleneck in measuring teaching
guality. These structural limitations help explain the growing interesttoneated approaches
capable of reproducing, at least partially, expert judgments at lower cost and larger scale, paving
the way for the use of language models in educational evaluation.

1.3 LARGE LANGUAGE MODELS ASEVALUATION TOOLS

1.3.1 Foundations and Architecture of Large Language Models

The development of large language models (LLMs) follows a historical trajectory spanning
several decades, moving from simple statistical approaches to complex neural architectures
capable of simulating aspects of human understan@egkani et al., 2025An LLM is
fundamentally defined as an artificial neural network model, typically based on the Transformer
architecture, prrained on massive text corpora to predict the probability of a sequence of
words ortokensThe di stinction between a fistandardo
not only in the volume of training data, but primarily in the number of parameters, which often
reach hundreds of billion®eykani et al., 2025)

Natural Language Processing (NLP) has evolved through four major waves leading to current
LLMs (Peykanietal.,,2025) The first wave, based on stat.i
information theory and-gram modelsThese models predicted the next word based on the
frequency of short sequences, but were limited in capturingriamge dependencie$he

second wave introduced recurrent neural networks (RNNs) and longtemorimemory
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(LSTM) models, which improved context handling but remained constrained by their sequential
processing, limiting largecale parallelizatianThe third wave was marked by the emergence

of pretrained language models (PLMs), such as BERT and early versions ofAGkKey
breakthrough was the introduction of the Transformer architectukéabwani et al. (2017)

which replaced recurrence with an attention mechanism, allowing the model to process entire
sequences simultaneousliyhe fourth wave corresponds to LLMs themselves, with models
such as GP-B, PaLM, and LLaMA, demonstrating that scaling up leads to qualitatively new
capabilitiegPeykani et al., 2025)

The performance of LLMs relies on a mestage training proceg®eykani et al., 2025Pre

training is the most computationally intensive phase, during which the model learns linguistic
structures and broad statistical regularities from lagde unlabeled data. This is followed by
instruction tuning, in which the model is refined on préimgsponse pairs to better follow task
specific instructions. Finally, an alignment stage, often implemented through reinforcement
learning from human feedback (RLHF), aims to make model outputs more consistent with
human preferences and intended behralReykani et al., 2025Y his stage can help steer the
model toward responses that are safer, more acceptable, and better aligned with the evaluation

context, depending on the feedback data, reward design, and optimization procedure used.

1.3.2 Cognitive Capabilities and Emergent Properties

A key interestin LLMs liesintheirsoal | ed fiemergent o capabiliti:
in smaller models, appear unpredictably when model size and computational scale exceed a
critical thresholdWei et al., 2022)Emergence is defined as a phenomenon where guantitative
changes in a system lead to qualitative shifts in behavior. In practice, this means trstdbrge

models can handle abstract concepts that smaller models could only approach through surface

level pattern recognition.

One of the key properties is-gontext learning (ICL). Unlike traditional models that require
retraining (finetuning) for each new task, LLMs can learn to perform complex tasks by
observing a small number of examples directly within the prqidaveed et al., 2024This

Af smmot | earningo capability is particularly
the model to adapt its outputs in real time based on minimal guigBnoen et al., 2020;

Naveed et al., 2024)

Anotherimportant capability is chainf-thought (CoT) reasoningeeFigure3). This approach
encourages the model to break down a complex problem into intermediate logical steps before
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providing a final answefWei et al., 2022, 2023mpirical results show that this significantly
improves performance on tasks requiring msiiéip reasoning, such as arithmetic or symbolic
reasoning, with owithout fifew-shot prompting (Kojima et al., 2023)More recent models
extend this principle througihinking that is, by allocating additional inferenttme compute

to reasoning before answering. In the Gemini 2.5 report, thinking models are described as being
trained to use extra computation at inference time in order to arrive at more accurate answers,
someimes performing tens of thousands of forward passes during a dedicated thinking stage
before respondin¢Comanici et al., 2025Rather than immediately producing an answer after

the user query, the model is therefore allowed to spend more computation on the problem itself,

thereby improving accuracy on complex tasks.

Standard Prompting Chain-of-Thought Prompting
Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

Model Qutput Meodel Output

A: The answer is 27. x A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3+ 6 =9. The
answer is 9.

Figure 3. Standard vs chairof-thought prompting
This figure compares standard prompting and ckafithought prompting on an arithmetic
task. While standard prompting produces a direct (and here incorrect) answer;afhain
thought prompting includes intermediate reasoning steps, leadang often to a correct
result Adapted fronWei et al., (2023Figure 1).

However, these capabilities come with limitations since LLMs may still produce hallucinated
outputs(Peykani et al., 2025Pespite this, their ability to process large volumes of data in a
consistent manner, beyond human biological limits, makes them valuable tools fesdalge

research applications.

133 The o-bsfMdgeod Paradigm: Toward Aut omat e
The LLM-asjudge paradigms part of the broader context of the rapid development of large
language models (LLMs) and their use not only as generation tools but also as evaluation
instruments. This approach consists of using advanced language models as reference evaluators

to asses the quality of textual outputs, including student responses, instructional materials, or

outputs generated by other Al systef@sl et al., 2026)This paradigm has gained traction in
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response to the limitations of traditional automatic metrics (such as BLEU or ROUGE), which,
although efficient, fail to capture coherence, relevance, or the depth of an argGmental.,
2026)

In this context, th&.LM-asjudge paradigmnvolves using a language model to evaluate the
quality of a given output (text, response, rating, explanation) based on explicitly defined
criteria. In practice, the LLM receives an evaluation instruction (prompt) specifying the task,
the criteria, and @ametimes a rating scale, and then produces a structured judgment (score,
ranking, justification)(Zheng et al., 2023)This approach builds on prior work on model
alignment through reinforcement learning from human feedback (RLHF), where human

annotations are used to train models to reproduce human prefeflen®eiyang et al., 2022)

Several recent studies have formalized and evaluated this paradigm. For ir&taenceet al.

(2023) through the LMSYS Chatbot Arena platform, show that LLMs can produce comparative
evaluations (pairwise ranking) that are relatively consistent with human judgments, particularly
when comparing responses generated by different models. Sinilargt,al. (2023)ntroduce

the GEval framework, in which an LLM is guided by a chain of reasoning (ebiathought)

to produce more stable and interpretable evaluations. These approaches suggest that LLMs can
approximate human judgments at a very low marginal costliegatralable evaluation of

generative Al systems.

However, this paradigm also raises several methodological issues. The reliability of evaluations
depends strongly on the prompting and the formulation of the criteria, which raises concerns
about validity and reproducibilityGu et al., 2026)Fi nal | y , the absence
standardo makes it difficult to interpret t|
model and the evaluated model share similar architectures or trainin@leta et al., 2023)

1.3.4 Applications of LLMs in the Educational Landscape

The use of LLMs in education extends beyond simple grading. It directly impacts pedagogical
interactions and offers potential solutions to kstgnding scalability challenges in assessment.
While automated essay scoring (AES) systems have existed fatededd Ms enable the
analysis of not only surfadevel features (such as grammar or length), but also argumentative

guality and semant i c (Hoamgh&Wison, €025 i n st udent so

Classroom observation is one of the areas where the potential of LLMs faces the most technical
challenges. Frameworks such as CLASS or MQI requiredgiaged analysis of discourse.
Wang and Demszky (2023)ere among the first to use GBI5 to rate segments of
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mathematical classroom transcripts following the MQI framework. Their initial findings
showed that, although the model was able to
human expert ratings remained limited. The authors attribute this lonitedi the nature of

MQI, which is highly contend e pendent . Eval uating aspects
mat hemati cal | anguageo or t he HAspecifclexpartses of

that generapurpose models do not always possess.

More recent studies on CLASS evaluations suggest that integrating explicit analytical rubrics
(e.g., Bagof-Words approaches) and using more advanced models can improve agreement

levels, bringing them closer to human reliabi(fy/hitehill & LoCasaleCrouch, 2024)

1.4 RESEARCH GAP

1.4.1 MQI as a Challenging Evaluation Task

Automating the evaluation of teaching quality does not pose the same challenges across
instruments. In the case of the Mathematical Quality of Instruction (MQI), the task is
particularly demanding because it is a contgrgcific framework. MQI does notrsply aim

to identify general pedagogical behaviors; rather, it evaluates the quality of mathematical work
as it unfolds in classroom interactions, including the precision of mathematical language, the
conceptual richness of explanations, the handling r@irgrand the extent to which students

engage in substantive mathematical reasof@maralambous & Litke, 2018)

This specificity makes evaluation difficult for at least two reasons. First, MQI dimensions are
highly inferential: they require going beyond a literal reading of transcripts to produce an
interpretative judgment about the mathematical quality of interatiSecond, they rely on

both disciplinary and pedagogical expertise, allowing one to distinguish between a
mathematically rigorous explanation and one that is only superficially plausible. Recent work
on automated measurement of teaching quality shaatsrtbdel performance decreases when
target variables require greater inference and expertise, while it is higher for more discrete and

directly observable dimensiofB. Xu et al., 2024)

Moreover, even on the human side, MQI evaluation is not a trivial task. Methodological studies
on observation protocols emphasize that iné¢er reliability alone is not sufficient to guarantee
score quality, as scores also depend on the observatiggndése number of lessons, the
number of raters, and multiple sources of variance related to the observed sftdiditetral.,

2012; Mantzicopoulos et al., 2018) other words, MQI is already a complex task for human

INTRODUCTION Pagel4of 72
Research Gap



On the Use of Large Lar

experts. This increases the methodological requirements when assessing whether an LLM can

reproduce such judgments.

1.4.2 Remaining Gaps in the Literature

Prior work suggests that LLMs can approximate human judgments in some evaluation settings,
but evidence remains limited and mixed in educational, dospaific tasks. In particular,
performance appears to decline when annotation requires substanteiéefand specialized
expertise, as in M@based classroom evaluation. As a result, it remains unclear whether recent
LLMs can achieve a level of agreement sufficient to serve as reliable substitutes for expert
human annotators in such a demanding framke@Wiang & Demszky, 2023; P. Xu et al., 2024;
Zheng et al., 2023)

Many existing studies rely on indicators that are insufficient to answer this question. A positive
correlation or moderate agreement is not enough to conclude that amériekdted ratings
canmatch humanratingsin a real rating setting. Recent work emphasizes the need for explicit
statistical frameworks whemssessing the substitution of human annotation with LLMs
(Calderon et al., 2025)n the more specific domain of mathematics teaching observation,
Foster et al. (2025lso stress that the relevant question is not only the overall similarity of

scores, but their interchangeability within a doutaleng design.

Moreover, it remains unclear to what extent LLM performance depends on configuration
factors such as prompting strategies, the level of detail in the codebook, the model used, or the
amount of reasoning allowed. Review papers orLtid-asjudge paradignemphasize that
reliability strongly depends on system design, procedural standardization, and control of biases
(Gu et al., 2026; Zheng et al., 202B)is therefore necessary to determine not only whether an
LLM can approximate human judgment, but also under which conditions this approximation

becomes methodologically acceptable.

In this context, the main gap in the literature can be formulated as follows: there is currently no
sufficiently rigorous validation establishing whether, and under which configurations, an LLM
can achieve a level of agreement with human annotators tbamisatible with replacing an
expert rater in an MQI rating task based on mathematical transcripts. The present study aims to
address this question by evaluating, in the MQI context, whether-gé&herated scores are
sufficiently close to human scores tonsa@er such substitution, and by examining how this

performance varies depending on prompting and model configurations.
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1.5 RESEARCH QUESTION AND STUDY OBJECTIVES

The ability of large language models (LLMs) to process thousands of classroom transcripts at
low costcould open, for instancte possibility of near redime formative feedback systems.

In such a scenario, a teacher could submit a recording of a lesson and receive a structured
analysis of instructional strengths (e.g., high cognitive activation) and areas for improvement
(e.g, lack of precision in mathematical language), grounded in specific excerpts from their own
discourse. For this application to b@&ble, it is essential to establish that Lidénerated

ratings are sufficiently aligned with expert human ratings.

Against this background, and building on the existing literature, the present study addresses the
following research questio@an a large language model reliably reproduce expert human
ratings of mathematical classroom transcripts? More specificallydo LLM -generated

MQI ratings achieve a level of agreement with expert human ratings that &atistically
non-inferior to that observed between human rater8

To answer this question, our primary confirmatory analysis tested whethergebkrated
MQI ratings achievedortinferior agreementith expert human ratings, such that the model
could plausibly substitute for one human rater in MQI scoring taslkesexplored whether
agreement with human ratings was influenced by explicit ebiaihought prompting, implicit
reasoning through thinking settingsitking), the use of examples (with or with@uposteriori
explanations), the level of detail in the codebook, and model version. In particular, we examined
whether a prompt configuratiomodel combination optimized on a subset of MQI dimensions
would yield improved performance, relative to a baseline configuiiatiodel combination.

We additionally explored whether LLMased ratings preserve the relative ranking of lessons
and teachers compared to human evaluations, as assessed -bydexnkorrelation, in an
extremecase design intended to maximize betwisather variance.
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2 MATERIALS & METHODS

2.1 MATERIALS

2.1.1 Dataset
This study used the fourth version of the NCTE Classroom Transcript Analysis dataset
(Demszky & Hill, 2023; T. Kane et al., 2015Yhich contains transcripts of 4thnd 5thgrade
U.S. elementary mathematics lessons lasting approximateg04sinutes. These transcripts
originate from classroom observations collected as part of the National Center for Teacher
Effectiveness (NCTE) Ma Study between 2010 and 2013, a lasgele, multimethod
research program designed to investigate the determinants of teaching effectiveness in
mathematics.The data were collected within four school districts serving predominantly
historically marginaked student population®emszky & Hill, 2023) The NCTE dataset
metadata combines multiple sources of information at the student, classroom, and teacher
levels, including standardized student achievement gamisiadded measures), teacher
knowledge assessments such as Mathematical Knowledge for Teaching (MKT), structured
classroom observation protocols (notably the Mathematical Quality of Instruction, MQI, and
the Classroom Assessment Scoring System, CLASS), as wellident surveys capturing
perceptions of instructional quality.
Table 1. Example excerpts from classroom transcripts
This table presents short illustrative excerpts from two lesson transcripts (Lessons 2370 and
2681). The excerpts were selected at random and represent a small portion of the full
classroom interactionsEach column corresponds to a different lesson and displays the
dialogic discourse between the teacher and the students as it appears in the transcripts. The

transcripts were produced kyanscription experts and have been fully anonymized (e.qg.,
AStudegnt X

Lesson 2370

Lesson 2681

Lar

teacher: Okay, today's math lesson, what have we beern
learning about in math? What is our topic been
recently? In math what have we been talking about?
Student X?

student: Division.

teacher: Division, we've been talking about division.
What else have we been talking about?

student: Cluster problems.

teacher: Cluster problems. What else?

student: Multiplication.

teacher: Multiplication. And have we just been writing
equations for these problems or have been working on
a different type of problem?

[B &

qleHE1I1 alli Ik 1 1JLWN Y-Rueshdhl gyeidL 1
starter real

student: You have tor like 30,000 and then.

teacher: Before that.

student: Read the problem twice.

teacher: Then what do | need to do, Student C?
student: Highlight the special words.

qUeR6 alli 6¢ qWRNW! Ye Wl YUk
teacher: Then what do | need to do?

student: Do the problem.

teacher: Then what should | do after | solve the
problem?

student: First you need to check the operation.

[B e LW
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The transcriptswere obtained from the publicly available classroom transcript analysis
repository released by Demszky and Hill (2023). Examples of transcript excerpts are provided
in Tablel. Instructional quality ratings based on the MQI framework were not included in this
repository and were therefore obtained separately from the metadata available through the
ICPSR releas€T. Kane et al., 2015)The transcript data and MQI ratings were subsequently
aligned to construct the dataset used for analysis. Following the recommendations, two

transcripts were removed due to speaker assignment @erszky & Hill, 2023)

As shown inTable 2, the dataset comprises a very large number of transcripts whose substantial
length, together with the high number of MQI dimensions to be rated, makes processing the full
dataset prohibitively resourgetensive; accordingly, LLMyenerated ratings are tested to
subsets of the data.
Table2. Dataset descriptive statistics

Descriptive summary of the reconstructed NCTE transtr@isied dataset used in this study,

including the number of transcripts, raters, teachers, utterances, MQI variables, and the mean
number of utterances per transcript.

Number of transcripts 1,658
Number of raters 63
Number of teachers 317
Number of utterances 387,175
MQI dimensions 50
Mean utterances/transcript 234

2.1.2 Programming Language

All analyses and data processing were conducted in Python (version 3.12.4). Initial
experimentation with the LLMs was carried out through API access and supported by the
LLM4Humanitiegool developed by Olivier Clerc and released as egmemce on the Flowers

Al & CogSci Lab GitHub repositoryClerc, 2025) The tool is designed to suppaitM-as

judge approaches in humanities researdte codebase was subsequently extended and
systematized through direct interaction with the models using the Google Vertex Al Python

SDK, enabling largescale rating runs and more controlled prompting procedures.

The full pipeline and implementation details are available in the GitHub repository associated
with this thesig

1 Available at:

MATERIALS & METHODS Pagel8of 72
Materials


https://github.com/lampedepoche/LLM-as-Judges_on_MQI

On the Use of Large Lar

2.1.3 LLM Model Selection

Experiments were conducted using three models from the same generation of Gemini, a family
of large language models (LLMs) developed by Google and accessible either via an API key or
through the Vertex Al platform. Gemini models are designed for a rangeasbning and
languageprocessing tasks and are released in several capability tiers that differ in performance,
latency, and computational cost.

In this study, three models from the same generation were ges@ihi2.5-flashlite, gemint

2.5flash, andgemint2.5-pro. This ensures comparability while systematically varying model
capacity and cost. More advanced models were not considered due to substantially higher
computational costs, whereas smaller or earlier models were excluded because of concerns
regarding reliabiity. Within the Gemini 2.5 familygemini2.5-pro is described as thinking

mode] gemini2.5-flashas ahybrid reasoningnodelwith a controllable thinking budget, and
gemint2.5flashlite as anoptimized modefor speed and cogComanici et al., 2025More
generally, Gemini thinking models are trained to allocate additional infeteneecompute to

a dedicated thinking stage before producing an answer. The thinking budget corresponds to a
constraint on the amount of internal computation the moddiawed to use during this stage,
thereby making it possible to trade off reasoning depth against cost and latency. In this study,
configurations varied in whether such a budget was enabled, allowing us to examine its impact

on agreement with human ratings

2.2 STATISTICAL ANALYSES

2.2.1 Human Inter-Rater Agreement Metrics

2211 Kri ppendorffds Al pha

In the present dataset, 63 raters contributed annotations overall, but each item was rated by at
most three raters, resulting in a highly incomplete and partially overlapping rating structure. In
addition, the different dimensions of the MQI present dgifiéievels of measurement (nominal:

0-1; ordinal: 13, 14, 1.5). To quantify interater agreement under these conditions,

Kr i pp e mJdasthé rhodtselevant.

Krippendorffoés alpha (U) is defi negpecifics fa
agreement amo n gSAGHEneycloperia of Resdarch Oedig@ Kr i ppendor f

Al p h a, .0ThexO@effident quantifies the extent to which multiple raters assign the same
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labels to the same items beyond what would be expected by daipgeendorff, 2011)It is
defined as:

(@)
| 96

where O represents the observed disagreement among rater© atite disagreement
expected by chance. When observed disagreement equals the disagreement expected by chance
(O '0), agreement is equivalent to chance &hd 0. Perfect agreement corresponds to

U= 1, whereas negative values indicate systematic disagreement among raters.

Krippendorffés U was selected because it acc¢
overlapping sets of raters, missing observations, and different levels of meas\{rayest&
Krippendorff, 2007) Accor dingly, Krippendorffés U was
MQI dimensions with ordinal scalesi@, 14, and 15) and a nominal metric for MQI

dimensions with dichotomous scale$ 1}

2212 Gwet 6s AC2

Initial inspection of the MQI ratings revealed substantial variability in {ratsr agreement
across dimensions when as smpendixigureltA? andTgbleKr i pp e
A 1). In addition, several dimensions exhibited highly imbalanced label distributions (see
AppendixFigure Al).

A known limitation of chanceorrected agreement coefficients is thecatbed prevalence
paradox. Under strong prevalence imbalance, the expected agreement by chance becomes very
large, which can substantially reduce the value of these coefficients dwamn abserved
agreement is higlfFeinstein & Cicchetti, 1990) To address this i ssue
Coefficient (AC) was developed as a chanoerected agreement coefficient that is less
sensitive to prevalence imbalan(wet, 2008) It is defined as:

0 0

p O

00
where0 represents the observed agreementitamdpresents expected agreement by chance.

The key distinction with Krippendorffés U I
Kri ppendor f tisagreerdent isecompueed froma@ll possible pairs of ratings derived
from the marginal frequencies of the categories. Consequently, the coefficient becomes strongly

dependent on the observed distribution of categories. When category distributions are highly
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unbalanced, the expectddagreemenO tends to decrease. As a restlie ratio— increases,

which wultimately | eads to | ower values of L
agreement directly from the prevalence of each category in the dataset. Because this calculation
relies on category proportions rather than all possibleg aiirs, the coefficient is less affected

by imbalances in the marginal distribution.

Figure4i | l ustrates this phenomenon by showing

curve) and Gwetdés AC (upper curve) across v

agreement (i 0 %) . As prevalence becomes ieaseseasin
mar kedly, whereas Gwet ds AC remains comparat
Percent agreement 70-80%

@ Frevalence "Yes' - Gwet's AC
g O Prevalence "Yes' - Krippendorffs o

Value of AC ora

Prevalence response category 'Yes'

Figure 4. Agreement coefficients as a function of prevalence
The figure illustrates that, despite similar levels of observed agregim@80%), the two
coefficients vary differently as a function
showing a stronger sensitivity to prevalenc:
Vial et al., 2019 (Figure Supplementary, Figure Altensed under CC BY 4.0.

Figure5 further illustrates how imbalanced label distribution can affect-natier agreement

metrics under the present conditions of the MQI expert human ratings. One dimension displays

an extremely skewed distribution (1: 95.4%, 2: 3.9%, 3: 0.6%) and thesponging
Krippendorffoés U is very ?feaches.970T0 aid intetpdedation wh e r

under these conditions, Gwet 6s AC2 was ther e

2Gwet 63reAMfCers to the weighted version of Gwet 6s AC,
disagreements are weighted.
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index, using quadratic weights for ordinal rating scales and identity weights for dichotomous
dimensions (seAppendixTable A1 andFigure A3f or Gwet 6s AC2 values

dimensions).

MQI - segment level - WCDISS
[a=0.14- AC2 = 0.97]

100

T 80+
g 60
(1]
)
5 40
b
& 201
0 3-9‘,)’0 0-6")%'
) 2.0 3.0
Ratings

Figure 5. Prevalence imbalance in MQI ratings (WCDISS)
Thisfigureillustratesthe distribution of MQI ratings for the WCDISSdimension. Most ratings
are concentrated in category 1 (95.4%), with very few observations in categories 2 (3.9%) and
3 (0. 6%). I n this highly skewe=d.14), iwketeasi but i o
Gwet 6s AC2 remains very high (AC2 = 0.97),
lead to markedly different conclusions under extreme prevalence imbalance.

2.2.2 Krippendorff Non-Inferiority Test

Each MQI dimension was evaluated using a-nomf er i or ity test Ulnased o
order to assess whether LLM ratings achieved a level of agreement comparable to that of human
raters. This procedure was adapted from the procedure developed LihMA&lumanities
project(Clerc, 2025) A bootstrap procedure was applied to estimate the sampling distribution

of the agreement statistics. For computational efficiency, the number of bootstrap iterations was
adjusted according to dataset size: 500 iteratiohs ifo 1t 17 1000 if¢  p 1 12000 ife

p 11,7and 5000 otherwise.

For each bootstr ap Uwasdrst@admputed for thé hummmyeratet o r f f 0 :
group. Then,Uwas computed for all possible rater groups in which one human rater was
substitutecby the LLM (i.e., ( OT Alp , , ). TheUvalues obtained from these LL-M
substituted rater groups were averaged. The difference between theUoéahe LLM-

substituted rater groups and the hursaty Uwas then recorded for each bootstrap sample

(3 | | ), allowing the construction of a 90% confidence interval (CI) for this
difference.

Norrinferiority was concluded when the lower bound of the 90% confidence interval for the

di fference in Krippendor ffés -Wferioriymaigimed ab
00 18t L This margin indicates that a decrease in agreement of up to 0.05 relative to
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the humaronly group was considered acceptable and corresponds to the default value
implemented in theLM4HumanitiescodebaséClerc, 2025)

Because this procedure requires repeated computation of agreement metrics across many
bootstrap samples, computational efficiency was a key consideration. In this context,
Krippendorffés U can be computed sulwght anti a
incomplete rating matrices and varying numbers of raters. Consequently, the main analyses
relied on Krippendorffos U. I n parallel,, Gwe
presence of prevalence effects, and the difference between {wnyakC2 and the mean AC2

across LLMsubstituted groups (without bootstrapping) was computed as a complementary
descriptive indicator.

2.2.3 Overall RatingOrderKe nd a-b)l 6 s Dz

To examine whether the ordering of ratings produced by the LLM was consistent with those
produced by human raters, the ordinal association between the two sets of ratings was assessed
using Kéndall 6s U

Kendal | 8 s-pathmetris measura af mssociation which evaluates how similar two
rankings are by comparing all possible pairs of observations: a pair is concordant if the two
rankings agree on their relative order, and discordant if they disdgeeRaadt et al., 2021)

The coefficient reflects the balance between these concordant and discordant pairs, providing

an interpretable measure of ranking consistency.

T h eb valliant adjusts for the presence of ties, which are common in rating scales with a limited

number of categor i-bisdefinedms:mal | vy, Kendall 6s U
€ &
T ——
€ € & &
where:
1 ¢ and¢ denote the number of concordant and discordant pairs,
1 ¢ is the total number of unit pairs,

1 ¢ andt¢ represent the number of tied pairs for each rater.

Values of U range from 11 to 1, where posit.i
tend to correspond to higher ratings from the other. Because the MQI scores are measured on
an ordinal s-lo ia Appropriate don elaluating veher the LLM preserves the

relative ordering of instructional quality judgments made by human raters, independently of

exact agreement on category labels.
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2.2.4 Complementary Analyses
Additional descriptive analyses (group means and Pearson correlations) were computed to

explore relationships between metrics and outputs.

2.3 DATA PREPARATION

2.3.1 Transcript Cleaning and Formatting for LLM Input

To preserve information about speaker roles in the textual input provided to the language model,
each utterance was prefixed with its corresfy
Amul ti ple studentso). Ut t eolainatoedsrtovioenrasinglehen c
text block representing the full content of the lesson or segment. Individual utterances were
separated by newline characters. This formatting preserves the dialogic structure of classroom

discourse while allowing the fultanscript to be processed as a single textual input by the LLM.

2.3.2 Segmentation of Transcripts into Lesson Segments

Thirty MQI dimensions are rated on video segments corresponding to fixed temporal intervals
of 7.5 minutes, whereas twenty dimensions are evaluated at the level of the entire lesson. This
distinction is reflected in the MQI annotation dataset, where sdgeerl dimensions are
associated with specific lesson segments. Given that a typical lesson lasts between 45 and 60
minutes, one would expect approximately 6 to 8 segments per lesson; however, in practice, the
number of segments varies from 2 to 13 (M.427 SD = 1.46; median = 8; sEgure6). In
contrast, the publicly available transcript data are provided only at the level of complete lessons,
without any segmentation into comparable intervals. As a result, the two data sources are not
directly aligned: some MQI ratings refer to specifiatipms of a lesson, while transcripts
provide a continuous, unsegmented record. An alignment procedure was therefore required to

approximate the correspondence between the full transcript text and the rated lesson segments.

Previous work using the same transcript corpus approximated chapter segmentation using
utterance count8Vang & Demszky, 2023)n contrast, the present study used a waant

based segmentation. Because lesson segments correspond to approximately fixed time
intervals, word counts were considered a more stable proxy for discourse length than utterance
counts, which can vary suiasitially depending on conversational dynamics (e.g., rapid short

exchanges between students versus extended teacher explanations).
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Distribution of segments per lesson
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Figure 6. Distribution of segments per lesson
This figure shows the distribution of the number of segments per lesson in the NCTE dataset.
The xaxis represents the number of segments (approximately 7.5 minutes each) per lesson,
and the yaxis indicates the number of corresponding lessons. The distribution is centered
around 18 segmentper lesson, consistent with typical lesson durations of approximately 45
60 minutes, with fewer observations at both lower and higher segment counts.

For each lesson, the total number of words was computed and divided s#quential
windows, wheren corresponds to the number of lesson segments associated with that lesson in
the MQI annotations. These windows were constructed to cover the full transcript and to
distribute words as evenly as possible across segments. Each utterance was then assigned to
chapter segment based on the midpoint of its word span, ensuring that utterances were not split
across segments. This procedure provides an approxahgbenent between transcript text

and MQltrated segments for computational analysis.

2.3.3 High-Human-AgreementSubset

Because the objective of the study was to evaluate whether large language model (LLM) ratings
could reach notinferiority relative to human raters it was necessary to ensure that the human
reference ratings themselves exhibited sufficient agreement. Ferdi subsets of the data
were constructed for each MQI dimension according to two criteria: a minimum human inter

rater reliability threshold, and a minimum number of available ratings

A greedy selection algorithm with manual flexibility was used to constrdgglhuman
agreementsubset by iteratively selecting human rater pairs with the highest pairwise
Krippendorffés U while ensuring that Thehe gl o

- z

target threshold was u O 0.80, foll owing K

MATERIALS & METHODS Page25of 72
Data Preparation



On the Use of Large Lar

reliability (Krippendorff, 2004) However, to preserve a broad range of rated dimensions, scale
types, and rating units, including both segrerel and wholdesson measures, this threshold
was relaxed when necessaryn t he most permi ssive case, dim

low as 0.50 provided that at least 50 items were available.

After applying these filtering criteria, 40 MQI dimensions remained and were included in
subsequent analyses (s&gpendixTable A2). The resulting subsets contained, on average,
476 items. Krippendorffoés U across di mensi on
AC2 ranged fromAC2 = 0.66 toAC2= 0.99 (se€Table 3). Based on visual inspection, the
distribution of labels appeared similar between the original dataset and the subsets (see
AppendixFigure A7).
Table 3. Descriptive statistics of higihuman-agreement subset

The table reports, across MQI dimensions, the mean, standard deviation, minimum, and

maximum values for the number of itepes dimensions (lesson segments or whole lesson),
Krippendor f f 0 2ofthterhamamniagréement.6 s AC

Number oftems Kri ppe i Gwet &s
Mean | 476.0 0.77 0.91
sb | 769.8 0.08 0.08
Min 52 0.51 0.66
Max ‘ 4378 0.85 0.99

2.3.4 TeacherLevel Subset Construction

To examine whether LLM ratings were consistent with human evaluations at higher levels of
aggregation, an additional teachevel subset had to be constructed. This was necessary
because such an analysis required a dataset in whicHeszcmwas represented across all
MQI dimensions and in which déssonsegments were available. Thigh-humanagreement
subset was not suitable for this purpose: it did not preserve continuitylatsoelevel, and

even less at the teacher leved aim was only toalect the itemavhetherasegmentr a lesson
depending on the MQI dimensiahat showed the highest agreement among human raters.

Teachers werthereforeincluded if they had been rated in at least three lessons within a given
year between 2011 and 2013, ensuring a sufficient number of at least 9 observations per teacher
(Praetorius et al., 2014This criterion resulted in a subset of 48 teachers. Because the set of
MQI dimensions differed across years a composite score was computed for each lesson using

the following procedure:

1. For each dimension, ratings were first averaged across segments (when present) and

then aggregated at the lesson level.
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2. Minimax scaling was applied to each rating based on the theoretical range of the
di mensiondés scal e.

3. Scales were reversed for dimensions measuring negative instructional qualities.

4. The normalized scores were then averaged across dimensions to obtain-éeledson

composite score.

This composite score has no intrinsic interpretation, but it served as a proxy indicator of overall

instructional quality.

Teachers were then divided into quantiles based on their composite scores. In the context of an
extremecase analysis designed to maximize betweacher variance, teachers were selected
from the lowest value and highest value, as well as from internequbaits within the quantile
distribution. Due to cost constraints, no more than ten teachers out of thest8guted were
included, yielding a total of 92 lessons. Their composite scores ranged from 0.175 to 0.315 (see
Table4).
Table4. Composite MQI scores by teacher
The table reports, for each teacher, the mean composite MQI score across dimensions and
lessons, the corresponding standard deviation, and the number of lessons included. Scores are

derived from mirmax scaled MQI dimension ratings, aggregated first atedbson level and
then at the teacher level.

Teacher ID Mean SD N lessons
11043 0.315 0.051 9
12024 0.265 0.067 9
12025 0.256 0.048 9
14043 0.249 0.05% 9
14093 0.245 0.069 9
11058 0.241 0.045 9
14098 0.235 0.041 11
14085 0.227 0.074 9
14079 0.209 0.03® 9
14012 0.175 0.048 9

Figure 7 illustrates the distribution of composite scores for the selected teachers. While the
overall pool of 48 teachers showed relatively small differences in composite scores (see
Appendix Figure A 4), this subset of 10 teachers was intentionally constructed to increase
betweenrteacher differences. This design, by amplifying variation in instructional quality,
enhances the ability to detect differences between teachers when comparidgatédland

human rankings.
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Figure 7. Distribution of lesson composite scores by teacher
This figure displays the distribution of lesslevel composite MQI scores for the 10 selected
teachers, shown as boxplots and ordered by mean score. Boxes represent the interquartile
range (IQR), horizontal lines indicate medians, whiskers extend to 1@Rx and points
denote outliers; green triangles indicate mean scofidge xaxis shows composite scores
(theoretically ranging from 0 to 1), and theayis lists teacher IDsScores are derived from
mini max scaled MQI dimensions, aggregated at the lesson Tewelfigure highlights both
the proximity of composite scores across teachers and the relative magnitude ofesithier
variability (across lessons) compared to betwasacher differences.

2.4 PROMPTING FRAMEWORK

2.4.1 Codebook Construction

For each of the retained MQI dimensions (see Seéti®id High-HumanAgreemensubsel,

a dedicated codebook was constructed based on the official MQI documentation describing
each construct and its rating scaedilable on the GitHub page of Demszky & Hill, 2023)
However, two of the initially 40 selected dimensions did not provide sufficiently detailed
documentation to allow reconstruction of a usable codebook (MKT3, MKT5). Consequently,

38 MQI dimensions were included in the subsequent analyses.

Each codebook included a definition of the construct and the corresponding rating scale.
Because the level of documentation varied across dimensams, codebooks contained more
extensive descriptions with examples illustrating typical cases corresponding to different rating
levels and interpretation of scale points. Four dimensions had names that did not exactly match
those reported in the officialodumentation. However, after careful examination of the
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construct descriptions and rating criteria, these dimensions could be linked to corresponding
MQI constructs, suggesting that their names may have changed between the 2011 version of
the instrument and the documentation currently available (2014). Fon siweensions,
however, no corresponding description could be located in the available MQI documentation.
In these cases, the codebooks were limited to the construct title and its rating scale, using the
information available in the NCTE metadata ($ebleb).
Table5. MQI dimensions by codebook documentation type
This table classifies MQI dimensions into three categories based on the level of available
codebook documentatiofully documented codebooks (including construct definitions, rating
scales, and illustrative examples), namatched codebooks (dimensions aligned to existing
MQI constructs despite discrepancies in naming, likely due to changes between instrument

versins), and minimal metadata codebooks (dimensions for which no corresponding
documentation was found, limited to construct title and rating scale based on NCTE

metadata).
NameMatched | Minimal Metadata
Fully Documented Codebooks Codebooks Codebooks
CWCM MATCON | OERR REMED ETCA APLPROB
EXPL MGEN OERR4 SMQR LLC DIFFINST
LANGIMP | MLANG | ORICH STEXPL SMALDIS DIRINST
LCP MMETH | ORICH4 | STUCON USEPROD MQI_CHECK
LESSEFFIC| MMSM OSPMMR4 | TASKDEVMAT ORIENT
LINK MQI3 OWWSs TSTUDEA SUMM
MAJERR | MQI5 owws4 WCDISS

2.4.2 Selection of Representative Examples

To support fewshot prompting of LLMs, representative transcript excerpts were extracted from
the dataset. Depending on the MQI dimension, these excerpts corresponded either to full
transcripts or to transcript segments, each associated with the raigreddsy human raters.

These excerpts were later used as examples in the prompting procedure. Examples were

selected according to two criteria:

1. Highinteer at er  agr e e me b )preferkncd wapgeven docasés fwldese the
three human raters assigned the same rating. If no such case was available, excerpts with
agreement between two raters were considered. However, no excerpt was included
when raters disagreed on the rating levetuoh cases, no example for that rating level

was provided to the LLM.

2. Earliest segment in the transcripts: when the dimension was rated at the segment level,
and given the uncertainty introduced by transcript segmentation, excerpts were
preferentially drawn from earliest segments, where the correspondence between
transcriptcontent and the original segmentation was expected to be more reliable.
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When multiple excerpts met these criteria for a given rating level, one was randomly selected.
The resulting set, paired with agreed human ratings, was used to illustrate the rating process to
the LLM during prompting.

2.4.3 Generation of Reasoning Explanations

To provide richer instructional context to the LLM, reasoning explanations were generated for
the selected examples. Using the constructed codebooks, the transcript segment, and the
corresponding human rating, a large language model (ChatGPT; GRIp&riAl, 2025was
prompted to produce a pesbc explanation justifying the assigned rating. These explanations
were intended to simulate the reasoning process that a trained human rater might follow when
applying the MQI rubric. Further details on the interaction cstme are provided in
AppendixB.

The explanations were not considered as ground truth; rather, they served as instructional
guidance illustrating how MQI criteria could be applied during rating. They were not manually
verified. The generated explanations were then used as part of thetipgomaterial provided

to the evaluation models.

2.4.4 Instruction Prompt Design

Initial exploratory experiments were conducted on a single MQI dimension (MATCON) using
approximately 90 rated instances witgemini2.5flashlite, gemini2.5flash and
gemini2.5-pro, with three runs per model. During these tests, the LLMs tended to assign ratings
that were systematically more lenient than those provided by human fdtersafs= 2.0,

M fiashiite = 2.59, M fiash=2.40, M pro = 2.77). To counteract this tendency, the following
instruction was added to the promptY o u a r e d preciset anniotatar wh avoids any
unnecess arThisihsguctiorewas kept inchanged in all subsequent experiments.

2.4.5 Prompting Pipeline

For each MQI dimension, the pipeline loads the corresponding dataset, constructs a structured
prompt according to the experimental configuration being tested, defines a dimspsodic

JSON response schema, and sends the request to the model throdgihieke\l client. To

ensure comparability across experiments, some parameters are kept fixed across runs in order
to ensure comparability: temperature set to 0, a predefined maximum output token budget, a

fixed system instruction enforcing strict annatatbehavior, and a JSGdhly response format

with constrained rating values (SE&ble6). Depending on the experimental configuration, both

the input prompt and the expected output format were adapted (e.g., rating only vs. rating with
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reasoning, presence or absence of provided examples). Full details of these variations are

provided in Appendix C.

Table6. Fixed parameters of the prompting pipeline
This table summarizes the configuration parameters held constant across all rating
generationsThe modea were run with a temperature of 0 and a fixed system instruction
Outputs were constrained to a JSONy format. All requests were executed in ¢eope
westlVertex Al region. In case of malformed outputs, a dedicated JSON repair step was
performed usingiemini2.5flashlite, with a maximum output budget of 500 tokens.

Parameter Value

Temperature 0

System instruction Youare a strict and precise annotator who
avoids any unnecessary leniency

Output format JSONonly response

Vertex Al region Europewest1

JSON repair model gemini2.5flashlite

Max output tokens (repair step) 500

Error handling operates at two levels. First, when the model output does not conform the
expected JSON schema, the pipeline attempts a dedicated JSON repair stgprasirg, 5
flashlite, regardless of which model is currently being evaluated. This repair step avoids

providing the full content (codebook and examples) and therefore reduces additional costs.

Table7. Retry parameters across attempts
This table reports the evolution of parameters across successive retry attempts following
formatting or API errorsThe maximum output token limit was progressively increased (from
500 to 1100 tokens) to reduce truncati@bated errors, while the delay between attempts was
incrementally extended (from 0 to 0.675 seconds) to mitigate transient API issues such as rate
limits or temporary unavailability.

Attempt 0 1 2 3
Max output tokens 500 700 900 1100
Time delay (s) | 0.000 0.300 0.450 0.675

Second, ARlevel failures are classified into transient versus-tnansient errors based on the
returned message. Transient failures such as quota issues, overload, or service unavailability
trigger a limited retry procedure with exponential backoff amogressively increased token
allowance (se@able7). Nontransient errors result in the corresponding row being skipped. If

all attempts fail, the script records a missing vahuwad), preserving the integrity of the output

dataset while maintaining traceability of unsuccessful generations.
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Based on informal observation, the proportion of unresolved errors typically ranged around 1
2% of the dataset and never exceeded 10%, including both missing outputs and cases handled
through the JSON repair procedure.

2.5 EXPERIMENTAL METHODOLOGY

2.5.1 Large-Scale Evaluation Across Dimensions

A first run of rating generation was conducted usiegiint2.5flashlite, selected for its low
computational cost, on th@gh-humanagreementulset (see Sectio.3.3 High-Human
Agreemengubseét For each transcript segment, the model was prompted to produce a concise

reasoning followed by a rating in a constrained JSON format.

The prompt was designed based on established prompting strategies shown to improve LLM
performance. It included the most complete codebook for each dimension, as welsastfew
examples paired with reasoning explanations generat@dsteriori using ChatGPT(see
Section2.4.3Generation of Reasoning Explanatiite support incontext learningBrown et

al., 2020) In addition, a brie€hainof-thoughtstep was explicitly requesté@/ei et al., 2022)
whereby the LLM was instructed to first generate a concise reasoning grounded in the codebook

and examples, and then output the corresponding rating in a single JSON object.

The primary evaluation criterion was noieriority relative to human raters, assessed using
bootstrapped mean di ff er enc-enlyiamd LIkWksubgtijutedh d or f f
gr oups . ACGdifteterices computed without bootstrapping, was also reported as a

complementary indicator.

This initial generation step established a baseline assessment of LLM performance relative to
human raters for each dimension, serving as a reference point for subsequent experiments,
model comparisons, and prompt refinementenAtailedpaired ttest was used to evaluate the

di fference in the bootstrapped mean differe
generation and the generation obtained with the best configunatimlel combination, under

the directional hypothesis that ttagter would yield higher agreement. Anothettaited paired

t-t est was used to evaluate the same di ffereni
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2.5.2 Prompt Configuration Experiments

2.5.2.1 Dimensions Selection
To investigate the impact of prompt structure on model performance, a second set of
experiments evaluated multiple prompting configurations. To allow comparisons across several

configurations while limiting costs, only three dimensions were selectedigartalysis.

First, these dimensions were required to meet three criteria: the availability of detailed
codebooks, at | east 250 transcripts feoer rat.
seven dimensions met the criterion of having a detailed codebookgskes). Among these,

17 also satisfied the criteria of having at
0.8 (seeAppendixTable A2): CWCM, EXPL, LANGIMP, LCP, LINK, MAJERR, MGEN,

MLANG, MMETH, OERR, OERR4, ORICH, ORICH4, REMED, SMQR, STEXPL,
STUCON.

Second, three dimensions were selected from this subset based on the preliminary differences
in Krippendor f f-onfy ard LUMsubstitatednratiny gnoups The objective

was to evaluate configurations across dimensions with different levelselite agreement

loss when introducing the LLM. Specifically, one dimension was selected among those with
the small est absolute U differences (i .e..,
substitution produced either an increase or only a limited dexiieaagreement), one with
intermediate differences, and one among those with the largest decreases in agreement (i.e.,
dimensions where LLM substitution produced a substantial drop in agreewailg the main
selection was primarily guided by t h2evasabsol u

also taken into account.

This selection allowed testing configurations that could potentially improve agreement both for
dimensions where the LLM already performs close to human raters and for those where the gap

with human ratings is larger.

2.5.2.2 Design of Experimental Configurations
Thirteen prompt configurations were tested across the three LLM models. The configurations
varied in explicit reasoning requirements, the level of codebooks detail, and the inclusion of

examples and their reasoning explanations Tsdx¥e8).

Configurations requiring explicit reasoning (2 and 4), configurations enabling additional
internal reasoning through a thinking budget (1, 3, 6, 8, 10, and 12), and configurations
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including neither mechanism (5, 7, 9, 11, and 13) together allow comparison between explicit
chainof-thought processes, internal thinking, and the absence of additional reasoning, while
controlling for similar codebooks.

Configurations providing examples (3, 4, and 5) allow comparison oEhaw learning with
configurations providing no examples (6 and 7), representingshatdearning, again using a

similar codebook.

Finally, different levels of detail in the codebook allow analysis of their impact. Four codebook
versions were used: a complete codebook including all possible details (1, 2, 3, 4, 5, 6, and 7),
a simplified codebook with fewer details about the scal®)8 minimal codebook including

only essential elements (10, 11), and a codebook without the scale (12, 13). Refer to Appendix

C for details on the prompt designs, codebook structures and JSON output format.

Table8. Prompting configurations overview
This table presents the 13 prompting configurations evaluated for each model, defined by
combinations of key componentse of the thinking mode, reasoningexplicitly requesed
(chain-of-thought approach), level of codebook detail (detailed, simplified, simplest, or none),
inclusion of examplesiith or without a posteriori reasoning explanations. Each column
represents a configuration, and each row indicates whether a component is inchat&dd
by fiX0). Configurations marked with an asterish (vere not evaluated witlpemini2.5-pro,
as its thinking budget cannot be disabled.

Configurations| 1 |2 | 3 |4 5|6 |7 |89 10 11|12 |13
Thinkingmode | X X X X X X
Reasoning requested X X
Detailed codebool X | X | X | X | X | X | X
Simplified codeboo X | X
Simplest codeboo X | X
No scale codeboo X | X
Examples providet X | X | X | X | X
Explanations provided| X | X

* indicates configurations not tested with genfirhb-pro because its thinking budget cannot be disable

Since the models did not have the same minimum thinking credits, the minimum thinking
budget was used fgemini2.5-flashlite (Gemini Thinking | Gemini APR026) To avoid both
excessive computational cost with the other models and a large discrepancy in thinking credits
across models, the thinking budget g@mini2.5flashandgemini2.5pro was set to half of

this value (seeTable 9). Finally, because the thinking budget cannot be disabled for

gemint2.5-pro, configurations 2, 4, 5, 7, 9, 11, and 13 could not be evaluated with this model.
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Table9. Thinking budget across models and configurations
This table summarizes the thinking budget parameter used for each model under different
configurations. It reports the allocated thinking credits forthmking and thinking modes
across geminR.5flashlite, gemini2.5flash, and gemirR.5pro. The nethinking
configuration is not applicable to gemigi5-pro, as its thinking budget cannot be disabled.

Model| 2.5flash-lite 2.5flash 2.5pro
Configuration
No-thinking mode 0 0 -
Thinking mode 512 256 256

2.5.2.3 Output Stability Evaluation

Even with temperature set to 0, LLM inference may still exhibitaet@rministic behavigfS.

Ouyang et al., 2025 herefore, to assess output stability, geenini2.5flash-lite model was
selected due to its lower cost and faster generation speed. A repetition procedure was
i mpl emented to evalwuate the consistency of t
responses. The analysis focused on experimental configuratiors, 2,4, 11, and 13, which
correspond to the setups without thinking credits, allowing faster generations. Each of these
configurations was executed five times. The stability check waslucted on a single
dimension and focused specifically on the results on thanferiority test, namely the mean
difference betweerlLLM -substituted rater groups and the huroaly U, as well as the
associated 90% CI of this estimate

2.5.2.4 Selection of the Most Appropriate Configuration

To identify the most robust configuration, performance across dimensions was summarized
using a weighted mean, where each configurat
of its variance. Specifically, the variance used for weighting was derived tiie bootstrap
distribution of the Krippendorff nemferiority test for each dimension (see Secti.],
Krippendorff Nonrinferiority Tes).

For theses analyses, the number of bootstrap replications was set to 1000. This approach gives

greater weight to configurations that produce more stable performance across dimensions.
. B o
Ouii mEcAAl—5— Wtho —

Whered is the mean difference from the bootstrap replications for dimeiQamd ,, is

the bootstrap variance associated with

The configurationmodel combination with the best trad# between robustness and cost was

then used to generate a second set of ratings omghdaumanagreemensubset, enabling
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comparison with the first run (baseline). Differences between the two rating runs were evaluated
through paired comparisons across MQI dimensions, under the hypothesis that the newly
identified optimal configuration would produce improved results{@ded hypothesis).

This configuratioiilmodel combination was also applied to the teatdwesl subset in order to
examine similarities in the resulting rankings between the LLM and human experts using the
most robust configuration (s@e3.4 TeacherLevel Subset ConstructiprRanking order was

evaluated uding Kendall 6s

2.5.3 Comparison of Rankings in the Teachetevel Subset

Based on the generations produced for the tedclewr e | s u b sUb toefficiknewad a | | 0's
computed between composite scores from human ratings and LLM ratings at two levels of
aggregation: teacher | evel and | esson | evel
raters on i ndi vi dlb &Valuatesc ther singilarity K ethre doadéringd f
observations, making it suitable for examining whether LLM and human evaluations produce

comparable ranking structures across lessons, and teachers.

For the teacher level aggregation, because the number of ranked observations was=small (

10), the statistical significance of the association between the two rankings was additionally
assessed using a permutation test. The null
randomly permuting one of the rankings while keeping the other fiked. procedure was

repeated 10,000 times, and the empineahlue was computed as the proportion of permuted

U values equal to or more extreme than the o

The visuali zat iU@dlovs theftransfbrrmatiod propdsad Hylasds et al.

(2025)f o r representing the pairwise compari son
variableswandwwith ¢ observations, all pairwise differencesifs¢) are computed for pairs
(AQwith'Q "Qwherea® & ®and3w « . Each pairwise segment is translated

so that the observation with the smallevatue (or, in case of a tie, the smallevalue) is

placed at the origin. The resulting vector is expressed in polar coordinates withilength
3w 3w andangld O A T—8Arigid transformation is then applied by doubling the

angle (= ¢, yielding transformed endpoints & T ¢c&hi O E£B. In the resulting plot,
concordant pairs E @b O E @&d) appear above the horizontal axis and discordant pairs

bel ow it, all owing a direct visual represent
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dissimilarity between rankings, definedsas 33 is not equivalent to the vector length but

depends on the relative difference between the two rank differences.

2.5.4 Summary

Four experimental blocks were considered:

1 Confirmatory analyses evaluation of nosnferiority tests on thehigh-human
agreementsubset including 38 dimensionSgction2.3.3 High-HumanAgreement
Subseét, based on LLM ratings generated using the most promising configuration and
the lowestcost model, which serve as a baseline.

1 Exploratory analyses (configuration testing) a phase conducted on three dimensions
drawn from thénigh-humanagreemensubset, in which different configurationodel
combinations were evaluated (13 configurations across 3 models).

1 Exploratory analyses (optimized setting)the besfperforming configurationmodel
combinati on (I abel ed Figuse 8)fiideatisiead dugimgpheo pr i a:
configuration testing phase (Block 2), was applied tdthe-humanagreemensubset
and compared to the baseline LLM ratings to assess performance improvements.

1 Exploratory analyses (teacherlevel). an analysis on the teacHewel subset (see
Section2.3.4TeacherLevel Subset Constructipdesigned to assess the similarity in
the overall ranking of teachers between LLM and human evaluations.

An overview of the study design is providedHigure8.
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50 MQI dimensions | -------------------- { NCTE Dataset ] 38 Mg%'lgisngs:::ions
[ 10 teachers
T v 5
38 MQl dimensions l___ ngh-Hu;luat:l;:tgreemnt Teacher-Level Subset |

@AC AC @

&=/ Cheapest

Most promising h 4

Three MQI Dimensions

Most appropriate
 l= Most appropriate

(aac)

Legend

([ Dataset

| Characteristics

{_» LLM Generations

__} Inferred from
Experimental Block @ Kendall's tau

Evaluation metrics

@ Krippendorff's alpha
AC) Gwet's AC

Prompt Configuration
= LLM model

Figure 8. Overview of the study design

This figure summarizes the study design and the sequence of analytical steps. Starting from
the full NCTE dataset (50 MQI dimensions), a Higimanragreement subset (38 dimensions)

is constructed and used for confirmatory analyd4g¢$¥ased on LLM ratings generated with a
baseline configuration (most promising configuration with the Ilowest model).
Exploratory analyses are then conductéd) configuration testing on three selected MQI
dimensions, identified based on LLM performance, comparing multiple configuratidal
combinations; §) application of the begterforming configuratiormodel combination to the

full high-humanagreement subset to assess performance improvementg) aedoherlevel
analyses on a subset of 92 lessons from 10 teachers to evaluate ranking consistency. The four
experimental blocks (red) represent these stages, while prompting configurations and models
are indicated in orange. Evaluation relies on multipdgreement metrics, including

Kr i ppend o r(rforkirdesioritya frapmdwark), Gw e t 6% (meArCdifferences), and

Ke n d a |l (radksg consistency).
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Figures and tabl es |

3.1 LARGE-SCALE EVALUATION ACROSSDIMENSIONS O BASELINE

The ratings generation was conducted on hilgg-humanagreementsubset containing 38
preselected MQI dimensions, usi@gnfiguration 2 (which requires explicit reasoniogfore
the ratingand provides a detailed codebook with examples andahmmsterioriexplanations)

with thegemini2.5-flashlite model.

abel

ed

wi t h

h e

311 Non-l nferiorityaTesti ppendorffds

We evaluated whet her

U computed for all

t he

human

LLM

raters

LLM, using a bootstrafpased noi nf er i or i t y podlk)s.t

the presence of prevalence

without bootstrapping between the mean AC2 across all-subktitution panels and the AC2

paradoxes,

d

Wi

coul

Lar

prefix n

substitut
t h
T(oh earieda fitretrer p

comp

al s

of the full human pferaned were boasisterdly expressed aplALM2 ) . C

substituted minus humaonly values. Negative values therefore indicate lower agreement

when the LLM was included.

Table 10. Non-inferiority results summary (flasHite)

This table summarizes the results of the-mberiority analyses for ratings generated by
gemini2.5flashlite across MQI dimensions. It reports, for each statistic (mean, standard
deviation, minimum, maximum), the agreement among human raters, thenagtdetween
LLM and human panels, the bootstragtimated difference idr i pp e n d o (iU d s
the lower bound of the confidence interval, and the corresponding differenGes ent 6 s

(ACI).
HumanU LLM U ootU CI lower qAC2
Mean | 0.766 0.382 -0.384 -0.478 -0.164
D | 0.081 0.170 0.183 0.2 0.121
Min | 0.511 -0.0% -0.847 -0.98 -0.568
Max | 0.846 0.602 0.0 -0.084 0.0

None of theMQI dimensions satisfied the namferiority criterion, as all lower bounds of the
90% confidence intervals were below the predefined margi0.05; the highest lower bound

y
was included (se&able 10). In addition, a descriptive inspection showed that, for 35

reached0 . 0 8¢hol). W@S cCcONSI

dimensions, the entire 90% confidence interval lay below the predefined marQifmfOne
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dimension had a 90% confidence interval that inclu8d@b but not O, whereas two dimensions

had 90% confidence intervals that included O {Sgare9 andAppendixTable A3).

Krippendorff's alpha differences with 90% Cl

|
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Figure 9. Non-inferiority results across MQI dimensions
This figure presents the bootstrap estimates of the differen€egim ppendo (M 6s al p
minus human) with 90% confidence intervals across the 38 MQI dimensions. Blue points and
horizontal bars indicate mean differendeso: U and their confidence intervals, while green
stars represent corresponding difference&Ginv e t 6 sMogt €fmates are negative, with
confidence intervals lying largely below zero, indicating a systematic decrease in agreement
when the LLM is introduced and a lack of Faferiority across dimensions.

On average, @AC2 values were higher than the
(seeTablel)) and two @AC2 v al urFgeredwEis emand aonsistenz e r o
with the results of thenennf er i or i t yUtastr i ppendor ff 6s

3.1.2 Complementary Analyses

The Pearson corr el gdblwasr=M062% indeaing apdd€e pasitive
association between the two agreement difference metrics. The correlation between the absolute
motUand the human Krippendorffoéos U wamaUr = 0.

were associated with lower human intater agreement.
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3.2 PROMPT CONFIGURATION EXPERIMENTS

3.2.1 Selection of the Three Dimensions

Among thel7 pre-selectedMQI dimensions meeting the predefined criteria (availability of

detailed codebooks, at least 250 transcripts available for rating, amdershuman

Krippen®o®f8PpsSUUCON s howegdold MLANGwasrantomly t
selected among the dimensions showing an intermediate range of differences. Although MGEN
exhibited the largest absolutaoot U

Lar

abs

ts higher @®AC2 compared w

showing the seconrldrgestmootU, led to LCP being selected insteadeTable11).

Table11 Characteristics of selected MQI dimensions
This table summarizes the main characteristics of the MQI dimensions selected for

configuration analyses. For each dimension, it reports the number of items, the beotstrap

estimated differenceir i ppendo(rgpd)d,s tanep hcaor r eGwends nHCA i

(pAC2), a brief description of the construct
is shown for comparisowith LCP but was not retained in subsequent analyses.
Dimension Nitems geootU A C Z Description Level
STUCON | 961 -0.28 -0.06 Student Work with Contextualized Problems 4
MLANG 272 -0.32 -0.15 Mathematical Language 3
Lack of Clarity in Presentation of
LCP 399 080 047 Mathematical Content 3
MGEN 873 -0.85 -0.22 Developing Mathematical Generalizations 3

3.2.2 Stability Check

Before performing the configuration comparis@tsoss the 3 preselected MQI dimensjans

stability check was conducted dhe randomly choserSTUCON dimensionto assess the

impact of potential nowleterministic behavior in the LLMSAIl bootstrap estimates were

identical across 7 different configurations, resulting in a standard deviation of zefialdee

12 andFigure 10). This indicates that even if slight ndeterministic behavior occurred, the

resulting estimates would likely remain unchanged.
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Figure 10. Stability of agreement across prompting configurations (STUCON)
This figure presents the bootstrap estimates of the differeni€eim p p e n d o (LEMf 6 s

minus human) with 90% confidence intervals for the STUCON dimension across the tested

prompting configurations. Blue points and horizontal bars indicate mean differences and their

confidence intervals, while green stars represent correspondingetiffes inGw e t &62s
Estimates are identical acrossins of the same configuration resulting in zero variance,

AC

whichsuggests that potential nateterministic behavior of the LLM does not materially affect
the results.

Table12. Stability of bootstrap estimates across configurations (STUCON)
This table reports the mean bootstrap differenc&ini p p e n d o (qf.fUdand tlel p h a

associated standard deviation for the STUCON dimension across the seven tested

configurations.
Configuration # Config. MeanmootU  SDgpootU
no-scale 13 -0.254 0.000
CoT_cbk_esexplain 2 -0.263 0.000
simplest 11 -0.322 0.000
simplified 9 -0.549 0.000
cbk_exno-explain 5 -0.588 0.000
cbk 7 -0.593 0.000
CoT_cbk_exo-explain 4 -0.656 0.000
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3.2.3 Evaluate theOptimal Configuration-Model Combination

To identify theoptimal configurationmodel combination, performance across the tivi€d
dimensions was summarized using a weighted mean, in Wadao.ot Uvalueswereweighted
by the inverse ofheir variance (hereafteMw(gpoot U). As shown inTable13, the three best

performing configurationmodel combinations were

1. Configuration 1 angemini2.5-pro (Mw(goeot U ¥ -0.141, tkg_cbk_esexplain),
2. Configuration 12 angiemini2.5-pro (Muw(gmoeot U F -0.168 tkg_noscald,
3. Configuration 2andgemini2.5-flash (Mw(thoot U ¥ -0.174 CoT_cbk_esexplain).

Table13. Weighted mean performance by configuration and model
This table reports the weighted mean difference€ mi p p e n d o (Mi(fdY)faa | p h a
each configuratiormodel combination. Values aeweraged across MQI dimensions using
inversevariance weighting of bootstrap estimates. Results are presented for-@ebfiaish
lite, gemini2.5flash, and gemirR.5pro, allowing comparison of performance across
configurations and models.

Configuratiors # Config. 2 5flashlite 2.5flash 2.5pro
tkg_cbk_exexplain 1 -0.346 -0.216 -0.141
CoT_cbk_exexplain 2 -0.339 -0.174
tkg_cbk_exno-explain 3 -0.507 -0.258 -0.175
CoT_cbk_exno-explain 4 -0.682 -0.381
cbk_exno-explain 5 -0.602 -0.178
tkg_cbk 6 -0.498 -0.332 -0.180
cbk 7 -0.628 -0.203
tkg_simplified 8 -0.420 -0.308 -0.214
simplified 9 -0.626 -0.193
tkg_simplest 10 -0.418 -0.257 -0.186
simplest 11 -0.431 -0.191
tkg_no-scale 12 -0.388 -0.255 -0.168
no-scale 13 -0.348 -0.214

To limit computational costgemini2.5-flashwas preferresver gemini2.5-pro. Therefore,

the configurationmodel combinatiorretained for subsequent analyses Wamfiguration 2
(CoT_cbk_esexplain andgemini2.5-flash This combination provides the LLM with a detailed
codebook and human expert examples togetheravjibsterioriexplanations, and explicitly
requires the LLM to generate reasoning before assigning the rdtimg.configuration
corresponds to the one previously used for the baseline; therefore, the only difference lies in

the modelgoing fromgemint2.5-flash-lite to gemint2.5-flash).
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Figure 11. Weighted mean agreement differences across configurations and models
This figure displays a heatmap of weighted mean differen¢es im p p e n d oforedcltd s
configurationrmodel combination(Mw(geootU). Values closer to zero indicate smaller

Lar

al pt

decreases in agreement relative to human raters and thus better performance. The heatmap

highlights systematic differences across models and configurations, with some combinations

consistently yielding higheragreeemt (i . e . , l ess negative o@U) t

3.2.4 Exploratory Analyses

3.2.4.1 Thinking Mode Comparisons

For clarity, since alweighted meas) in whichthe gaeot Uvalueswereweighted by the inverse
of their variance (hereafteMw(coot U ) are negativethe following analyses are conducted in
terms of absolutealues Therefore, alecreasén the absoluté/w(dmeot U) suggests that, from
a simplified perspective, LLM ratings are becomicigserto human ratings, whereas an

increasandicates greatetivergencdrom human ratings.

3.2.4.1.1 Against nethinking configurations

Figure 11 highlights an opposite pattern between configurations ukmthinking modeand
their corresponding configuration®t usingthe thinking mode For gemint2.5-flashlite,
configurations using the thinking mode yield smaller absolute Muw(gbootU), than their
corresponding configurationsot using the thinking modeFor example, the absolute
Mw(coot U Yecreases from 0.626 (no thinkingodd to 0.498 (thinking mode for
configurations providing a detailed codebg@onfigurations 6 and 7)and from 0.626 (no
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thinking mode to 0.420 (thinkingnode for configurations providing the simplest codebook
(Configuration 10 and 11).

In contrast, fogemini2.5-flash configurationaising the thinking modgield greaterabsolute
Mw(hoot U ) For instance, the absolutéw(gqmoeotU Js 0.193 (no thinkingnodd versus 0.308
(thinking modg for configurations with the simplified codebook, and 0.203 (no thinkinde

versus 0.332 (thinkingnode for configurations providing a detailed codebook.

3.2.4.1.2 Againstthainrof-thoughtconfigurations

For the four configurations allowing a direct comparison between providing thinking credits or
explicitly requiring the LLM to generate reasoning the results differ depending on whether
posterioriexplanations of the human expert ratings were provided. Configurations luaed 3
the thinking mode, whereas Configurations 2 andeduire explicit reasoning(chainof-
thought) these are displayed in the same order on theixof Figurel12. Configurations 1

and 2 provide human expert examples vaithosterioriexplanations, whereas Configurations

3 and 4 provide examples without explanations.

Heatmap of Weighted Mean Difference per Configuration x model
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Figure 12. Focus on selected configuratiemodel combinations
This figure reproduces the heatmap of weighted mean differendés in ppendo
(Mw(gbootU ) shown irFigure 11, with two red frames highlighting a subset of configura
model combinationsnphasized in the following analysis The highlighted region shows t
the relative effectiveness of thinking métitg) versus explicit reasonin@oT) depends on tlodel was
presence of a posteriori explanatiopsovided with the exanples: thinking mode leads
larger agreement drops when explanations are provided, but to smaller drops when t

absent IClear at
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this stage, restricting the comparison to thinking configurations avoids introducing an
additional source of bias. Accordingly, the moetislel weighted mean was computed across
the threeMQI dimensions and the 6 remaining configurations as follows:

, B | . ... P
e N X R
A_ 7 AR] BU hx E @ E
Wherez> | isthe3 | foragiven dimensioonfiguration combinatioiQand, is the

bootstrap variance associated wath |

As for Mw(omoot U), all weighted meanare negativeso the following analyses are conducted in
terms of absolutealues Therefore, alecreasén the absolutél . ; x syggests that, from a
simplified perspective, LLM ratings are becomalgserto human ratings, whereas arcrease

indicates greatativergencdrom human ratings.

Alpha differences means across thinking combinations per model

Difference

-0.6 I Raw Mean
. Weighted Mean

T T T
2.5-flash-lite 2.5-flash 2.5-pro

Figure 13. Mean agreement differences by model
This figurepresents raw and weighted meaftt . ; 4)sdifferences irKr i ppendor f f 6s
acrossthe three MQI dimensions and the thinking configurations for each model. Bars
represent mean differences (blue: raw mean; orange: weighted meih)error bars
indicating the corresponding standard errov8eighted means are consistently closer to zero
than raw meansyith weighted estimates being largely driven by the higher (i.e., less negative)
and more stable values for the STUCON dimensidre figure suggests that agreement
improves progressively from gemihib-flash-lite to gemini2.5-pro, indicating better overall
performance for more reasonikayiented models.

Figure 13 shows thagemini2.5-pro yields thesmallestmodetlevel absoluteweighted mean
(. 4% ™ X,0 181 m)pfollowed bygemini2.5flash (s . i 487 ™8 @,JNO

T3t m)xand gemini2.5flashlite (&. j 4 4iT@ ¢,00 18t )X Descriptives statistics are
reported inTable14.
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Table 14. Weighted mean differences across thinking configurations by model
This table reports summary statistics of weighted mean differené¢és inppendor f f 0s
across thinking configurations for each model. ; 4 4 For each model, it provides the
standard deviation, raw mean difference and standard error, as well as the iveeizece
weighted mean difference and corresponding standard error, computed across configurations.
N represents the number ofthinking configurations(6) multiplied by the number of MQI
dimensions (3).

Model SD RawMean Diff RawSE & .44, WeightSE N
2.5flashlite ‘ 0.232 -0.584 0.055 -0.425 0.007 18
2.5flash ‘ 0.280 -0.503 0.066 -0.268 0.007 18
2.5pro ‘ 0.264 -0.414 0.062 -0.176 0.006 18

Figure14 provides a view of the model effect across dimensyrslotting theqoot Ufor each
MQI dimension and configuratioifo follow the direction of the plot, tHellowing analysis is
conducted using the ragoot U (i.€., not the absolute differenc@hereforeadecreasén the
absoluted . i x gyggests that, from a simplified perspective, LLM ratings are becammineg
divergentfrom human ratings, whereas ancreaseindicates greatesimilarity with human

ratings.

For LCP, the evolution across configurations is heterogeneous: some configurations appear to
improve with higher model levels, whereas others shate@easeNotably, thetwo best
performancsare almost equal arabserved with Configuratienll andlL3, whicharethetwo

least detailed and reasoningentedconfigurationsbothcombined withgemint2.5flashlite,

which is the leasteasoningorientedmodel.For MLANG, nearly all configurations (with one
exception) show a roughly lineacreaseas the model version improvd$e best performance

is observed with Configuration 5, which is a detailed codebook with examples provided without
explanations, combined witlpemini2.5-flash, which is thehybrid reasoningnodel.Finally,
STUCON exhibits a markehcreaseacross all configurationsetweengemini2.5flashlite
andgemini2.5-flash.This improvementontinues frongemini2.5-flashto gemini2.5-pro, but

at a reduced rate, suggesting diminishing returns and the possible emergence of a performance
plateau.The best performance is observed with Configurationhich is a detailed codebook

with examples provideavith explanationsas well as the activation of the thinking mode

combined withgemini2.5-pro, which is thamostthinking-orientedmodel.
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Figure 14. Model effects across MQI dimensions
This figure shows the evolution gt U across models for each configuration and MQI
dimension. Patterns differ by dimension: LCP exhibits heterogeneous trends with no consistent
improvement across models, MLANG shows a general increase in agreementorgth
reasoning-oriented mode] and STUCON displays a clear improvement from flasho flash
followed by a more moderate gain toward pro

Figure 15 details the impact of the model main effect on STUCON rating distributions under
the same configuration (Configuration 6: thinkingpde activatedand detailed codebook
provided). The ratings produced ggmini2.5flashlite (orange, column 1) are more evenly
distributed than the human ratings, which are skewed toward lower ratings. As a result, the two
distributions are visually quite dissimilar. Tgemini2.5-flashdistribution is somewhat closer

to the human ratings, whigemint2.5-pro visually provides the closest match.

2.5-flash-lite 2.5-flash 2.5-pro
thg_cbk tig_cbk tkg_cbk

= fuman (%) = Human %) - uman (%)
1001 s Model (%) «: 0.4335 - Model (%] a: 0.6258 - Model (%) a: 0.7250

Rating

Figure 15. STUCON rating distributions across models
This figure compares STUCON rating distributions between human (blue) and LLM (orange)
ratings across models under a fixed configuration (Configurationtténking more and
detailed codebook provided). While gemin.5flashtlite produces a more evenly distributed
pattern than the human ratings, gemthb-flash shows improved alignment, and ger2i%
pro provides the closest match, illustrating a progressive convergence toward the human
ratings distribution.

3.2.4.3 Configuration Comparison
To examine the main effect of configuration on the bootstrap estimates, the weighted mean per
configuration was calculated after excludiggmini2.5-pro. This model does not operate
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without thinking credits and appears to strongly reduce the absmelute in the data.
Including it could therefore introduce an additional source of bias by confounding the
configuration effect with both the use of thinking credits and the specific behavior of the
gemint2.5promodel. Accordingly, a configuratielevel weighted mean was computed across

the threeMQI dimensions and the two remaining models:

. BO 3> | - & ¢ o
Ayil FECOORORET hx EOE —

Wherea | is thea | for a given dimensiomodel combinatioriQ and , is the

bootstrap variance associated wath |

As for Mw(goot U) anda . 1 4,4ll weighted meanare negativeso the following analyses are

conducted in terms of absolute values. Thereforde@easen the absoluté@ ;i | zecooA6ET T

suggests that, from a simplified perspective, LLM ratings are becatasgrito human ratings,

whereas anncreasendicates greatativergencerom human ratings.

Configurations 2 and 4 (chaof-thought) yielded respectively th@mallestand the largest
absolute configurationlevel weighted mean (respectivelgd 4 i | z¢ c® o ABe@ vand
Duii gecdoABeP  The only difference between these two configurations is that
Configuration 2 provides examples wighposterioriexplanations, whereas Configuration 4
provides examples only. A similar pattern is observed when tisriginking modeinstead of
explicitly asking for reasoninfchainof-thought) Configuration 1 (providing examples wih

posteriori explanations) produced smaller absolute configuratictevel weighted mean

L4i1 & cdoABeX Gthan Configuration 3, which provides examples witloposteriori
explanations X 4 j i £ ¢ o ABEY U

Regarding the use dfhe thinking mode in conditions without examples, none of the
configurations usinghe thinking modeyielded a smaller absoluté 4y 1 ¢ ¢ slbaR Eheir

equivalent configuration without thinking credits (Sexble15).

Concerning the effect of providing examples (fslot learning), the configuration using the
same codebook with examples (Configuratiogds, j i £¢ ¢ & o ABES )produced a slightly
smallerabsolute configuratictevel weighted mean than the configuration without examples

(Configuration 78 4 i | £¢ ¢ 80 ABY ;SeeTablels).
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Table 15. Performance summary by configuration
This table reports summary statistics of agreement differences for each prompting
configuration. Foreachconfiguration, it includes the number of contributing estimétgs
the standard deviatiof8D), raw mean difference and standard er(Baw SD), as well as the
inversevariance weighted mean differen@c, n 1 i ¢ yangdicoesponding standard error

(Weight SE) of 3= | , computed across MQI dimensioids= number of MQI dimensions
(3) multiplied by number of non-thinking models (2).
Raw )

Configuration # SD Mean Diff. Raw SE O #/ 7 £ ¢¢ Weight SE N
CoT_cbk_exno-explain | 4 0.246 -0.647 0.100 -0.516 0.013 6
tkg_cbk 6 0.263 -0.593 0.107 -0.405 0.013 6
tkg_simplified 8 0.273 -0.558 0.111 -0.360 0.012 6
tkg_cbk_exno-explain 3 0.266 -0.550 0.108 -0.355 0.012 6
simplified 9 0.252 -0.531 0.103 -0.354 0.012 6
cbk 7 0.257 -0.565 0.105 -0.352 0.012 6
tkg_simplest 10 0.278 -0.536 0.114 -0.329 0.012 6
cbk_exno-explain 5 0.322 -0.533 0.132 -0.323 0.012 6
tkg_noscale 12 0.282 -0.535 0.115 -0.315 0.012 6
simplest 11 0.227 -0.447 0.093 -0.292 0.012 6
no-scale 13 0.196 -0.408 0.080 -0.274 0.012 6
tkg_cbk_eyexplain 1 0.290 -0.489 0.118 -0.272 0.011 6
CoT_chk_exexplain 2 0.281 -0.434 0.115 -0.239 0.011 6

To compare levels of codebook detail, only configurations that did not involve reasoning,
thinking, or examples were considerdthe least detailed codebook (Configuration i@,
scalg vyielded the smallest absolute configuratiofevel weighted mean

Lyii gecdoABeX 1. The secondsmallestvalue was obtained with the second least
detailed version (Configuration 1lsimplest G4 £ecooA@e®§ In contrast, the
Simplified (Configuration 9simplified and Detailed codebooks (ConfiguratiortBk) yielded

the largest absolute configuratiotevel weighted mean 4 | £e ¢ 8o AWy tand
D4i 1 &EcdoABeY gespectively; segablels).
As shown inFigure 16, several values reported above, particularly the intermediate ones, are

very similar. For most estimates, the standard error is approxim#i@lyragt p,qesulting in

overlapping standard errors.
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00 Mean Differences by Configuration (Raw vs Weighted)
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Figure 16. Agreement differences across prompting configurations
This figure compares raw and weighted mean differencekKini ppendor f f 6s
(G 47 7 &£ cp@EEQsE Prompting configurations. Most configurations yield simileighted
estimates with overlapping standard errors, indicating limited differentiation in performance

STUCON MLANG LCP

no-scale no-scale no-scale

m— Human (%)

. - Human (%) -
- Model (%) a: 0.6748 _—wodel (%) a: 0.4180

59,15 ZLE% 67.3%

m— Human (%)

m— Model (%)

< o E]

Figure 17. Rating distributions across MQI dimensions (r&cale configuration)
This figure compares human (blue) and LLM (orange) rating distributions across the three
MQI dimensions using gemi@i5flash under the nacale configuration (Configuration 13).
Despite the absence of examples, explicit reasoning, or thinking modegdravated
distributions are generally close to human ratings across dimensions. While differences
remain visible for MLANG, this configuration yields one of the closest matches overall, and

simpler codebook settings appear to better approximate humanbdigtris than more
detailed alternatives.

Figurel7 provides a view of the rating distributions produced by the mgei@lini2.5-flash
across the three dimensions under Configuration 13 (no scale). Without any examples provided

and without requiring reasoning asing the thinking mode, the gemini2.5flash model

RESULTS Pageblof 72
Prompt Configuration Experiments



On the Use of Large Lar

generated ratings whose distribution was close to that of human experts for altQree
dimensions. It is important to note that, although the MLANG distributidiigare17 appears

quite different from the human rating distribution, it remains one of the closest among the tested
configurations (se@ppendixFigure A8 for the rating distributions across all configurations
and dimensions). Furthermore, for LCP, the rating distributions resulting from configurations
with more detailed codebook are further from the human distribution than those obtained with
the two leastletailedcodebooks (se@ppendixFigure AS8).

3.3 LARGE-SCALE EVALUATION ACROSSDIMENSIONS 0 OPTIMAL

CONFIGURATION

The rating generation was conducted on highthumanagreementsubset, comprising 38
preselected MQI dimensions, using the most appropriate configunatomiel combination, as
previously defined. Specifically, Configuration 2 was used again (requiring reasoning and a
detailed codebook with examples and thaimposteriori explanations) together with the

gemini2.5flashmodel.

331 Non-l nferiorityaTesti ppendorffds

We evaluated whether the LLM could substitut
U computed for all human raters with U comp
LLM, using a bootstrafpased non nf er i or i t y ndilE)s.t T(oh earieda fitretrgr p
the presence of prevalence paradoxes, we al s
AC2 computed without bootstrapping between the mean AC2 across alsubBtitution

panels and the AC2 of the full human panel (aftez, (pA C 2 ) . Di fferences wel
expressed as LLMubstituted minus humainly values. Negative values therefore indicate

lower agreement when the LLM was included.

None of the dimensions satisfied the faoferiority criterion, as all lower bounds of the 90%
confidence intervals were below the predefined margirOdi5; the highest lower bound
reached0 . 0 92.2). wa@s consistently negative, indica
was included (se&able 16). In addition, a descriptive inspection showed that, for 32
dimensions, the entire 90% confidence interval lay below the predefined mai@i0=fThree
dimensions had a 90% confidence interval that inclu€k@5 but not O, whereas three
dimensions ha@0% confidence intervals that included O (Begure9 andAppendixTable A

4).
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Table 16. Non-inferiority results summary (flash)
This table summarizes the results of the-imderiority analyses for ratings generated by
gemini2.5flash across MQI dimensions. It reports, for each statistic (mean, standard
deviation, minimum, maximum), the agreement among human raters, the agreetween
LLM and human panels, the bootstragtimated difference iir i ppendo(r db)do,s tah @ h
lower bound of the confidence interval, and the corresponding differenGewiat 6 s A C2

HumanU LLM U (oot U Cl lower @A C
Mean ‘ 0.766 0.43% 0.3 -0.423 -0.157
D 0.081 0.1% 0.210 0.218 0.125
Min ‘ 0.511 -0.017 -0.818 -0.915 -0.571
Max 0.846 0.716 -0.030 -0.092 -0.025

On average, ®mMAC2 values wewstl hTmlgedd. Howeveran t he
unlike the results obtained wigemini2.5flashlite, none of t he @AC2 valu
(seeFigure18).

Krippendorff's alpha differences with 90% CI
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Figure 18. Non-inferiority results withoptimal configuration (flash)
This figure presents the bootstrap estimates of the differei€gim p pend o (@M 6s al p
minus human) with 90% confidence intervals across the 38 MQI dimensions usiptirtiae
configurationmodel combination. Blue points and horizontal bars indicate mean differences
(oot U) and their confidence intervals, while green stars represent corresponding differences
inGwe t 0 $qAGRICA estimates remain negative, indicating that agreement with human
raters is not sufficient to achieve naorferiority.
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3.3.2 Paired ttest Between Baseline Run and Best Configuration Run

The top 10 and bottom 10 dimensions from both generation gemsirfi2.5-flashlite and
gemini2.5flash) show substantial overlap. In the top 10, 8 dimensions are common to both
runs: LESSEFIC, MMSM, OWWS4, SMALDIS, STUCON, TASKDEVMAT, TSTUDEA,

and USEPROD. A similarly strong overlap is observed in the bottom 10, where 8 dimensions
are also shared betweemettwo model generations: LANGIMP, LCP, MAJERR, MGEN,
MQI3, MQI_CHECK, OERR, and WCDISS.

Normality of theU paired differences was assessed using a Sh#filkotest (W = 0.98,
p =.78), indicating no deviation from normality. Therefore, a-tmked pairedsamples-test

was conducted, which indhtlatbed weleat tthlee t wean
significantly greater than zert(37) =2.92p= . 003) . The esti mated ef
&= 0.47, indicating a moder atU effgbmeme2t5> On a

flashlite to gemini2.5flashwas 0.052 $D= 0.109; range:0.218 to 0.357, seigure 19).
Descriptively, ten di mensi on $otls RGOy tiventy ne g a't
three showed a ptysibt OveO@dhamgd i nv@Olhad val
¢ h a n guetUs MO0Igme€igure20andAppendixTable A5). Overall, these results suggest

that gemini2.5flashpr oduced si gnidU cvaanlt U gemin2iFjasdite

across the MQI dimensions.
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Change in Krippendorff's a Across Dimensions

(Flash vs Flash-Lite)
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Figure 19. Change in agreement between baseline and optimized models
This figure comparespoot U across MQI dimensionsvith the Configuration 2 (providing
reasoning, detailed codebook, and examples with a posteriori explanations) between the
baseline modelgemini2.5flashlite and the gemini2.5flash Points represent mean
differencesof agreement (geoot U), shaded areas indicate 90% confidence intervals, and black
segments show the change in agreement between theosets. While most dimensions
exhibit improved agreement (i.e., shifts toward zero), the magnitude of improvement varies

substantially across dimensions.
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Figure 20. Change ingAC2 between baseline argptimal model
This figure comparesfAC2 across MQI dimensionsith the Configuration 2 (providing
reasoning, detailed codebook, and examples with a posteriori explanations) between the
baseline modelgemini2.5flashlite and the gemini2.5flash Points represent mean
differencesof agreement (qAC2), and horizontal segments show the change in agreement
between the twanodels. While some dimensionsexhibit improved agreement (i.e., shifts
toward zero), the magnitude of improvement varies substantially across dimensions.
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conducted

i n

p =.11), indicating no strong deviation from normality. Therefore, ataihed pairedsamples

t-test was conducted, which indicated that the mean difference between the two model

generations was not significantly greater than z€8y) =0.42,p = .34,d = 0.07). On average,

t his
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range: -0.313 to 0.277). Thirteen dimensions showed a negative change
(changen pA C<-0.001), twentt wo s howed a positive change
and three had values closeto zet@ (001 < <change | Figup20@2d < 0. C
AppendixTable A5). Overall, these results do not replicate the significant difference between

gemini2.5flashlite andgemini2.5flasho b s er v esghUwa ¢ hosps t he MQI di

3.3.3 Complementary Analyses: Correlations
The correlation between the absolgg@s:Uand t he human Krippendor f 1
indicating that smaller absolutg..:Uwere associated with lower human intater agreement.

This result is very similar to the one wigemini2.5-flashlite (r = 0.374)

The Pearson corr el ahidUwasrH0e8R2viadeating MO positived
association between the two agreement difference metrics. Notably, this correlation is stronger
than that observed with ti&5-flash-lite model(r = 0.625).

Change in Inter-Rater Agreement Between Models
(2.5-flash - 2.5-flash-lite)
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Figure 21. Change in interrater agreement between models
This figure shows the change in intater agreement between tgemini2.5-flashlite and
gemini2.5flash across MQI dimensions, usitgr i p p e n d o (gh.of Udxsaxispdng h a
Gwet O6(epA & axis). Each point representsMQI dimension Most dimensions fall in
the upperright or the lower-left quadrans, indicating same direction changes in both
agreement metrics
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Figure 21 illustrates the relationship between the changesis:Uand the change igpAC2.

The bottoraleft quadrant contains dimensions for which the change indpgtl andgAC2

is negative from one run to the other (10 dimensions), whereas thightoguadrant contains
dimensions for which both metrics show positive changes (24 dimensions). The two remaining
guadrants represent dimensions for which the two metrics changppsite directions.

Notably, four dimensions fall into this situation, where the change is positivagadat) but

negative forgpAC2. Conversely, no dimensions exhibit a negative changgs#tU t oget her

with a positive change igAC2.

3.4 COMPARISON OF RANKINGS IN THE TEACHER SUBSET

3.4.1 Teacher Level Aggregation
Kendall 6s U was used to evaluate the similar
scores from ratings produced by the LLM and those obtained from human experts. A Kendall
rank correlation indicated a moderate to strong positive associatwadrethe two rankings
( U = N#®10pMspermutation teshN(= 10,000 permutations) confirmed that this association
was statistically significanip(= .03). This result indicates that teachers with higher composite
scores according to human expert® daénded to receive higher ratings from the LLM. It also
indicates that approximately 78% of the pairwise comparisons were concordant, while about
22% were discordant (see equation below, assuming no ties in the data).

0

0 O

T ™ @

Let"Y 6 O. Thené O 1@ @"Y. Solving the system0 O OT[EE)\(([l Y

6 ™ d™H O T’ 4"y

yields:

Vi sual inspection of t he Figurel? suggestsshatddrmanyne d K
pairwise comparisons, differences between pairwise teachers composite scores appear larger in
the LLM scores (yaxis) than in the human scoresaxis). This pattern where most of the point

are gathered on the top left quadrantynradicate that the LLM produces sharper between

teacher differentiation. However, this observation should be interpreted cautiously, as amplified

differences do not necessarily imply reduced noise or improved ranking accuracy.
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Figure 22. Pairwise ranking differences in teachdevel scores
This figure visualizes the pairwise comparisons underhfng n d a | lusing a tigal u
transformation of teachdevel composite scores for humaras) and LLM (yaxis) ratings
(Edwards et al., 2025Fach segment represents a pairwise comparison, with its orientation
reflecting agreement or disagreement in relative ranking. The concentration of points in the
upperleft quadrant suggests that differences between teachers are often more pronounced in
LLM ratings than in human ratings, indicating sharper betwtsther differentiation.
However, such amplification should be interpreted cautiously, as larger differences do not
necessarily reflect improved ranking accuracy.

3.4.2 Lesson Level Aggregation

Kendall 6s U was used to evaluate the similar
scores from ratings produced by the LLM and those obtained from human experts. A Kendall
rank correlation indicated a moderate positive association betweemthetr anki ngs ( U
p<.001,N=92). This result indicates that lessons rated with higher composite scores according

to human experts also tended to receive higher ratings from the LLM. It also indicates that
approximately 65% of the pairwise comparis were concordant, while about 35% were

discordant (assuming no ties in the data).

The plot inFigure23was constructed using the same framewoikiggre22, with the addition

of the dissimilarity coefficient defined agw 3ug (Edwards et al., 2025)The 65%
concordant pairwise comparisons appear on the upper part of the plot, while 35% discordant
pairwise comparisons are in the lower part of the plot, allowing for a clearer visualization of
their proportions. A few points located at the periphertheflowerleft quadrant show large
dissimilarity values (around 0.40), indicating that the composite scores derived from the LLM
and human raters diverge strongly for these lesson pairs. This pattern suggests opposite
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composite score differences: when the LLM assigns a relatively higher or lower composite
score to one lesson compared to another one, the expert humans tends to assign the opposite
difference.

The spread of the points also reveals a slight shift to upper the left, te feacher-level
ranking (Figure 22), suggesting that the LLM tends to widen the differences between paired
scores. This observation should be interpreted cautiously, however, as larger differences do not

necessarily indicate reduced noise or improved ranking accuracy.

Lesson-level transformed pairwise endpoints and dissimilarity
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Figure 23. Lessonlevel pairwise differences and dissimilarity
This figure displays the transformed pairwise comparisons underkiagn d a | atthe t au
lesson level for human-&xis) and LLM (yaxis) ratings. Each point represents a pairwise
comparison, with color indicating the dissimilarity measure ® o @ (Edwards et al.,
2025. The distribution shows a slight shift toward the upfegt quadrant, suggesting that the
LLM tends taalso amplify differences between paired scores relative to human radirigs
lesson level.
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4 DISCUSSION

4.1 GENERAL SUMMARY AND INTERPRETATION OF RESULTS

4.1.1 Non-Inferiority and Substitutability of LLMs

The central objective of this study was to determine whether large languages thodiék)

could achieve a sufficient level of agreement with human experts to justify replacing a human
rater within the Mathematical Quality of Instruction (MQjamework Nortinferiority
analyses conducted on 38 MQI dimensions clearly indicate that this objective has not yet been
achieved for direct substitution, neither with the baseline configuration nor with the
configuration and model ultimately retained as the -pedbrming configuration within
reasonable costs constraints. In both cases, the differences Kr i ppendor f f é6s U
human panels and panels in which one humarsuastituted by the model remained negative,
indicating a systematic decrease in agreement when the LLM was introduced. In other words,
even under the most favorable conditions examined here, the scores produced by the model
were not statistically close enough to hummatings to justify replacing an expert. In addition,

a majority of dimensions showed 90% confidence intervals entirely below the predefined non
inferiority margin. Although inferiority was not formally tested as a preregistered hypothesis,
this patterns consistent with a possible inferiority of the LLM relative to human raters.

However, replacing gemini2.5flashlite with gemini2.5flash led to a significant
improvement in LLM human agreement, as confirmed by a pagaaples t test(37) = 2.92,

p = .003,d, = 0.47, conducted on the bootstrapped mean differences between thedniynan

groups and the groups in which the LLM substituted for one human rater. This result suggests
that, on average, the LLMO6s rati ngshingnoared cl
more reasoningriented model. However, this improvement swaot uniform across
dimensions: the LLM actually moved further away from human ratings on 10 dimensions,
representing approximately one quarter of the dimensions tested. Moreover, this difference was
not observed with Gwet 0sgeRid25flashlitertogemmni2&h t he
flashdid not reach statistical significance, suggesting that this improvement is not absolute and

does not generalize across all agreement metrics.
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4.1.2 Sensitivity to Prompt Configuration

The exploratory analyses, however, provide a more nuanced picture. First, they show that model
performance is not entirely fixed: it varies depending on the dimensions, the models, and the
prompting configurations. Some configurations reduced the gaghwitian ratings compared

to others, suggesting that part of the performance depends on how the task is formulated. In
particular, the most favorable combination relied on a detailed codebook, rated examples
accompanied by explanations generated a postead, explicit instructions encouraging
reasoning. This pattern is descriptively consistent with prior work highlighting the benefits of
few-shot learning(Brown et al., 2020pnd chairof-thought promptingWei et al., 2022)
However, these improvements remain relative: they mainly reduced the degradation observed
in some conditions, without reaching the substitutability threshold targeted in the confirmatory

analysis.

The exploratory analyses also suggest that the effects of the tested parameters are neither
homogeneous nor consistently oriented in the same direction. For instance, providing examples
to elicit in-context learning also show mixed effects. When accomg@dnyiexplanations, even
though these were generated a posteriori by another LLM, examples are often associated with
better agreement between LLM and human ratings. In contrast, when examples are provided
without such explanations, performance tends to edeser markedly and can, in some
configurations, become among the lowest observed. This effect appears particularly
pronounced for chatof-thought instructions, which seem more sensitive to the absence of
explanations than configurations relying on thinkorgdits. In addition, the use of thinking
credits appears to be associated with improvements for some modelggmini2.5flash

lite) but with degradation for others (e.gemini2.5-flash), which does not support a simple,

stable, and generalizalidenefit.

Furthermore, there is no clear evidence that increasing the level of detail in the codebook alone
is sufficient to approach neinferiority. In fact, when varying the level of detail, the descriptive
trend suggested that lower levels of detail was assaloveith ratings that are closer to those of
human raters. Codebooks with minimal explanations, which are limited to the dimensign name
few words about iandthe level labels, tended to yield better performance than more detailed
versionsTaken togethethese results call for a cautious interpretation: prompting optimization
may be associated with some performance variations, but the exploratory analyses do not reveal

a sufficiently robust, consistent, and generalizable improvement to alter the mdirsimonc
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Finally, although comparisons between models sugdestprovementsin noninferiority

when moving from less reasontogiented to more reasoniggiented versions, this trend

remains highly dependent on the type of MQI dimension considered. t h e Studente nsi on
Wor k with Context ual ipedodmaRce inbréases snarkefligTgeinoiN) |
2.5flashlite to gemini2.5flash, and continues to improve witlyemini2.5-pro across all
configurations, albeit more modestlyAlthough gemini2.5-pro consistently outperforms
gemint2.5flash these smaller gains indicate diminishing returns and do not enable the LLM

to match humamatings| n contr ast, for the dimension AL
Mat hemat i cal Contento (LCP), no cl ear i mprov
difference between LLMjenerated and human ratings remains relatikstye anduniform,

with no discernible trend across models.

These patterns are consistent whtardy & Kim (2026) who, using the same NCTE dataset

and classroom observation ratings (e.g., MQI), show that variations in prompts and model
choice account for only a small proportion of variance (1% and 4.8%, respectively) when
considered individually in alignment outcomes between expert humans and [lHiés.
suggests that neither prompt design nor model choice alone is sufficient to resolve the observed
misalignment.Importantly, however, when considering all variance components involving
these factors, including theirteractions with other facets such as transcripts and instructional
dimensions, their combined contribution increases substantially (up to approximately 50% of
the total variance). This indicates that while these factors do play a role, their effects are
distributed across complex interactions rather than driven by strong, isolated main effects.
This may also help explain the patterns observed in the present study, where a given prompt

yielded better performance with one model but worse with another.

413 Agreement metri awsvs. KewetpesnnddCZ f 6s

The joint examination of Kri ppendorffoés U a
capture, in part, a similar signal, while not leading to exactly the same conclusions. In the
compl ementary anal ysi s, t he moder aqp& Upositi
(r=0.625) indicates that, overall, dimensions showing greater degradation in agreement
betweergemini2.5flashlite andgemini2.5flashac cor di ng to U al so tend
according to AC2. Moreover, both metrics converge on the getnena: the introduction of

the LLM is associated with a decrease in agreement relative to fully human panels. However,

this convergence is incomplete, reflecting the fact that the two coefficients rely on different
model s of ¢ hanc e .oreBensitiye poehighly dmbdlanded labél distributions,
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whereas Gwetdés AC2 was specifically wused he
preval ence issues. 't i s therefore not surpr
values. Thus, moving to adoptimized configuration witrgemini2.5flash reduces some
discrepanciesinhumanL M agr eement observed with U, witt
i mprovement to generate a comparable signal
and AC2 tell a broadly consistent story but are neraftangeable. Optimizing a configuration
based on one metric, in this case U, does nof
here AC2.

4.1.4 Ranking Analyses

Finally, the ranking analyses provide a more encouraging, yet still limited, signal. At the teacher
level, the ranking of composite scores produced by the LLM shows a moderate positive
association with that of h u ma n nifieaxtpuadert as , wi |
per mutation test. At the |l esson |l evel, the a
These results suggest that the model partially captures the overall structure of human
evaluations, particularly when scores are aggregatemvever, this ability to partially

reproduce relative ordering should notdoeflated with the ability to replicate expert human

judgment for individual scoring: as shown in this study, a model can preserve a general ranking

trend while remaining insufficiently reliable to serve as a substitute rater in an MQI protocol.

Moreover, the model appears to amplify differences between composite scores, both at the
teacher and lesson levels. One possible interpretation is that the LLM differentiates profiles
more sharply. However, this tendency should be treated with cautidnmay also reflect
increased noise rather than improved discriminative sensitivity: units that are actually similar
could be assigned artificially more distant scores. It should also be noted that the observed rank
correlation relies on a relatively fawaale situation, in which the distances between composite
teacher scores, as derived from human ratings, were artificially amplified. The strength of the
observed association therefore likely represents an upper bound of what can be expected in a
comparablesetting. It is thus plausible that, in a context where betwegeher variance is not

artificially increased, the rank correlation would decrease substantially.

4.2 GENERAL DISCUSSIONAND |IMPLICATIONS

The results suggest that current LLM remain limited in their ability to approximate the
professional judgment of experts in mathematics pedagogy when evaluating transcripts of

mathematics lessons. This systematic underperformance highlights the inomgiexity of
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the MQI instrument. Unlike standard text classification tasks, MQI evaluation is highly
inferential requiing the evaluator to go beyond a literal reading of transcripts and to assess
conceptual depth, mathematical rigor, and the quality of instructional support for student
learning. In thiscontext LLMs appear to encounter a form of psychometric ceilifigs
interpretation is further supported by the observation that the average alignment with human
ratings tends to improve for more reasonarggnted nodels, suggesting that MQI scoring
depends on deep interpretative capabilitifss finding is consistent wittdardy and Kim
(2026) who show that, although LLMs are relatively consistent with one another, they remain
weakly aligned with expert judgmentshe authors suggestat LLMs may capture surface

level regularities without fully accessing the underlying inferential dimensions of teaching
quality.

Although differences between configurations were not formally assessed using inferential
statistical tests, it is noteworthy that one of the configurations achieving the closest alignment
with human ratings is also among the simplesly(ng only on a brief task definition and
omitting in-context examples, chawf-thought prompting, and detailed scoring rubridhis
pattern suggests thptompts offering additional guidandees not necessarily stabilize model
behavior andnayinsteads hi f t t Imterpretediah eflthé ®sk. A possible interpretation

is that these prrained models already encode general patterns consistent with human
evaluative judgments, allowing them to produce reasonable approximations under minimal
instruction. In this contextadditional prompting elementgould thenbe redundanand in

some caseswould interfere with this baseline behaviofhis effect may be particularly
pronounced for models with stronger reasoning capabi(gigs,gemini2.5-pro).

In addition, no single prompt configurationodel combination consistently improved
alignment across all MQI dimensions. While some configurations performed better on average,
these improvements were not uniform and varied across dimensions. This pejtEsts that

there is no single optimal prompt or model capable of reliably approximating expert judgment
across the full range of MQI constructs. Instead, these findings support a shift away from a

A oqsieefitssal | 6 paradi gm t owa ragproagh, imwhich pramptfahde r e n t
configurations may need to be tailored to specific dimensions. This interpretation is consistent
with the fact that prompt and model effects primarily emerge with the MQI ratings through

interactions with taskpecific factos (Hardy & Kim, 2026)

Finally, the observed gap between Lidénerated and human ratings should not be taken as
evidence that LLMs are not informative in this context. While exact agreement on individual
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labels remains limited, the preservation of rank ordering across lessons and teachers, under
conditions of large betweerachers differences, is noteworthy. This indicates that LLMs

ratings still converge toward human ratings on relative levels of tepgbality. Consequently,

LLMs could be used as supportive tools to help prioritize teachers who may benefit most from
additional support in mathematics instruction. However, such use should be approached with
caution. A potential risk is that the measuself becomes the target of optimization, which

may undermine its validityAn i ssue commonly referred to as

measure ceases to be a good measure once it becomes a target.

4.3 LIMITATIONS

The failure to demonstrate namferiority of LLMs should not be interpreted solely as a
performance deficit of these models. It also reflects a complex evaluation framework,
combining technical constraints, an imperfectly reliable human reference, amadwiegical

choices that can strongly influence the results.

A first limitation, of a technical nature, concerns the interpretation of the effect tfitikéng
budgetacross models. The reasoning budgets allocatgdnni2.5-flashandgemini2.5-pro

were approximately half that @femini2.5flashlite (256 vs. 512). An insufficient budget
relative to task complexity may | i mit t he
strategies. This could explain the absence of improvement observed with thinking mode in
gemini2.5flash, compared to the imprement obsrved with gemini2.5flashlite. This
observation is consistent with the Gemini 2.5 technical report that the effectiveness of
reasoning mechanisms depends directly on the computational resources a(@daiaaici et

al., 2025) In addition, the report indicates that performance gains become significant at much
higherthinking budget (e.g., 8192 tokens), which are orders of magnitude above those used in
this study. It is therefore likely that the thinking mode was strongly constrained within the

experimental setup.

A second technical limitation concerns the nature of the data. The NCTE transcripts do not
allow precise reconstruction of the temporal segmentation used in hatran(7.5-minute
segments). The adopted procedure, which is segmenting transcripts based on word count,
constitutes an approximation of this temporal structure. While this approach may be acceptable
for relatively continuous discourse, it is more problematicmathematics classrooms, which

are characterized by strong interactional variabiltgrdime. This mismatch between temporal

and textual segmentation may introduce alignment errors, especially when key elements occur
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at segment boundaries. Moreover, transcripts only partially capture essential aspects of
classroom interaction, such as tone of voice, pauses, gestures, or classroom dynamics. This loss
of information creates another structural difference between huatiag conditions, which

rely on video, and LLMbasedatingconditions, which rely on text.

A third limitation, of a methodological nature, concerns the construction dfighehuman
agreementsubset. This subset was motivated by the observation that most MQI dimensions
showlowinteth uman agreement (U < Oinf@idritytestwouldnmoc h ¢ on
allow one to distinguish true similarity to human behavior from a simple tendemrpduce
consensudike ratings To obtain a more reliable baseline, subsets of items with converging
human ratings were selected a posteriori. Howeasgreviously explain, in orddo preserve

broad coverage across MQI dimensions, the resultingfiater agreemerdwithin this subset

still spans a relatively wide rangg/a 0.5/ 0.8). As a result, this imperfect selection induces a
mechanical dependency between baseline agreement and the main evaluation metric, namely
the bootstrapped difference observed when replacing one human rater with the LLM. This is
why a positive correlation enges between intdruman agreement and this bootstrapped
LLMihumandi f f er ence: di mensions with | ower init
within the high-humanagreementubset) tend to show relatively smaller differences. This

effect is mechanical, as when baseline agreement is low, the additional degradation introduced

by the LLM is necessarily bounded. Consequently, part of the variability in bootstrappéd LLM
human diferences reflects this constraint rather than genuine differences in model performance,
meaning that the ranking of dimensions is partly driven by their initial level ofti@an

agreement and is therefore noisier. However, these dimensions remauorigyrtdout of 38),

and none were selected for prompt configuration analyses, suggesting a limited overall impact

on the results.

Furthermore, lthough tre itemselection was performed at the level of groups of items shared
acrossraters(rather than item by item), it introduces a selection bias that artificially and
substantially reducastrinsic inter-human variabilityof each dimensiarMoreover, it does not
guarantee that the selected examples are closer to an objective truth. As a result, the observed
agreement levels ithe high-humanagreementsubsetdo not necessarily reflect the true
difficulty of the task undeecologicalconditions. Introducing a nevater, whether human or
artificial, mechanically reintroducedimension intrinsicvariability and limits the ability to

reach the noinferiority threshold.
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The choice of the agreement threshold U O 0.
38) follows standard recommendatiofisrippendorff, 2004) which consider this level
indicative of satisfactory reliability, while acknowledging that a threshold of 0.667 may be
acceptable depending on context. However, f
Class Discussiono), 0 n dor rdorenthram 35% ofmratingse v éhis may
context, as few as 7 intBiuman disagreements out of 2&tingpairs represent the maximum

compati bl e \Whetetore, applyina@in@f 8ri ority test based

Uin a setting with stronglass imbalance is a significant limitatiddotably, analysis of LLM

generated rating distributions shows that some closely match human rating distributions, with
few overall errors, while stildl yielding de
prevalence paradgxwhere small disagreements on minority classes can lead to substantial

decreases in Krippendorffds al pha. Under suc

adding an LLM requires negqrerfect agreement on minority classes, leaviery little margin

for error.

Furthermore, the critical threshold used to conclude-infamiority was set arbitrarily,
following the default value proposed B¥erc (2025) A more robust methodological alternative
would have been to define this threshold based on observeehumem variability. For
example, one could use items rated by three human experts within the NCTE reliability
framework and estimate the variabildyf a n @ av e r algagedoneoutappeoach.hs i n g
nortinferiority threshold proportional to this variability would allow for a more contextualized

and interpretable evaluatiolm the present setup, the chosen threshold was likely substantially
lower than the variability observed among human experts, resulting in a particularly stringent
criterion. In the absence of such an adjustment, the chosen protehide aiming for
robustnesanay have increased the risk of Type Il error, i.e., falsely concluding the absence of

norrinferiority.

Finally, an additional limitation concerns both the granularity of the analysis and its limited
theoretical grounding. The study covers a relatively large number of MQI dimensions (n = 38),
spanning heterogeneous constructs, different scales, and higiallegample sizes (from a

few dozen to several thousand items). Moreover, the selection of dimensions is entirely data
driven, based solely on intluman agreement, without explicit grounding in MQI theoretical
considerations. While this choice enaldbesad coverage, it limits the depth and systematicity

of the analyses. A more restricted and theoretically grounded selection of MQI dimensions

DiscussION Page68of 72
Limitations

q



On the Use of Large Lar

would allow for more structured analyses, improve inferential robustness, and lead to clearer

theoretical implications.

4.4 FUTURE DIRECTIONS

Several avenues for future research emerge from these findings.

A first direction would consist in deepening the analysis by adopting a structured approach
based on MQI categories. Rather than considering each dimension independently, it would be
useful to examine model performance across broader types of constrggtsnéghematical
richness, error management, quality of interactions). Such an approach would help identify
whether certain larger categories are consistently better captured than others by LLMs. It would
also be important to further characterize the progs of the dimensions with the highest
performance, in order to clarify what they measure: are they more directly observable in the
text, less dependent on interactional context, or less sensitive-teertmad cues? Conversely,
dimensions with lower p@®rmance could help highlight current limitations of LLMs,
particularly when evaluation relies on implicit, dynamic, or multimodal elements that are
difficult to access from transcripts alone. In this perspective, a structured analysis would move
beyond aglobal assessment of performance and provide a morgraneed understanding of

the conditions under which LLMs can be considered reliable tools.

A second perspective concerns the role of prompting strategies. The fact that minimal
prompting strategies achieve comparable, or even higher, levels of alignment than more
complex prompts suggests differences in how humans and LLMs respond to instructions
humarratingcontexts, detailed guidelines and scoring rubrics are typically used tordiaette r s 6
attention toward specific aspects of instructional practice, with the goal of improving
consistency and alignment with the target construct. Howekerrdsults presented here
suggest that LLMs do not necessarily benefit from this type of explicit guidance in the same
way. One possible interpretation is that instructions have different effects on hateraand
models. As a result, prompting strategies effective for humans are likely not directly
transferable to LLMs and may even introduce unintended biases in model outputs. This
highlights the need to design guidance specifically adapted to LLMs, ratmeassaming

equivalence with humaratersprotocols.

Beyond agreemetitased analyses, another promising direction would be to adopt a latent truth

modeling framework. In such models, observatingsare treated as noisy realizations of an
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unobserved latent variable, while each rater (human or LLM) is characterized by an individual
error profile(Y. Xu & Jurgens, 2026)n the present study structure would allow for the joint
estimation of rater reliability and latent transcigpiel labels. A key advantage of this approach

is that it enables a direct comparison between human and LLM reliability, without relying solely
on pairwise agreement metrics. It could also be extended through sensitivity analyses exploring

different modeling assumptions (e.g., symmetric or weakly informative priors).

While latent truth models typically treat disagreement as noise, recent work suggests a different
perspectiveYue Xu and Jurgens (202®)ghlights that somegreement metrics, such as
Krippendorffos alpha, may confl ate intrinsic
In their review, thewistinguish different sources of disagreement related to the data, the task,

or theannotator and propose a typology of major annotation model families, including latent

truth and annotator reliability modeldowever, they argue that disagreement should not be
viewed solely as noise, but also as a source of information about the divérsitynan
interpretations. Extending latent truth models in this direction would involve explicitly
incorporating disagreement as meaningful information, allowing for a better representation of

the interpretative variability inherent in human judgments.
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5 CONCLUSION

This study aimed to determine whether a large language model (LLM) could reproduce expert
human judgments with sufficient accuracy in evaluating the teaching quality using the
Mathematical Quality of Instruction (MQI) framework, to the point of replacihgraan rater

in a rating procedure. Overall, the results provide a negative answer to this question. Across the
38 MQI dimensions examined, no tested configuration met théhernority criterion required

to justify direct substitution, and introducingetmodel into a rating panel consistently led to a
decrease in agreement compared to fully human panels. Under the conditions tested here, LLMs

cannot yet be considered reliable substitutes for human experts in MQI rating.

Exploratory analyses show that LLM performance varies depending on the dimensions being
evaluated, the model used, and how the task is formulated. Moving fromeffanenht model

to a hybrid reasoningmodel was associated with a significant average improvement in
agreement with human judgments, although this improvement was neither consistent across
dimensions nor sufficient to reach the desired level of substitutability. Similarly, some prompt
configurations, particularly those combining a detailed dmad, annotated examples with
explanations, and an explicit reasoning instruction, helped reduce the gap with human ratings.
These effects should be interpreted with caution, as prompt configurations with much less
information sometimes produced comparabkults.

The study highlights a central point: in the case of MQI, the requirements associated with a
norrinferiority framework are particularly demanding. This instrument relies orgiiamed
inferences, an understanding of mathematical content, and the itdegoreof sometimes
subtle interactional elements. The results therefore suggest tHatNhasjudge paradigm,

while promising in other contexts, faces a particularly challenging task here, where apparent

similarity to human judgments is not sufficieaténsure valid substitution.

Beyond itemlevel agreement analyses, the observed rank correlations indicate that models can,
to some extent, preserve the relative ordering of aggregated scores at both the lesson and teacher
levels. This finding points to more modest but potentiallyfulspplications: as exploratory

tools, as aids for the initial identification of teachers who may benefit from support or training,

or as support for largecale analyses, provided they are not treatesdlastitutions for expert

raters. In this perspective, their value lies less in direct substitution and more in assisting, pre

screening, or complementing existing hurtesed processes.
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Finally, several limitations call for caution in interpreting these results. The use of textual
transcripts rather than videos removes important cues used in human rating; lesson
segmentation had to be reconstructed approximately; and thafedority test based on
Krippendorffés U is particularly demanding
In addition, the nofinferiority threshold was not calibrated based on observed lini@an
variability. These factors do not invalidate the mainobasion, but they indicate that the
absence of nemferiority should not be interpreted as a complete lack of potential. Rather, it
suggests thduture work should therefore focus less on demonstrating a general equivalence
and more on identifying which dimensions, under which conditions, and for which uses LLMs

can become methodologically acceptable tools.
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DIMENSIONS NITEMS AVG ITEM UTT. NRATERS KRIPPALPHA  GWETGAC2 RATING UNIT
DIRINST 9,716 47.7030 56 0.357188 0.76526 Segment level
WCDISS 12,292 47.1737 63 0.140214 0.97088 Segment level
APLPROB 9,716 47.7030 56 0.685273 0.83536 Segment level
CWCM 12,292 47.1737 63 0.436133 0.93559 Segment level
LINK 12,292 47.1737 63 0.412130 0.83189 Segment level
EXPL 12,292 47.1737 63 0.269303 0.84959 Segment level
MMETH 12,292 47.1737 63 0.468354 0.94014 Segment level
MGEN 12,292 47.1737 63 0.179407 0.97822 Segment level
MLANG 12,292 47.1737 63 0.323336 0.74051 Segment level
ORICH 9,716 47.7030 56 0.353039 0.83545 Segment level
ORICH4 7,238 43.6708 47 0.404494 0.76641 Segment level
REMED 12,292 47.1737 63 0.322541 0.78776 Segment level
USEPROD 9,716 47.7030 56 0.275027 0.88425 Segment level
MATCON 2,576 45.1774 36 0.451786 0.84481 Segment level
OWWS 9,716 47.7030 56 0.319040 0.81810 Segment level
owws4 7,238 43.6708 47 0.334852 0.75343 Segment level
MAJERR 12,292 47.1737 63 0.277107 0.96598 Segment level
LANGIMP 12,292 47.1737 63 0.275953 0.92546 Segment level
LCP 12,292 47.1737 63 0.210157 0.94814 Segment level
OERR 9,716 47.7030 56 0.323277 0.88167 Segment level
OERR4 7,238 43.6708 47 0.390155 0.91504  Segment level
STEXPL 12,292 47.1737 63 0.392858 0.91756 Segment level
SMQR 12,292 47.1737 63 0.288509 0.88926 Segment level
ETCA 12,292 47.1737 63 0.295329 0.82991 Segment level
OSPMMR 9,716 47.7030 56 0.354584 0.86692 Segment level
OSPMMR4 7,238 43.6708 47 0.404252 0.82264  Segment level
STUCON 2,576 45.1774 36 0.689581 0.93362 Segment level
STUCOM 2,576 45,1774 36 0.459747 0.78368 Segment level
SMALDIS 2,576 45,1774 36 0.630505 0.86282 Segment level
MMSM 2,576 45.1774 36 0.327755 0.63766 Segment level
ORIENT 1,312 353.3552 56 0.318692 0.48422 Lesson level
SUMM 1,312 353.3552 56 0.468446 0.62937 Lesson level
MQI_CHECK 1,312 353.3552 56 0.161924 0.16820 Lesson level
DIFFINST 1,312 353.3552 56 0.277501 0.64714 Lesson level
LLC 615 324.7350 39 0.417171 0.94497 Lesson level
MQI3 1,312 353.3552 56 0.367733 0.90293 Lesson level
MKT3 1,312 353.3552 56 0.424112 0.90325 Lesson level
MQI5 1,658 349.8064 63 0.501446 0.90258 Lesson level
MKT5 1,658 349.8064 63 0.494571 0.89441 Lesson level
TSTUDEA 346 336.3497 36 0.366808 0.74995 Lesson level
TREMSTU 346 336.3497 36 0.272832 0.89872 Lesson level
STUENG 346 336.3497 36 0.272127 0.86093 Lesson level
CLMATINQ 346 336.3497 36 0.351941 0.82929 Lesson level
LESSEFFIC 346 336.3497 36 0.374624 0.80092 Lesson level
DENSMAT 346 336.3497 36 0.368482 0.86691 Lesson level
LATASK 346 336.3497 36 0.192939 0.93870 Lesson level
LESSCLEAR 346 336.3497 36 0.196258 0.72504 Lesson level
TASKDEVMAT 346 336.3497 36 0.357892 0.90434 Lesson level
ERRANN 346 336.3497 36 0.228049 0.90962 Lesson level
WORLD 346 336.3497 36 0.393829 0.47176 Lesson level
MEAN 5,951 164.7850 50.8 0.357185 0.82303

SD 5,031 144.9825 11.34 0.116224 0.14472

MIN 346 43.6708 36 0.140214 0.16820

MAX 12,292 353.3552 63 0.689581 0.97822
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Lesson Composite Scores by Teacher (Ranked)
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Figure A 4. Boxplots of lessons composite scores for teachers who were rated in at least three lessons per year
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Density of Lesson Composite Scores

T
0.2 0.3 0.4
Composite Scare (0-1)

Figure A 5. Density of Lesson Composite Scores for teachers who were rated in at least three lessons pe

year
Density of Course Composite Scores
8 1]
75} .
c ]
8 41
0 T T T T
0.1 0.2 0.3 0.5

Composite Score (0-1)

Figure A 6. Density of Lesson Composite Scores of the selected 10 teachers

VI

APPENDICES
Appendix A: Descriptives Statistics of the NCTE Dataset



| High -Human-AgreementSubsets

Percentage (%) Percentage (%)

Percentage (%)

I L L L
o
=
]

Percentage (%)

Percentage (%)

§

Percentage (%)

:

Percentage (%)

=

Percentage (%)

-

Figure A 7. Comparison of

100

100

75

25

100

75

25

100

100

75

100

On t

he

Use of

Lar ge

Distribution of MQI scores: original datasets vs high human Krippendorff's a subsets

s Original e High a
APLPROB |#378 items cwcy | 2194 items DIFFINST  |*7 ftems DIRINST 277 ltems ETCA  |2921tems
v w L v
o o o o
1 Z Z A 2 4 Z 4
s s = s
w [ @ W
4 = = g =
& & & &
0 1 2 00 05 10 0.0 05 10 0 1 2 0 1 2
EXpL |29 fems LANGIMP | 316 tems LcP 99 ttems LESSEFFIC |3 eme LINK  |285 tems
[ 1] @ w
= =) o =
. £ £ £ £
c c [= c
[ [ dJ [
] = g 2 =
& & & . . - &
0 1 2 0 1 2 0 1 2 o 2 4 0 1 2
52 items 1196 items 100 items 873 items 106 items
LLC a=068 MAJ ERR a=0.80 MATCON a=0.81 MGEN a=0.81 MKT3 a=082

Percentage (%)

=

Percentage (%)

o
=
N
w

Percentage (%)

I L L L
=]
=
r

Percentage (%)

-

0 1 2 0 1 2
69 items 272 items 1143 items 73 items 74 items
MKT5 a=0.79 MLANG a=0.80 MMETH a=0.81 MMSM a=0.75 MQI3 a=073
] 5 g g | g
o ] L1 o
o o o o
- o | o o ]
8 = 8 8
c c (= c
[T [ ) [T
4 5 = g =
: lh‘ : : '_h_-_‘ :
0 2 0 1 2 0 1 2 0 1 2 3 0 1 2
MQls MQI_CHECK |28 ftems OERR4 |3B§gggg OERR  [#121ems ORICH4 (263 ftems

0 2 4
322 it
ORICH  [¥22I=ms

Percentage (%)

:

0.0

0.5 10

63 items

ORIENT (53 ftems

Percentage (%)

"

0 1 2

OSPMMR4 |24

w

= w
i

=]

items
a=0.8

Percentage (%)

=

o
=

am

99 items

owws4

Percentage (%)

:

0 1 2 3
105 it
owws |03 ems

0 1 2

256 items
a=0.80

REMED

Percentage (%)

-

00 05 10
SMALDIS |73 ftems

Percentage (%)

-

344 items

SMQR a=0.80

Percentage (%)

F

o 1 2

B52 items
a=

STEXPL

n\u
=]
=]

Percentage (%)

-

0 1 2
STUCON |76} ftems

0 1 2
T3 items
SUMM a=0.79

Percentage (%)

i

0 1 2

3
TASKDEVMAT |32 terms

Percentage (%)

-

0 1 2
TsTubes (5153

Percentage (%)

-

0 1 2
USEPROD |#22 ftems

Percentage (%)

.

0 1 2 3
wcpiss |23 fteme

0.0 0.5

=
o

Percentage (%)

o
8]
S

label

Percentage (%)

L L
o
[N]
-

distributions between

Percentage (%)

=]
=
8]

high-human-agreemensubset across MQI dimensions.

APPENDICES
Appendix A: Descriptives Statistics of the NCTE Dataset

Percentage (%)

i L L L
o
-
8]

the original

dataset

and

IX

Languz:

the



On the Use of Large
TableA2.Kr i ppendor f f 6 s of bumamviQl r&imgs d¢f ash higHBunan-agreemensubset
DIMENSION NITEMS KRIPPALPHA GWETG6 S DESCRIPTION
APLPROB 4378 0.80 0.86 Working on Applied Problems
CWCM 2194 0.80 0.97 Classroom Work is Connected to Mathematics
DIFFINST 57 0.69 0.84 Differentiated Instruction
DIRINST 277 0.81 0.89 Mode of Instruction Direct Instruction
ETCA 292 0.85 0.96 Enacted Task Cognitive Activation
EXPL 293 0.80 0.94 Explanations
LANGIMP 316 0.81 0.97 Imprecision in Language or Notation
LCP 399 0.80 0.98 Lack of Clarity in Presentation of Mathematical Content
LESSEFFIC 55 0.56 0.83 Lesson Time is Used Efficiently
LINK 965 0.80 0.92 Linking and Connections
LLC 52 0.68 0.97 Lessor_evel Classroom Work is Connected to Mathematics
MAJERR 1196 0.80 0.98 Major Mathematical Errors
MATCON 100 0.81 0.96 Teacher uses Student Mathematical Contributions
MGEN 873 0.81 0.99 Developing Mathematical Generalizations
MKT3 106 0.82 Not calculated due
MKT5 69 0.79 to later removal
MLANG 272 0.80 0.92 Mathematical Language
MMETH 1143 0.81 0.96 Multiple Procedures or Solution Methods
MMSM 73 0.75 0.85 Mathematical Meaning and Sens#éaking
MQI3 74 0.73 0.97 WholeLesson Mathematical Quality of Instruction
MQI5 78 0.80 0.97 \é\g?gLesson Mathematical Quality of Instructior®bint
MQI_CHECK 56 0.63 0.66 Checking Broadly for Understanding
OERR4 389 0.80 0.96 Overall Errors and ImprecisionPbint Scale)
OERR 419 0.80 0.95 Overall Errors and Imprecision
ORICH4 263 0.81 0.90 Overall Errors and Imprecision-bint Scale)
ORICH 322 0.80 0.90 Overall Richness of Mathematics
ORIENT 63 0.62 0.68 Orienting
OSPMMR4 243 0.80 0.93 gzzglnig‘?;’;rieggggﬁon in Meankgking and
OowWws4 99 0.80 0.89 Overall Working with Students and MathematicsRdint Scale)
owws 105 0.82 0.93 Overall Working with Students and Mathematics
REMED 256 0.80 0.93 Remediation of Student Errors and Difficulties
SMALDIS 773 0.81 0.90 Small Group/Pair DiscussiongfdSPMMR)
SMQR 344 0.80 0.97 Student Mathematical Questioning and Reasoning
STEXPL 852 0.80 0.96 Students Provide Explanations
STUCON 961 0.80 0.93 Student Work with Contextualized ProblemspfdSPMMR)
SUMM 73 0.79 0.86 Summarization
TASKDEVMAT 52 0.51 0.93 Tasks and Activities Develop Mathematics
TSTUDEA 55 0.57 0.79 Teacher Uses Student Ideas
USEPROD 299 0.80 0.90 Respon_ding to Student Mathematical Productions in
Instructions
WCDISS 231 0.84 0.98 Mode of Instruction- Whole Class Discussion
MEAN 476.0 0.768 0.913
SD 769.8 0.080 0.077
MIN 52 0.51 0.66
MAX 4378 0.85 0.99
APPENDICES X
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On the Use of Large Langusc«
APPENDIX B: GENERATION OF EXAMPLES EXPLANATIONS USING CHAT GPT

Projectlevel instruction prompt used to generate reasoning explanations with ChatGPT:

One of the task of the MQI (Mathematical Quality of Instruction) is to annotate a segment of a classroom tra|nscript
focusing on one dimension.

__Tonote__:
- "[inaudible]" indicates that the audio quality was insufficient for accurate transcription. Any other worgds in
brackets represent terms inferred by the transcriber.

- When a student speaks, their pseudonym isn't specified

Your task is to explain in a very concise way why the given text got a given rating in the given dimension of the MQI
based on the given scale.
*Always give your explanation in a code window, and never mention the rating.*

Structure of the promp®response interaction:

[ énditates portions of the text that have been omitted for readability.

dimension:w At deé&scribes, on a five point scate X 6

**Here is the scale along with the reasoning behind it:**

-l=0 X 8
-2

-3=00 X B
-4

-5=0 X 6
Transcript

GSFOKSNY !ff NAIKGZ a2 fSiQa 32 +FKSIFR |yR [3Sd
beworkingcg SOQNB JI2Ay3a (2 FANRIG NBEOAMSH® yR T2 2PSNI

Rating: 1

Student contributions are almost entirely short answers (reading numbers, giving decimal values,
aGFadAy3a abPpmdTpZé SHi0P0 02X B2IAAGAOLT [[dzSadGAzyad ¢KSNB | N

teacher: All right, I would like to have Student W, J, K, and A take their things and their chairs pack to
Ms. H's table. You're going to work on halving and doubling. X 6

Rating: 2

Several students offer potentially rich ideas (e.g., using doubling/halving, arrays, and word prqblems
to relate two multiplication equations), and the teacher X 8

G§SFHOKSNY 2SQNB 3I2yyl YI1S ad2NB 4SS dzy RSNEGI|YR
be adding mixed numbers, we know what adding is. So whatdid X 6

Rating: 3

Students contribute some substantive pieces (e.g., giving examples of mixed numbers, listing factors,
ARSYGATeAYy3d 02YY2y TFIOU2NBEZI wak3IBSadAy3d aaINBFGSad O02YYzy

multiple students: [Students singing]. teacher: All right, you may stand for the last chorus for the¢ song
of the week. student: [Inaudible]. teacher: Yep, you caido X 6

Rating: 4

APPENDICES Xl
Appendix B: Generation of Examples Explanations Using ChatGPT
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mult

Students regularly contribute substantive mathematical ideas (e.g., suggesting arrays to model

iplication, explaining how to draw rows/columns, correctitag X 6

AP

PENDIX C:PROMPT STRUCTURE AND COMPONENTS

Table8 is simply reported below for clarity.

Table8. Prompting configurations overview

Configurations| 1 | 2° | 3 |4 |5 |6 |7 | 8|9 |10 11 12|13

Thinking budget x X X X X X
Reasoning requeste X X

Detailed codebool x | x | x | X | X | X | X
Simplified codeboo X | X
Simplest codeboo X | X
No scale codeboo X | X
Examples providet x | x | X | X | X
Reasoning provide( x | x
* indicates configurations not tested with genfith-pro because its thinking budget cannot be disal

Prompt Design

Langueé

No reasoning requested, examples provided@he prompt design balv applies to configurations 1, 3, abd

Rea

=== CODEBOOK ===
{codebook}

=== EXAMPLES ===
{examples}

=== INSTRUCTIONS ===
- Evaluate the next content according to the codebook and examples previously given.
- Your response must be a valid JSON object with exactly this key:
- "rating" must respect the values allowed
- Do not include any explanations, greetings, or additional text.

=== CONTENT TO ANNOTATE ===
<<<

{transcript}
>>>

soning requested, examples provided@he prompt design below applies to configurations 2 and 4.

=== CODEBOOK ===
{codebook}

=== EXAMPLES ===
{examples}

=== INSTRUCTIONS ===
- Evaluate the next content according to the codebook and examples previously given.
- Your response must be a valid JSON object with exactly these keys:
-"your_reasoning" must be singlme text, sentences separated by spaces only, no line breaks, no bullet po

- "rating" must respect the values allowed

APPENDICES
Appendix C: Prompt Structure and Components
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- Do not include any explanations, greetings, or additional text.

Use of Large

<<

{transcript}
>>>

CONTENT TO ANNOTATE

Langu

-

C

No reasoning requested, no example provided@he prompt design balv applies to configurations-

B3.

CODEBOOK
{codebook}

INSTRUCTION
- Evaluate the next content according to the codebook previously given.
- Your response must be a valid JSON object with exactly this key:

- "rating" must respect the values allowed
- Do not include any explanations, greetings, or additional text.

=== CONTENT TO ANNOTATE

<<

{transcript}
>>>

Codebooks structure

For simplicity, only the codebooks for the dimension STUCON are presented below. The sa
applied to the two other dimensions (MLANG and LCP).

Detailed Codebooki Reasoning Requested

me logic w

You are an annotator for the MQI (Mathematical Quality of Instruction), and your task is to accurately ann

btate a

segment of a classroom transcript. For this annotation, you will focus on the dimension "Students Work with

Contextualized Problems" which dapes, on a foupoint scale (Not Present, Low, Mid, High), the extent to wh
students work with contextualized problems (e.g., story problems,-neald applications, experiments thg
generate data). This includes solving such problems; discussirtgsslito such problems; writing expressions
equations to represent contextualized situations; making sense of contextualized relationships through
graphs or other representations; or creating contextualized problems/situations to match expre&sjaations.

__Tonote__:

- "[inaudible]" indicates that the audio quality was insufficient for accurate transcription. Any other wor
brackets represent terms inferred by the transcriber.

- When a student speaks, their pseudonym isn't specified

-52 y2i O02dzyi 6KSy GKS GSIFOKSNJ 2NJ addzRSyid YSyidaz
Oty GKAYl 2F mMkn F& | ljdzr NISNIFYR M 6K2tS +a |
yesterday when we solved$h KI G LINPOGf SYKé 03X odzi GKS aiddzRSyida F

- This is not a duration code; the difference between a Low, Mid, and High is amount of teacher scaffoldi
length. In the case of two or more different tasks with different levels, score to the highest level.

**Here is the scale along with the reasoning behind it:**
-1 = Not Present

- Students do not work with contextualized problems or a contextualized problem is mentioned but not w
on.
-2 =Low

- The contextualized problems are executed as mostly rote/routine exercises. Teacher heavily scaffa
presentation, for example, by telling students which procedure is to be applied, helping them write ol
expression or equation, and so forth.

- Also include here times where there is data collection without reference to the underlying relationships or
of the data. For instance, students may be collecting and marking down ice cream preferences in preparg

ich
t
or

tables,

fs in

ya I 0O
R2 € € I NJ
2 y2i
ng, not

prked

Ids the
t the

shape
tion for

later plotting the graph ad discussing.
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On the Use of Large
-3=Mid
- Some student reasoning about contextualized problems is required for at least a portion of the pr
execution; however, solution paths may be-@anstructed or scaffolded by teacher to some extent. For instang
- Students play some role in deciding how to solve the problem
- The problem starts off as nenoutine but teacher hints at a solution method
-4 = High
- Students are allowed significant opportunities to think and reason mathematically about contextu
problems. Students might need to choose which operation to apply, decide which kind of graph is appropr
their data, or figure out how to wr@ an expression that represents a pattern. The characterizing feature o

segment is that the teacher will not be doing much of the cognitive work of solving the problem.

Langu

-

C

bblem
e:

alized
ate for
this

Provide a very concise reasoning and the integer corresponding to the sedye (1

Detailed Codebooki No Reasoning Requested

You are an annotator for the MQI (Mathematical Quality of Instruction), and your task is to accurately ann

dtate a

segment of a classroom transcript. For this annotation, you will focus on the dimension "Students Work with

Contextualized Problems" which dapes, on a foupoint scale (Not Present, Low, Mid, High), the extent to wh
students work with contextualized problems (e.g., story problems,-wemld applications, experiments tha
generate data). This includes solving such problems; discussirigsslto such problems; writing expressions
equations to represent contextualized situations; making sense of contextualized relationships through
graphs or other representations; or creating contextualized problems/situations to match expre&sjaations.

To note__:
- "[inaudible]" indicates that the audio quality was insufficient for accurate transcription. Any other wor
brackets represent terms inferred by the transcriber.
- When a student speaks, their pseudonym isn't specified
-52 y2iG O02dzyd 6KSy GKS GSIFOKSNI 2NJ
Oty GKAY1l 2F wmkn & | ljdzZ NGSNIFYR m gK2tS & | H
yesterday whenwe solved$h KI & LINRPOf SYKE 0T o0dzi GKS &ddzRSyida R
- This is not a duration code; the difference between a Low, Mid, and High is amount of teacher scaffoldi
length. In the case of two or more different tasks with different levels, score to the highest level.

a0dzRSyd YSyidaAz2

**Here is the scale along with the reasoning behind it:**
-1 = Not Present

- Students do not work with contextualized problems or a contextualized problem is mentioned but not w
on.
-2=Low

- The contextualized problems are executed as mostly rote/routine exercises. Teacher heavily scaffa
presentation, for example, by telling students which procedure is to be applied, helping them write ol
expression or equation, and so forth.

- Also include here times where there is data collection without reference to the underlying relationships or
of the data. For instance, students may be collecting and marking down ice cream preferences in prepara
later plotting the graph ad discussing.

-3 = Mid

- Some student reasoning about contextualized problems is required for at least a portion of the pr

execution; however, solution paths may be@anstructed or scaffolded by teacher to some extent. For instang

- Students play some role in deciding how to solve the problem

- The problem starts off as nemoutine but teacher hints at a solution method
-4 = High

- Students are allowed significant opportunities to think and reason mathematically about contextu

problems. Students might need to choose which operation to apply, decide which kind of graph is appropr
their data, or figure out how to wri an expression that represents a pattern. The characterizing feature o
segment is that the teacher will not be doing much of the cognitive work of solving the problem.

Provide the integer corresponding to the score{l

ich
t
or

tables,

fs in

ya | O
R2 € € I NJ
2 y2i
ng, not

prked

Ids the
t the

shape
tion for

bblem
e:

alized
ate for
this

Simplified Codebook

APPENDICES XV

Appendix C: Prompt Structure and Components



On the Use of Large Langu
You are an annotator for the MQI (Mathematical Quality of Instruction), and your task is to accurately anngtate a
segment of a classroom transcript. For this annotation, you will focus on the dimension "Students Work with
Contextualized Problems" which dapes, on a fowpoint scale (Not Present, Low, Mid, High), the extent to which
students work with contextualized problems (e.g., story problems,-wemld applications, experiments that
generate data). This includes solving such problems; discussirtgpsslto such problems; writing expressions |or
equations to represent contextualized situations; making sense of contextualized relationships through ftables,
graphs or other representations; or creating contextualized problems/situations to match expre&sjaations.

__Tonote__:
- "[inaudible]" indicates that the audio quality was insufficient for accurate transcription. Any other worgds in
brackets represent terms inferred by the transcriber.

- When a student speaks, their pseudonym isn't specified

**Here is the scale:**
-1 = Not Present

-2=Low

-3 = Mid

-4 =High
Simplest Codebook

You are an annotator for the MQI (Mathematical Quality of Instruction), and your task is to accurately annotate a
segment of a classroom transcript. For this annotation, you will focus on the dimension "Students Work with
Contextualized Problems" which dapes, on a foupoint scale (Not Present, Low, Mid, High), the extent to wtich

students work with contextualized problems.

**Here is the scale:**
-1 = Not Present

-2=Low
-3 =Mid
-4 = High

Simplest Codebook with No Scale

You are an annotator for the MQI (Mathematical Quality of Instruction), and your task is to accurately annotate a
segment of a classroom transcript. For this annotation, you will focus on the dimension "Students Work with
Contextualized Problems" which dapes, on a foupoint scale (Not Present, Low, Mid, High), the extent to which

students work with contextualized problems.

Structures of Provided Examples

Examples with A Posteriori Reasoning ExplanationsThe structure below applies to configurations 1 2nd

[ énditates portions of the text that have been omitted for readability

teacher: Okay. We are going to be doing popcorn fractions today. What | want you to do first is you should have a
napkin at your desk. Go ahead and unfold your napkin so it is completely out. Okay. Student M and Student S are
bringing you a bag of p@p2 Ny ® 2KIFd ¢6SQNB X28y3 (2 R2 6AGK GKRA
{
"your_reasoning": "Students handle popcorn as a concrete manipulative to represent fractions, but they| never
actually solve or discuss a rembrld or story problem about popcorn (e.g., sharing, comparing amounts,
interpreting a situation). The teacheirects every step (count 24, make groups of 8 or 6, move groups to the|bag)
purely as a structured exercise in forming denominators and equal groups. Popcorn functions only as counfers, not
as a contextual situation to be mathematically modeled or reasbabout, so students are not working with
contextualized problems in the sense required by this dimension."
"rating": 1
}

APPENDICES XV
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On the Use of Large Langu
G§SFOKSNY hlled {2 G2RIFIe ¢gSQNB 3I2Ay3 (2 O2yiAydz§ 2dzNJ
FNI OGA2YyS 6KIG R2 @&2dz tfSIFrasS O02YS ol 01 G2 @2dzNJ 3S+do

student: Find an equal fraction.
w X 8

{

"your_reasoning": "Students encounter one contextualized cookie problem, but they do not actually solve(it. The
0SFHOKSNJ LINBaSyida GKS aOSyFINAR2 yR AyadNdzda addRSyuita
any reasoning. The subsequeattivity shifts entirely to highly scaffolded, decontextualized fraction examples with
apples, where the teacher directs every step. Students do not independently interpret, represent, or reason through
the contextualized situation, so the work with cemnt remains limited and procedural.”

"rating": 2
}

teacher: All right. Good morning. How is everybody?
multiple students: Good.
w X 8

{

"your_reasoning": "The pizza story provides a genuineweald context that students actively interpret: they
RSGUSNNYAYS K2¢ YdzOK LIATTI GKS (GSFOKSNJ aFiSzé¢ NBLINBaSyi
their reasoning. Studentsrppose their own representations (e.g., seven fourths), make sense of the situation{using
the context, and justify equivalence. Although the teacher guides the discussion, students still engage in coptextual
reasoning rather than following a rote procedungelding meaningful but moderately scaffolded work within a
contextualized problem."

"rating": 3
}

teacher: Boys and girls, this morning you were supposed to solve this morning math problem. Who would like to
read the problem? Student M?
student: Ms. T used an equal amount apples in each of six pies. She used 30 apples in all. How many apples did she
use in each pie.
w X 8
{
"your_reasoning": "Students work directly on a rearld, contextualized situation (apples divided among [six
pies). They independently choose operations, justify interpretations of quantities, propose multiple solution paths,
and explain why their méibds make sense in the context. The teacher facilitates but does not determing the
reasoning; students select strategies (division, multiplication,-skipting), interpret what numbers represent in
the scenario, and articulate contextual meaning in costglsentences. This reflects substantial studdriven
mathematical reasoning within a contextualized problem."
"rating": 4
}

Examples without A Posteriori Reasoning ExplanationsThe structure below applies to configurations 3,
4 and 5.

teacher: Okay. We are going to be doing popcorn fractions today. What | want you to do first is you should have a
napkin at your desk. Go ahead and unfold your napkin so it is completely out. Okay. Student M and Studént S are
bringing you a bag of p&p2 NJ ® 2KIG 6SQNB® X2R8y3 (2 R2 6AGK GKRa

{

}

G§SFOKSNY hileéo {2 42
FNI OUAR2YyS ¢gKIG R2 &2dz t
student: Find an equal fraction.

w X 8

{

}

"rating": 1

w

"rating": 2

APPENDICES XVI
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On the Use of Large

teacher: All right. Good morning. How is everybody?
multiple students: Good.

w X 8
{

"rating": 3
}

read the problem? Student M?

use in each pie.

w X 8
{

"rating": 4
}

Langueé

teacher: Boys and girls, this morning you were supposed to solve this morning math problem. Who would like to

student: Ms. T used an equal amount apples in each of six pies. She used 30 apples in all. How many apples did she

JSON Output Format

No reasoning requestedThe JSON output format below applies to configurations 1;13.4

{
"type": "OBJECT",
"properties": {
"rating": rating_schema
"requi;ed": ['rating"]
}
Reasoning requestedThe JSON output format below applies to configurations 2 and 4.
{
"type": "OBJECT",
"properties": {
"your_reasoning™: {
"type": "STRING",
"nullable": False
h
"rating": rating_schema
b
"required": ["your_reasoning", "rating"]
}

APPENDIX D: GENERATION STATISTICAL RESULTS

Large-Scale Evaluation across dimensionsBaseline

APPENDICES
Appendix D: Generation Statistical Results
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5 On the Use of Large Langu
Table A3. Non-Inferiority U test for each 38 MQI dimensions Configuration 2, gemini2.5flash-lite
model
HUMAN MODEL DIFF ClI LOWER CI UPPER NON DIFFAC2

DIMENSION ALPHA ALPHA ALPHA INFERIOR

MGEN 0.8117 -0.0357 -0.8474 -0.9276 -0.7686 0 -0.2209
LCP 0.8005 -0.0026 -0.8031 -0.8853 -0.7191 0 -0.4729
MAJERR 0.8010 0.1084 -0.6925 -0.7470 -0.6404 0 -0.2023
WCDISS 0.8405 0.1494 -0.6910 -0.8220 -0.5628 0 -0.2115
MQI3 0.7328 0.1047 -0.6281 -0.8355 -0.3856 0 -0.1812
LLC 0.6782 0.0918 -0.5864 -0.8589 -0.2974 0 -0.1230
MQI_CHECK 0.6290 0.0870 -0.5420 -0.7416 -0.3351 0 -0.5681
OERR 0.8015 0.2765 -0.5250 -0.5903 -0.4585 0 -0.2572
REMED 0.8008 0.3217 -0.4792 -0.5630 -0.3973 0 -0.2733
LANGIMP 0.8121 0.3379 -0.4742 -0.5513 -0.3997 0 -0.123
OERR4 0.8037 0.3335 -0.4702 -0.5373 -0.4012 0 -0.1673
APLPROB 0.8001 0.3640 -0.4361 -0.4523 -0.4177 0 -0.4477
STEXPL 0.8012 0.3660 -0.4352 -0.4832 -0.3905 0 -0.2403
MQI5 0.8026 0.4011 -0.4015 -0.5390 -0.2731 0 -0.0846
ORICH4 0.8071 0.4121 -0.3950 -0.4586 -0.3331 0 -0.1202
MMETH 0.8125 0.4319 -0.3806 -0.4198 -0.3396 0 -0.164
DIFFINST 0.6861 0.3245 -0.3616 -0.5728 -0.1361 0 -0.1256
ORICH 0.8011 0.4513 -0.3499 -0.4100 -0.2893 0 -0.0819
EXPL 0.8026 0.4585 -0.3441 -0.4181 -0.2729 0 -0.2095
LINK 0.8012 0.4628 -0.3384 -0.3762 -0.3006 0 -0.2089
MLANG 0.8034 0.4809 -0.3224 -0.3898 -0.2577 0 -0.1481
SMQR 0.8003 0.4870 -0.3133 -0.3903 -0.2431 0 -0.0699
SUMM 0.7948 0.4828 -0.3120 -0.4761 -0.1592 0 -0.2212
CWCM 0.8001 0.4900 -0.3101 -0.3509 -0.2684 0 -0.0582
OWWS 0.8167 0.5073 -0.3095 -0.4261 -0.1900 0 -0.0943
ETCA 0.8464 0.5386 -0.3078 -0.3820 -0.2409 0 -0.1105
DIRINST 0.8067 0.5000 -0.3067 -0.3753 -0.2401 0 -0.1654
ORIENT 0.6228 0.3180 -0.3048 -0.4867 -0.1315 0 -0.2093
MATCON 0.8056 0.5040 -0.3017 -0.4199 -0.1913 0 -0.1515
OWws4 0.7992 0.5049 -0.2942 -0.4021 -0.1888 0 -0.1064
OSPMMR4 0.8040 0.5188 -0.2852 -0.3483 -0.2204 0 -0.0743
STUCON 0.8039 0.5273 -0.2766 -0.3125 -0.2403 0 -0.0591
SMALDIS 0.8053 0.5738 -0.2315 -0.2686 -0.1952 0 -0.0855
USEPROD 0.8001 0.5925 -0.2076 -0.2852 -0.1386 0 -0.0866
TASKDEVMA] 0.5110 0.3590 -0.1520 -0.2442 -0.0633 0 -0.0206
MMSM 0.7477 0.6024 -0.1453 -0.2527 -0.0449 0 -0.1167
TSTUDEA 0.5687 0.5341 -0.0346 -0.0921 0.0215 0 0.0277
LESSEFFIC 0.5613 0.5498 -0.0115 -0.0844 0.0560 0 0.0086
MEAN 0.7664 0.3820 -0.3844 -0.0844 0.0560 -0.1638
SD 0.0814 0.1698 0.1825 -0.4783 -0.2909 0.1208
MIN 0.5110 -0.0357 -0.8474 0.2028 0.1769 -0.5681
MAX 0.8464 0.6024 -0.0115 -0.9276 -0.7686 0.0277
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Figure A 8. Human (blue) and LLM (orange) rating distributions across dimensions and mogedst 1)
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Figure A 10. Mean human vs. LLM ratings peMQI dimension; each point isan item (segment or lesson
depending on the dimension), with the dashed line indicating perfect agreement (y = x) and titles
reporting average modehuman differenceqred: LLM more severe; green: more lenién(part 1)

APPENDICES XXI
Appendix D: Generation Statistical Results



On the Use of Large Langusz:

STEXPL - mean diff = 0.46

OWWS - mean diff = -0.16 REMED - mean diff = 0.45 SMQR - mean diff = 0.12 e
Guerall Working with Students and Mathematics Remediation of Student Errors and Difficulties Student Mgthematical Questioning and Reasoning o
3.0 . 3 »
e 304 =%t 30 . 30 b; oy 5‘1‘. : .
- « , .
- S, / /
2,54 . -
s 254 25 2.5 /
- - 7
/
= / = = =
= £ £ v E »
T 2.0 s @ & s 80 % K
= - = 2.0 . =20 e £ 20
3 3 20 ] -1k T
K K K ¢ E
8 / 8 . 8 8
= = = S y
.
4 Pl s
v , g 151 L 15 15
s
® ’ g
1.0 . “ .
P 1.04 ,%% . 10 - 10 -
10 15 20 25 3.0 10 15 2.0 25 3.0 10 15 2.0 25 30 T " T i P
Mean human rating Mean human rating Mean human rating Lo 15 20 25 30
Mean human rating
USEPROD - mean diff = 0.02 WCDISS - mean diff = 0.45 MATCON - mean diff = 0.14 MMSM - mean diff = 0.16
Responding to Student Mathematical Productions in Instructions. Mode of Instruction - Whole Class Discussion “Teacher uses Student Mathematical Contributions Mathematical Meaning and Sense-Making
® LR x ’
3.0 4 %% 3.0 PN . - 40 1% 4.0
E: . /
’ '
e 35 35
-
254 - 254 % x
v ’ 30 o 30 -
=1 , o ’ o 2 o
5 - £ £ £ v
S0 °° . s C 0] “lamo g s Y ,
3 s p 3 ¢ ] 3
K] K] K] ]
2 s s E g 2 ’ .
P 20 27 ~ 20 - ‘
y g
154 # 154 -
-
/ 7 15
/ ! 15 /
. /
- 1.0 4 . 10 3,4 !( 10
10 15 2.0 2.5 3.0 10 15 20 25 30 10 15 20 25 30 35 20 1.0 15 20 25 30 35 40
Mean human rating Mean human rating Mean human rating Mean human rating
OERR4 - mean diff = 0.31 OSPMMR4 - mean iff = -0.29 OWWS4 - mean diff = -0.29
Overall Errors and Imprecision (4-Point Scale) ORICH4 - mean diff 0.45
Ovefall Student Participation in Meaning-Making and Reasoning (4-Point Sdale) Overall Working with Students and Mathematics (4-Point Scale)
. 201 Overall Richness of Mathematics (4-Paint Scale) 20 i 20
404 % . . ,
15 ; /
/ ,
354 , 354 35 % 35
, .
v 7
304 o o e s, 3.04 30 30 ;
o , o o o
£ £ £ £ ’
EPLR v £ 259 £25 4 Eas ’
3 S ] 3 ] -
3 , 3 / 3 / 3
. Y cde
20 4 =207 o 4 y/ w: dy - =20 4 =20 . /s ¥
P , /
. /
154 < 157 L3 4 15 ,
. - o > N
’ y 0 . * ) X s . . 3 N
104 ! ot ) Lo LAl % 10 r Bl . o :
10 15 20 25 30 35 40 y T T y T T y
" " i " f i i} 1.0 15 20 25 30 35 a0
1.0 15 2.0 2.5 30 35 4.0 Mean human rating Mean o 10 15 2.0 25 30 3.5 40
Mean human rating ean human rating Mean human rating
- iff = MQI5 - mean diff = -0.53
SMALDIS - mean diff = -0.09 STUCON - mean diff = 0.14 LESSEFFIC - mean diff = -0.11
Sl GrounPo Dcazson (LS, o] otz e s o Lesson Time 1= Usea Emciency ; 5| Whole-Lesson Mathematical Quality of nstruction (5-Point Scalc)
4.04 8 "TIICLIE B /
- a5 /
35 354 ,
4.0 ¢ d
w .
304 o & o 30 % 3 ) .
g . g E3s , £
a5 e £ 254 e Es /
3 S 3 L, 2 30 . 3
= 3s 2 s 4 ¢ P 2 . g
=50 (I A 3 = 20 - 4& e , .
" s ¢ 25 , . .
s 2 K .
15 4
2.0
P y
1 ¥ i - S Y o »
Lo . A R ? 'h o ? 15 g 1] -
-
o 15 20 25 30 35 40 20 25 30 35 40 15 20 25 30 35 40 45 50 To 15 20 25 30 35 40 a5 so
Mean human rating Mean human ratin: Mean human ratiny : § § i i N : i -
9 9 Mean human rating
TASKDEVMAT - mean diff = -0.08
TSTUDEA - mean diff = 0.09 1.0 10
Tasks and Activities Develop Mathematics 45 e
5.0 .,
S 404
45 , 08 08
354 ’
. .
4.0+ A 7
%
2 , 2 3.0 s * , S > 0.6 0.6
£ 354 % &
= P = .
3 T 254
3 . 3
=304 t e = - 0.4 0.4
s 2.0
/
259 , R
y 151 - 02 02
. 5
2.0 - R
e 104 7
/
L3 10 15 20 25 30 35 40 45 0o 0.0
15 20 25 30 35 40 45 50 00 0.2 0.4 06 08 10 0.0 02 0.4 0.6 08 10

Mean human rating Mean human rating

Figure A 11. Mean human vs. LLM ratings peMQI dimension; each point isan item (segment or lesson
depending on the dimension), with the dashed line indicating perfect agreement (y = x) and titles
reporting average modehuman differenceqred: LLM more severe; green: more lenién(part 2)
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Three Dimensions Comparisons
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Figure A 13. Distribution of ratings across configurations and models (Zl&sh-lite, 2.5flash, 2.5pro) for
STUCON; bars compare human(blue) vs. LLM (orange) percentages per category, with
corresponding Krippendorffds U reported in e
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Figure A 14. Mean human vs. LLM ratingsacross configurations and models for STUCON; each point is
a lesson segment, with the dashed line indicating perfect agreement (y = x) and titles reporting
average modéhuman differenceqred: LLM more severe; green: more lenient
MLANG
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