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Abstract

We introduce a unified metric set for evaluating
LLM tutors by inductively coding 177 recent
literature-based metrics and scoring tutoring
dialogues with three LLM judges. Exploratory
factor analysis identified five constructs and a
strong general factor. We present the resulting
10-category, 41-item framework for confirma-
tory analysis and human validation.

1 Introduction

Large language model (LLM)-based tutoring sys-
tems are increasingly being used in K-12 educa-
tion settings, yet evaluation practices remain frag-
mented across evolving peer-reviewed scales, work-
ing papers, and industry research. Existing AI tutor
benchmarks often focus on narrow domains, such
as mathematics mistake remediation (Macina et al.,
2025; Maurya et al., 2025), single-turn tutoring
quality (Xu et al., 2025), responsible AI behavior
(Ding and Magerko, 2025), or child safety (Khoo
et al., 2025). These approaches are insightful but in-
sufficient for holistic evaluation of general-purpose
K-12 AI tutors as pedagogical systems. Compared
with prior intelligent tutoring systems, LLM-based
AI tutors can provide more personalized, adaptive
guidance and increase student engagement through
more meaningful conversation (Batsaikhan and
Correia, 2024). This shift raises questions about
the extent to which AI tutors fulfill these goals or
where AI may undermine learning (Khosravi et al.,
2026). For example, a tutor could maintain factual
accuracy while failing to appropriately scaffold
learning.

This measurement gap creates a practical prob-
lem for schools, researchers, and AI tutoring
providers. Without a validated multidimensional
framework, AI tutor quality is difficult to com-
pare across models and systems. This study re-
sponds to this gap by synthesizing metric items
identified through an in-depth literature review. We

use LLM-as-judge scoring with multiple models
(Thomas et al., 2025) and exploratory factor anal-
ysis to refine the proposed metric set and struc-
ture. Recent research indicates LLM-as-judge can
achieve high agreement rates on par with the level
of agreement among human experts in chatbot eval-
uation (Zheng et al., 2023), with self-verification
and cross-verification approaches potentially im-
proving reliability (Ahtisham et al., 2026). How-
ever, LLM judge ratings should still be validated
against human judgments (Bavaresco et al., 2025).
A separate follow-up study will validate the LLM-
generated scores against human-coded scores and
evaluate the proposed factor structure with confir-
matory factor analysis for scale development (De-
Vellis and Thorpe, 2022).

2 Methodology

2.1 Sample

The initial pool of items consists of 241 candidate
metrics extracted from existing educational AI eval-
uation frameworks across 16 industry papers, work-
ing papers, and peer-reviewed literature. Metrics
were retained if they measured the tutor’s perfor-
mance at the conversation level and excluded if they
required a specific context such as exact-match ac-
curacy on multiple-choice questions, resulting in
a final pool of 177 metrics. Metrics were manu-
ally coded for source, category, metric dimension,
metric items, unit of observation, subject area, and
rating scale. Through inductive human coding and
thematic analysis, overlapping metric items were
consolidated into a preliminary framework of 56
items grouped into 12 categories (see Table A1 for
the full list).

The exploratory analysis sample is 1,000 ran-
domly selected dialogues from the ConvoLearn
dataset (Sharma et al., 2026), consisting of 2,155
total dialogues (2,134 in the open dataset) between
human teachers and LLM-simulated 7th-grade stu-
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Figure 1: Framework pipeline overview

dents discussing Earth Science. ConvoLearn is
available as an open dataset on Hugging Face, but
we sampled from an author-provided version. For
future validation, we are evaluating available open
datasets to further expand the dialogue sample and
assess the factor structure, including Google’s Edu-
cation Dialogue (Shani et al., 2024) and textbook-
grounded Book2Dial (Wang et al., 2024).

2.2 Procedure

In our analysis, we combine human qualitative cod-
ing techniques with quantitative factor analysis and
LLM-as-judge methods (see Figure 1). For hu-
man qualitative coding, the first author conducted
a literature-informed inductive coding of the met-
rics. The initial set of categories was identified
based on common patterns in the literature review.
We applied these categories back to the full met-
ric set and attempted to label the primary category
that each metric fell under, leaving metrics that
did not clearly fit an existing category unlabeled.
After the initial labeling, we iteratively revisited
the unlabeled metrics and grouped similar metrics
together into new categories and adjusted existing
categories if there was overlap, resulting in 12 in-
ductive categories. We then coded the entire list
of metrics by these categories. Next, we reviewed
each category’s metrics and extracted subcategories
to capture the full breadth of the category. For ex-
ample, we split “mistake handling” into mistake
identification, localization, misconception diagno-
sis, and guidance. We also devised core questions
summarizing what each category and correspond-

ing subcategories attempted to answer. The set of
inductive categories is recorded in Table A1.

For LLM-as-judge coding, we rated a randomly
selected sample of 1,000 conversations from the
ConvoLearn dataset on the 177 metrics using struc-
tured LLM-as-judge prompts on a five-point scale
with verbal anchors 1 (Very Poorly), 2 (Poorly),
3 (Adequately), 4 (Well), 5 (Very Well) or “N/A”
when the criterion did not apply to the conversation
(see Appendix F). We used three models: OpenAI
GPT 5.4-mini, Claude Haiku 4.5, and the open-
weight Gemma 4 26B. We analyzed the distribution
of results from each model, looking at differences
between models and skew. To address errors and
N/A responses, we identified the core metric items
for EFA as those with at least 90% valid scores be-
tween 1–5 (Bennett, 2001) and mean-imputed miss-
ing core metric scores. We dropped any metrics
with fewer than 200 valid scores (< 20% scored),
following a threshold informed by factor-analysis
guidance (Fabrigar et al., 1999). Metrics with at
least 20% but less than 90% valid scores were clas-
sified as conditional metrics and excluded from our
core EFA analysis. Conditional metrics’ loadings
were later estimated using extension analysis on
the factors identified by the core EFA (Gorsuch,
1997).

After scoring all the conversations separately
with GPT-5.4 mini, Haiku 4.5, and Gemma 4 and
computing a Pearson correlation matrix for each
model, we checked for factorability with the Kaiser-
Meyer-Olkin (KMO) measure of sampling ade-
quacy (Kaiser and Rice, 1974) and Bartlett’s test of
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Figure 2: Scale use and pairwise agreement across LLM judge models. Left: distributions of valid scores. Right:
pairwise score cross-tabulations. N/A responses are excluded.

sphericity (Bartlett, 1950). We proceeded with an
exploratory factor analysis for each judge model
with oblique oblimin rotation and minimum resid-
ual extraction (MINRES). We used Horn’s parallel
analysis to determine the number of factors to ex-
tract (Horn, 1965). Factors were labeled by review-
ing the metric items with salient loadings |λ| ≥ .40
(Watkins, 2018). Items were included or excluded
on the basis of their factor loading and conceptual
alignment to the factor category.

We also analyzed the correlation among factors
and investigated the possibility of an underlying
general factor using the Schmid-Leiman transfor-
mation. Next, we computed Tucker’s congruence
coefficients for all factor pairs using their pattern
coefficients (Tucker, 1951), then matched factors
by maximum absolute congruence using the Hun-
garian assignment algorithm (Kuhn, 1955). We
then identified the factors that were coherent across
all three models, and used these factors to produce
a crosswalk between the human-coded inductive
categories and the final categories. Finally, we re-

viewed the metric items that loaded on each factor,
and created subcategories to cover the breadth of
each category.
Data and code availability. The metric inventory,
judge prompts, correlation matrices, and analysis
code are available at the author’s public GitHub
repository1. All analyses were conducted in R
4.5.3 (R Core Team, 2026) using the psych pack-
age (Revelle, 2026).

3 Results

3.1 LLM-as-judge score distribution

Grand means differed substantially across judges,
from GPT-5.4 mini (M = 2.75, SD = 1.21) to
Haiku 4.5 (M = 3.09, SD = 1.10) to Gemma
4 (M = 3.65, SD = 1.44). Gemma 4 had both
the highest mean and standard deviation. Gemma
4 also scored the most N/A (13.2%) compared to
Haiku’s 10.3% and GPT-5.4 mini’s 2.3% (Table 1).

1https://github.com/michaelxiao16/
llm-tutor-quality-framework
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Scale use Metric applicability

Judge model Scored % N/A M SD Skew Excess kurtosis Core Conditional Dropped

GPT-5.4 mini 172,895 2.3 2.75 1.21 0.19 −1.13 167 9 1
Claude Haiku 4.5 158,724 10.3 3.09 1.10 −0.07 −1.09 143 27 7
Gemma 4 26B 153,569 13.2 3.65 1.44 −0.54 −1.12 141 21 15

Table 1: Judge model scale use and metric applicability. Each judge scored all 177 metrics on N = 1,000
conversations. Scale-use statistics are computed over valid scores of 1–5; N/A and unparsable responses are
excluded. Tier counts sum to 177 per judge.

Factorability General factor (Schmid–Leiman)

Judge model Items KMO χ2 df Group factors ωH ωt ECV PUC

GPT-5.4 mini 167 .995 222,758.32 13,861 7 .871 .997 .75 .80
Claude Haiku 4.5 143 .994 222,550.88 10,153 9 .868 .997 .71 .85
Gemma 4 26B 141 .994 266,886.19 9,870 7 .870 .998 .74 .81

Table 2: Factorability and general-factor indices for the core metric set by judge model. N = 1,000 for all models;
all Bartlett’s tests of sphericity p < .001. Group factors are the residual factors retained after the Schmid–Leiman
transformation. ωH = omega hierarchical; ωt = omega total; ECV = explained common variance; PUC = percent of
uncontaminated correlations.

GPT-5.4 mini and Haiku 4.5 showed roughly bi-
modal distributions, peaking at scores 2 and 4,
while Gemma 4 skewed moderately to the left and
placed only 9% of its scores at 4 and 46% of its
scores at 5. Pairwise crosstabulations (see Figure 2)
indicate that GPT-5.4 mini paired with Haiku 4.5
demonstrated the highest agreement (exact match
= 52%, QWK = .67; Cohen, 1968). Meanwhile,
Gemma 4 assigned scores of 5 on roughly 80%
of judgments when the other models scored a 4.
This evidence points to Gemma 4 abstaining from
scoring items the other models scored and discrim-
inating less effectively between scores of 4 and
5.

When checking for N/A scores, GPT-5.4 mini
retained the most core metrics, while Haiku 4.5 and
Gemma 4 retained a subset of GPT-5.4 mini’s core
metrics (Table 1). Some items were conditional on
the presence of a situation, such as responding to
student mistakes or emotions. This resulted in N/A
responses from the judge on conversations where
the respective situation did not occur. With most of
the six MinorBench metrics, the results were not
applicable due to almost none of the ConvoLearn
dataset containing safety-triggering content. Core,
conditional, and dropped metrics are summarized
by model in Table 1 and metrics where applicability
differed across models are listed in Table B1.

Before conducting EFA, all three correlation ma-
trices were factorable (all KMO values > .99; all
Bartlett’s tests p < .001; see Table 2). The Kaiser
criterion of eigenvalues greater than 1.0 suggested

10, 11, and 9 factors for the models respectively.
However, several of these factors had eigenvalues
barely larger than 1.0. To avoid overextraction, we
conducted Horn’s parallel analysis, which recom-
mended 7, 9, and 7 factors for GPT-5.4 mini, Haiku
4.5, and Gemma 4 respectively (Horn, 1965). We
identified factor loadings as salient if |λ| ≥ .40,
following the guidance from Watkins (2018) that
pattern coefficients between |.30| and |.40| are of
practical usefulness. The resulting factors, items,
and factor loadings are reported in Tables C1, C2,
and C3. We then assigned labels to each of the
factors based on factor loadings and conceptual
relevance.

Starting with GPT-5.4 mini, we interpreted the
factors as accuracy, engagement and questioning,
mistake handling, alignment to constraints, analo-
gies, affect and relational support, and metacog-
nition. With Haiku 4.5, factors included engage-
ment and questioning, encouragement, style and
presentation, alignment to goals, accuracy, analo-
gies, metacognition, and alignment to constraints.
A ninth single-item factor of adaptivity was also
extracted but not interpreted due to having only
one metric item loading. Gemma 4 yielded the
following factors: engagement and questioning,
encouragement, style and presentation, accuracy,
analogies, participation, and metacognition. For
these core-metric derived factors, conditional met-
rics were also mapped, resulting in 4 salient map-
pings for GPT-5.4 mini, 16 for Haiku 4.5, and 9 for
Gemma 4 (see Appendix D).
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Factor number Tucker’s congruence (rc)

Construct GPT Haiku Gemma Haiku–Gemma Haiku–GPT Gemma–GPT Min M

Engagement and questioning 2 1 1 .93 .91 .89 .89 .91
Affect and encouragement 6 2 2 .95 .89 .89 .89 .91
Analogies 5 6 5 .89 .92 .90 .89 .90
Accuracy 1 5 4 .90 .83 .84 .83 .86
Metacognition 7 7 7 .87 .85 .83 .83 .85

Style and presentation — 3 3 .82 — — .82 .82
Alignment to constraints/goals 4 4 6 .68 .71 .61 .61 .67
Mistake handling 3 — — — — — — —

Table 3: Cross-judge factor congruence by construct. Factor numbers index the per-judge solutions in Tables C1–C3.
Dashes indicate the construct did not emerge in that judge’s solution.

3.2 Identifying a general factor

The factor correlation matrix had multiple correla-
tions that exceeded .32, indicating more than 10%
shared variance among factors and confirming the
choice of oblique rotation over orthogonal rotation
(Tabachnick et al., 2019). This is consistent with
the expectation that tutoring quality dimensions are
non-independent and possibly correlated. Because
the retained factors were substantially correlated,
we investigated the possibility of an underlying
general factor. We applied a Schmid-Leiman trans-
formation (Schmid and Leiman, 1957) to the first-
order solution from the EFA, deriving a general
factor from the first-order factor correlations (see
Table 2). Each item was assigned to its dominant
residual group factor. The percent of uncontami-
nated correlations (PUC) was high, at .80 or above
for all three models, indicating that most item-pair
correlations reflect the general factor and are not
contaminated by the group factors (Reise et al.,
2013). Furthermore, explained common variance
(ECV) ranged from .71 to .75, indicating the gen-
eral factor accounted for 71–75% of common item
variance. Omega hierarchical (ωH ) was approxi-
mately .87 across all models, indicating the general
factor accounted for 87% of the variance in the total
score. These results support the presence of a dom-
inant general factor of tutoring quality (Rodriguez
et al., 2016).

3.3 Tucker Congruence

After identifying the per-model categories, we
mapped similar factors across models. Pairwise
Tucker’s congruence coefficients for matched fac-
tors are listed in Table 3. Following the cutoffs
from Lorenzo-Seva and ten Berge (2006), five con-
structs showed fair (.85 ≤ |rc| < .95) to good
(|rc| ≥ .95) similarity: engagement and question-

ing, affect and encouragement, accuracy, analo-
gies, and metacognition. Based on these five EFA-
derived constructs and the initial inductive coded
12 categories, we produced the following crosswalk
in Table 4.

The crosswalk recommended 10 applicable cat-
egories, combining EFA-replicated factors with
theoretically retained categories: Overall Quality,
Affect & Encouragement, Engagement & Ques-
tioning, Accuracy, Metacognition, Style & Presen-
tation, Instructional Support, Alignment to Con-
straints, Mistake Handling, and Adaptivity. Safety
did not have enough valid scores to constitute a
factor, but we nevertheless recommend retaining
safety as a preventive check in any tutor evalua-
tions to protect children from inappropriate content
(Khoo et al., 2025). We then reviewed the metric
items that loaded on each factor, and created sub-
categories to cover the breadth of each category.
The full framework of categories and subcategories
is defined in Table E1.

4 Discussion

By utilizing LLM-as-judge scoring and exploratory
factor analysis, we reorganized 177 literature-
derived metrics into 10 categories and 41 metric
items. The constructs that emerged from EFA con-
sistently across models included Accuracy, Affect
& Encouragement, Engagement & Questioning,
Metacognition, and Analogies. In addition to these
meaningful group factors, a strong general factor
explained most of the common variance across all
three judges. LLM judges themselves scored no-
ticeably differently across models. Score distribu-
tions were bimodal for GPT-5.4 mini and Haiku
4.5, but Gemma 4 was skewed to the left, showed
reduced discrimination between scores of 4 and 5,
and assigned a 5 to nearly half of its ratings. Several
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Original category EFA evidence Final category decision

Overall Rating General factor Overall Quality retained as general factor
Affect & Relational Support Replicated (r̄c = .91) Affect & Encouragement
Engagement & Motivation Replicated, merged w/ questioning

(r̄c = .91)
Engagement & Questioning

Accuracy Replicated (r̄c = .86) Accuracy
Metacognition Replicated, reflection subset (r̄c = .85) Metacognition
Style & Presentation
(not originally a category)

New factor (r̄c = .82) weakly appeared
in Haiku 4.5 and Gemma 4

Style & Presentation

Analogies
(not originally a category)

Replicated (r̄c = .90) Folded into Instructional support as a distinct
subcategory

Instructional Support Not distinct factor, loaded highly on
general factor

Retain as an umbrella category, add Analogies.

Alignment to Constraints Emerged in GPT-5.4 mini and Haiku 4.5,
but not distinctly in Gemma 4

Retain for coverage and content validity.

Mistake Handling GPT-only factor; conditional elsewhere Retain, conditional on mistake appearing in
conversation.

Adaptivity Not distinct factor, loaded highly on
general factor

Retain for coverage and content validity

Assessment Did not cohere. Weakly loaded on
engagement & questioning,
metacognition

Merge items into Engagement & Questioning
and Metacognition

Understanding Learner Goals Did not emerge. Merged items into other categories of Adaptivity,
Overall quality, Engagement & Questioning

Safety Excluded due to not enough relevant
cases resulting in N/A

Exclude from factor analysis, retain as
preventative gate

Table 4: Crosswalk from the original categories to the final framework categories. r̄c is the mean Tucker congruence
coefficient across available judge pairs (see Table 3).

metrics were scored as not applicable by the mod-
els depending on whether the relevant situations
occurred in the conversations, such as responding
to student mistakes or emotions. Gemma 4 demon-
strated the most N/A scores while GPT-5.4 mini
scored the fewest N/A. These results indicate that
not every metric will necessarily apply to every
conversation. For practical purposes, researchers
should still include conditional metrics, as many
of these metrics mapped onto existing factors and
represent important teaching moments, such as mis-
take handling. Considering all these findings, we
have demonstrated a scalable analysis pipeline for
reducing a large pool of metrics into a manage-
able set of categories and subcategory metric items
through using scalable LLM-as-judge scoring and
factor analysis.

4.1 Limitations and Future Work

This paper is the first in an exploratory set of papers
that will propose and validate the final LLM tutor
evaluation framework. The main limitations of this
study are the lack of human validation for LLM-
generated scores, constraints of the conversational

dataset, and the limited maturity and coverage of
metric sets due to the LLM tutor evaluation being
an emerging field. In terms of human coding and
validation, the initial literature-informed inductive
coding of categories and subsequent identification
of subcategories was performed by the first author
without assessing inter-rater reliability. Although
the categories were tested against the factor analy-
sis results, several categories were retained based
on the author’s interpretation of the literature. Fur-
thermore, the set of papers from which the 177
sample metrics were derived is neither comprehen-
sive nor fully independent. Two Google-affiliated
papers from Jurenka et al. (2024) and the LearnLM
Team (2024) contributed overlapping metrics. We
also use metrics from the same ConvoLearn paper
that contributed the conversational dataset, which
may have created a dependency between the metric
items and evaluation on the sample data. Since
this dataset is scoped to 7th grade Earth Science
dialogues simulated between human teachers and
LLM-simulated students, future work is necessary
to test whether this framework generalizes to other
grade levels, subjects, and human learners with
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LLM tutors. Additionally, the ConvoLearn dataset
lacked enough conversations with relevant contexts
required for conditional metrics, causing the mod-
els to repeatedly score N/A. Future studies will
score metrics across more diverse datasets. An-
other concern is about judge model agreement and
consistency. Ratings across the judge models dif-
fered with Gemma 4 showing a strong tendency to
assign a score of 5. These differences suggest judge
models should be evaluated through calibration and
agreement analysis, and model selection is an im-
portant methodological choice. While all scoring
was LLM-generated for this initial step of the study,
future work will validate against human coding and
a bifactor confirmatory factor analysis (CFA) on a
separate held-out sample of the conversation data.
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A Human qualitative coding

Category Core question Subcategories

Overall Rating How good was the tutor overall? Pedagogical quality; overall helpfulness; future use;
tutor competence; tutor intelligence; human-likeness

Accuracy Was the tutor factually and logically
correct?

Factual correctness; reasoning validity; domain
correctness; uncertainty calibration

Alignment to
Constraints

Did the tutor follow task, role, format, and
pedagogical constraints?

System prompt alignment; staying on topic; role
adherence; does not reveal answer when constrained

Instructional Support Did the tutor explain concepts clearly,
provide actionable support, and guide the
learner effectively?

Explains concepts clearly; stepwise guidance;
scaffolding; actionable hints; manageable chunks;
organization and sequencing

Assessment Did the tutor check understanding and
monitor learner progress?

Checks understanding; progress monitoring; formative
assessment; mastery checking

Mistake Handling Did the tutor detect, diagnose, and
productively respond to student errors or
misconceptions?

Mistake identification; mistake localization;
misconception diagnosis; corrective feedback; mistake
guidance

Affect and Relational
Support

Did the tutor feel warm, supportive,
respectful, and emotionally responsive?

Encouragement; empathy; respectfulness; emotional
responsiveness; naturalness

Engagement and
Motivation

Did the tutor stimulate curiosity, effort, and
active participation?

Promotes engagement; stimulates interest; recognition
of success; sustains participation; supports persistence

Adaptivity Did the tutor tailor its teaching to the
learner’s level, prior knowledge, goal,
needs, and evolving state?

Learner-level calibration; adapts when student is stuck;
personalization; adjusts support over time

Understanding
Learner Goals

Did the tutor understand and respond to the
learner’s stated goal, question intent,
expressed need, or intended learning
outcome?

Goal understanding

Metacognition Did the tutor help the learner reflect on
their thinking, assumptions, strategies,
perspectives, and learning process?

Reflection; critical thinking; self-monitoring; thinking
about mistakes; planning next steps

Safety Did the tutor avoid harmful, inappropriate,
or disallowed content?

Danger; sexual content; profanity; hateful content;
self-harm; substance use; bias and stereotyping

Table A1: Preliminary categories, core questions, and subcategories from the inductive coding of the 177-metric
pool.
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B Metric applicability

Metric GPT-5.4 mini Claude Haiku 4.5 Gemma 4 26B

Alignment to Constraints – Instruction following Core Conditional Core
Instructional Support – Actionability Core Conditional Core
Metacognition – Reflective growth Core Conditional Core
Alignment to Constraints – Coverage Core Core Conditional
Instructional Support – Communicates Plan Core Core Conditional
Instructional Support – Improvement Suggestions Core Core Conditional

Accuracy – Expresses Uncertainty expresses uncertainty when Core Conditional Conditional
Adaptivity – Unstuck Core Conditional Conditional
Alignment to Constraints – Academic Integrity Honesty Core Conditional Conditional
Alignment to Constraints – Stay on topic Core Conditional Conditional
Assessment – Self assessment Core Conditional Conditional
Engagement and Motivation – Context Based Idea Generation Core Conditional Conditional
Instructional Support – Manageable Chunks uses bullet points Core Conditional Conditional
Metacognition – Error analysis Core Conditional Conditional
Metacognition – Justification for Knowing Core Conditional Conditional
Mistake Handling – Error Identification Correction Precision Core Conditional Conditional
Mistake Handling – Guide Mistake Discovery Core Conditional Conditional
Mistake Handling – Guide Mistake Discovery guides the student Core Conditional Conditional
Mistake Handling – Identifies mistakes Core Conditional Conditional
Mistake Handling – Mistake identification Core Conditional Conditional

Affect and Relational Support – Adapts to Affect Conditional Conditional Conditional
Affect and Relational Support – Adapts to Affect responds effectively
if

Conditional Conditional Conditional

Affect and Relational Support – Respond appropriately to explicit
affect cues

Conditional Conditional Conditional

Instructional Support – Explainability Core Core Dropped
Mistake Handling – Identify and address misconceptions Core Core Dropped
Accuracy – Expresses Uncertainty Core Conditional Dropped
Alignment to Constraints – Responsibility and Ethics Core Conditional Dropped
Alignment to Constraints – Transparency Accountability Core Conditional Dropped
Metacognition – Self reflection Core Conditional Dropped
Mistake Handling – Refinement Core Conditional Dropped
Instructional Support – Communicates Aims Core Dropped Conditional
Mistake Handling – Mistake location Conditional Conditional Dropped

Adaptivity – Background Based Material Recommendation Core Dropped Dropped
Adaptivity – Accessibility Conditional Dropped Dropped
Affect and Relational Support – Moral responsibility Conditional Dropped Dropped
Alignment to Constraints – Privacy Consent Conditional Dropped Dropped
Alignment to Constraints – Strategic Deception Signals Conditional Dropped Dropped
Metacognition – Cultural identity exploration Conditional Dropped Dropped
Instructional Support – Partisanship Dropped Conditional Dropped

Table B1: Metrics whose applicability differed from Core for at least one judge. The remaining 138 metrics were
Core for all three judges and are omitted; the complete 177-metric table is available in the repository. Core = at least
90% valid scores; Conditional = 20–90%; Dropped = fewer than 200 (20%) valid scores.
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C Per-judge pattern matrices

λ Metric

Factor 1: Accuracy (43 salient items; 5 shown)
.90 Alignment to Constraints – No Contradiction
.85 Accuracy – No Inaccuracies
.80 Accuracy – No Contradiction
.74 Accuracy – Basic Factual Accuracy
.72 Accuracy – Truthfulness

Factor 2: Engagement and questioning (26 salient items; 5 shown)
.97 Engagement and Motivation – Asks Questions asks questions to
.95 Engagement and Motivation – Asks Questions
.89 Metacognition – Pedagogical Principle Criteria Questioning
.81 Instructional Support – Deep Socratic Follow Up Questions
.81 Engagement and Motivation – Promotes engagement

Factor 3: Mistake handling (11 salient items; 5 shown)
.59 Mistake Handling – Refinement
.52 Metacognition – Error analysis
.52 Instructional Support – Persuasive discourse
.50 Alignment to Constraints – Transparency Accountability
.49 Mistake Handling – Mistake identification

Factor 4: Alignment to constraints (10 salient items; 5 shown)
.63 Alignment to Constraints – No Refusals
.58 Alignment to Constraints – Stay on topic
.56 Overall Rating – Learning Goal
.51 Adaptivity – Unstuck
.50 Alignment to Constraints – Coverage

Factor 5: Analogies (4 salient items; all shown)
.96 Instructional Support – Analogies
.87 Instructional Support – Analogies the tutors use
.80 Affect and Relational Support – Cultural analogies
.44 Adaptivity – Leveled Concept Explanation

Factor 6: Affect and relational support (6 salient items; 5 shown)
.55 Affect and Relational Support – Warm
.50 Affect and Relational Support – Communicate with positive tone
.47 Engagement and Motivation – Emotional Support
.46 Engagement and Motivation – Encouraging Feedback
.42 Affect and Relational Support – Learning Exploration

Factor 7: Metacognition (8 salient items; 5 shown)
.82 Metacognition – Self reflection
.67 Metacognition – Reflection
.63 Metacognition – Strategic thinking
.59 Metacognition – Reflective growth
.58 Metacognition – Metacognitive Promotion

Table C1: Oblimin pattern loadings for GPT-5.4 mini. The five highest-loading items are shown per factor; loadings
are salient at |λ| ≥ .40. Complete pattern matrices for all three judges are available in the repository.
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λ Metric

Factor 1: Engagement and questioning (36 salient items; 5 shown)
.89 Engagement and Motivation – Asks Questions asks questions to
.88 Instructional Support – Deep Socratic Follow Up Questions
.87 Engagement and Motivation – Asks Questions
.84 Metacognition – Pedagogical Principle Criteria Questioning
.82 Metacognition – Generative questioning

Factor 2: Encouragement (16 salient items; 5 shown)
.87 Affect and Relational Support – Communicate with positive tone
.87 Engagement and Motivation – Encouraging Feedback
.77 Affect and Relational Support – Warm
.75 Engagement and Motivation – Emotional Support
.75 Engagement and Motivation – Encouraging Feedback delivers feedback whether

Factor 3: Style and presentation (6 salient items; 5 shown)
.47 Affect and Relational Support – Fluency
.47 Instructional Support – Info Presentation
.43 Instructional Support – Info Presentation presents information in
.41 Affect and Relational Support – Style and Tone
.41 Instructional Support – Straightforward Response the tutors responses

Factor 4: Alignment to goals (7 salient items; 5 shown)
.63 Overall Rating – Learning Goal
.57 Alignment to Constraints – Content Relevance Scope Control
.55 Alignment to Constraints – Coverage
.53 Alignment to Constraints – Relevance
.47 Understanding Learner Goals – Helpfulness

Factor 5: Accuracy (7 salient items; 5 shown)
.90 Accuracy – No Contradiction
.89 Accuracy – No Inaccuracies
.88 Alignment to Constraints – No Contradiction
.78 Accuracy – Basic Factual Accuracy
.78 Accuracy – Truthfulness

Factor 6: Analogies (4 salient items; all shown)
.98 Instructional Support – Analogies
.90 Instructional Support – Analogies the tutors use
.85 Affect and Relational Support – Cultural analogies
.52 Adaptivity – Leveled Concept Explanation

Factor 7: Metacognition (6 salient items; 5 shown)
.91 Metacognition – Strategic thinking
.76 Metacognition – Reflection
.59 Instructional Support – Feedback Assessment
.50 Engagement and Motivation – Pedagogical Principle Criteria Feedback
.49 Metacognition – Metacognitive Promotion

Factor 8: Alignment to constraints (4 salient items; all shown)
.77 Alignment to Constraints – No Repetition
.74 Alignment to Constraints – No Repetition avoids repeating information
.45 Alignment to Constraints – No Irrelevant Info
.45 Instructional Support – No Irrelevant Info

Factor 9: Adaptivity (1 salient item; not interpreted)
.43 Adaptivity – Guides Appropriately

Table C2: Oblimin pattern loadings for Claude Haiku 4.5. The five highest-loading items are shown per factor;
loadings are salient at |λ| ≥ .40. Factor 9 was not interpreted because only one item loaded saliently.
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λ Metric

Factor 1: Engagement and questioning (29 salient items; 5 shown)
.93 Instructional Support – Deep Socratic Follow Up Questions
.92 Engagement and Motivation – Asks Questions asks questions to
.91 Engagement and Motivation – Asks Questions
.87 Alignment to Constraints – Dont reveal the answer
.86 Metacognition – Generative questioning

Factor 2: Encouragement (20 salient items; 5 shown)
.87 Affect and Relational Support – Communicate with positive tone
.86 Affect and Relational Support – Warm
.79 Affect and Relational Support – Speaks encouragingly
.79 Engagement and Motivation – Emotional Support
.79 Engagement and Motivation – Encouraging Feedback delivers feedback whether

Factor 3: Style and presentation (16 salient items; 5 shown)
.56 Alignment to Constraints – Conciseness and Relevance
.51 Overall Rating – Continue using
.50 Overall Rating – Overall Quality
.49 Instructional Support – Info Presentation presents information in
.49 Instructional Support – Info Presentation

Factor 4: Accuracy (8 salient items; 5 shown)
.90 Accuracy – No Inaccuracies
.86 Accuracy – Basic Factual Accuracy
.82 Accuracy – No Contradiction
.81 Alignment to Constraints – No Contradiction
.78 Accuracy – Truthfulness

Factor 5: Analogies (5 salient items; all shown)
.80 Instructional Support – Analogies
.79 Instructional Support – Analogies the tutors use
.76 Affect and Relational Support – Cultural analogies
.47 Adaptivity – Leveled Concept Explanation
.43 Instructional Support – Pedagogical Principle Criteria Explanation

Factor 6: Participation (7 salient items; 5 shown)
.43 Engagement and Motivation – Opportunities for Engagement
.43 Affect and Relational Support – Well intentioned
.42 Adaptivity – Continuous assessment
.41 Instructional Support – Info Order develops explanations in
.41 Engagement and Motivation – Active Engagement

Factor 7: Metacognition (7 salient items; 5 shown)
.99 Metacognition – Reflection
.97 Instructional Support – Feedback Assessment
.90 Metacognition – Metacognitive Promotion
.69 Metacognition – Strategic thinking
.50 Instructional Support – Actionability

Table C3: Oblimin pattern loadings for Gemma 4 26B. The five highest-loading items are shown per factor; loadings
are salient at |λ| ≥ .40.
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D Conditional-metric extension mappings

Conditional metric N Salient factor mapping (λ) Strongest λ

Mistake Handling – Mistake location 877 Accuracy (F1): .50 F1: .50
Alignment to Constraints – Privacy Consent 819 Alignment to constraints/goals (F4): .48 F4: .48
Affect and Relational Support – Respond
appropriately to explicit affect cues

820 Alignment to constraints/goals (F4): .44 F4: .44

Affect and Relational Support – Adapts to Affect
responds effectively if

828 Alignment to constraints/goals (F4): .42 F4: .42

Affect and Relational Support – Adapts to Affect 786 No salient mapping F6: .34
Adaptivity – Accessibility 375 No salient mapping F1: .26
Metacognition – Cultural identity exploration 581 No salient mapping F5: .23
Affect and Relational Support – Moral
responsibility

582 No salient mapping F1: −.10

Alignment to Constraints – Strategic Deception
Signals

572 Not estimable —

Table D1: Conditional-metric extension mappings onto the core EFA factors for GPT-5.4 mini. Of nine conditional
metrics, four mapped saliently (|λ| ≥ .40), four fell below threshold, and one was not estimable. N is the number
of conversations in which the metric received a valid score.
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Conditional metric N Salient factor mapping (λ) Strongest λ

Metacognition – Self reflection 318 Metacognition (F7): .91 F7: .91
Assessment – Self assessment 683 Metacognition (F7): .75 F7: .75
Metacognition – Reflective growth 805 Metacognition (F7): .71 F7: .71
Affect and Relational Support – Adapts to Affect 360 Affect and encouragement (F2): .60 F2: .60
Mistake Handling – Guide Mistake Discovery
guides the student

825 Engagement and questioning (F1): .59 F1: .59

Engagement and Motivation – Context Based
Idea Generation

554 Engagement and questioning (F1): .51 F1: .51

Metacognition – Error analysis 884 Metacognition (F7): .48 F7: .48
Mistake Handling – Refinement 626 Metacognition (F7): .47 F7: .47
Instructional Support – Actionability 806 Metacognition (F7): .46 F7: .46
Mistake Handling – Guide Mistake Discovery 618 Engagement and questioning (F1): .46 F1: .46
Mistake Handling – Identifies mistakes 403 Metacognition (F7): .45 F7: .45
Mistake Handling – Mistake location 329 Accuracy (F5): .44 F5: .44
Alignment to Constraints – Transparency
Accountability

307 Metacognition (F7): .44 F7: .44

Affect and Relational Support – Respond
appropriately to explicit affect cues

394 Affect and encouragement (F2): .43 F2: .43

Mistake Handling – Error Identification
Correction Precision

238 Metacognition (F7): .42 F7: .42

Alignment to Constraints – Stay on topic 447 Alignment to constraints/goals (F4): .41 F4: .41

Mistake Handling – Mistake identification 574 No salient mapping F7: .38
Affect and Relational Support – Adapts to Affect
responds effectively if

336 No salient mapping F2: .37

Metacognition – Justification for Knowing 860 No salient mapping F7: .34
Alignment to Constraints – Instruction following 739 No salient mapping F8: .32
Adaptivity – Unstuck 865 No salient mapping F4: .31
Alignment to Constraints – Academic Integrity
Honesty

592 No salient mapping F8: .29

Instructional Support – Manageable Chunks uses
bullet points

610 No salient mapping F2: .27

Instructional Support – Partisanship 202 No salient mapping F1: .27
Alignment to Constraints – Responsibility and
Ethics

650 No salient mapping F2: .26

Accuracy – Expresses Uncertainty expresses
uncertainty when

880 No salient mapping F7: .23

Accuracy – Expresses Uncertainty 733 No salient mapping F1: .16

Table D2: Conditional-metric extension mappings onto the core EFA factors for Claude Haiku 4.5. Of 27 conditional
metrics, 16 mapped saliently (|λ| ≥ .40) and 11 fell below threshold. N is the number of conversations in which
the metric received a valid score.
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Conditional metric N Salient factor mapping (λ) Strongest λ

Assessment – Self assessment 258 Metacognition (F7): .79 F7: .79
Mistake Handling – Guide Mistake Discovery
guides the student

836 Engagement and questioning (F1): .51 F1: .51

Affect and Relational Support – Respond
appropriately to explicit affect cues

450 Affect and encouragement (F2): .50 F2: .50

Mistake Handling – Guide Mistake Discovery 677 Engagement and questioning (F1): .49 F1: .49
Alignment to Constraints – Coverage 528 Accuracy (F4): .49 F4: .49
Instructional Support – Communicates Aims 200 Metacognition (F7): .47

Affect and encouragement (F2): .47
F7: .47

Instructional Support – Improvement
Suggestions

734 Metacognition (F7): .47 F7: .47

Affect and Relational Support – Adapts to Affect 325 Affect and encouragement (F2): .43 F2: .43
Engagement and Motivation – Context Based
Idea Generation

714 Engagement and questioning (F1): .42 F1: .42

Alignment to Constraints – Stay on topic 716 No salient mapping F3: .39
Affect and Relational Support – Adapts to Affect
responds effectively if

610 No salient mapping F2: .38

Adaptivity – Unstuck 743 No salient mapping F3: .38
Mistake Handling – Identifies mistakes 321 No salient mapping F7: .36
Mistake Handling – Mistake identification 339 No salient mapping F7: .35
Metacognition – Justification for Knowing 375 No salient mapping F4: .33
Instructional Support – Manageable Chunks uses
bullet points

389 No salient mapping F5: .33

Accuracy – Expresses Uncertainty expresses
uncertainty when

202 No salient mapping F2: .33

Mistake Handling – Error Identification
Correction Precision

812 No salient mapping F3: .32

Metacognition – Error analysis 847 No salient mapping F7: .31
Instructional Support – Communicates Plan 759 No salient mapping F7: .28
Alignment to Constraints – Academic Integrity
Honesty

795 No salient mapping F6: .23

Table D3: Conditional-metric extension mappings onto the core EFA factors for Gemma 4 26B. Of 21 conditional
metrics, nine mapped saliently (|λ| ≥ .40) and 12 fell below threshold. N is the number of conversations in which
the metric received a valid score.
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E Proposed metric framework

Category Subcategory Prompt References

Overall
Quality

Pedagogical
quality

Your task is to rate the Tutor’s overall pedagogical
quality. Focus on how the Tutor supported the
Student’s learning across the conversation,
considering the Tutor’s teaching decisions in
context rather than any single behavior.

(Jurenka et al., 2024;
Macina et al., 2025;
Lee et al., 2026)

Overall
Quality

Overall
helpfulness

Your task is to rate how helpful the Tutor was
overall. Focus on the Tutor’s overall usefulness to
the Student, not on any single specific behavior.

(Jurenka et al., 2024;
Ding and Magerko,
2025)

Overall
Quality

Tutor competence Your task is to rate how competent the Tutor was
overall. Focus on the Tutor’s general capability and
effectiveness, not on any one isolated skill.

(Jurenka et al., 2024;
LearnLM Team,
2024; Shi et al.,
2025)

Affect & En-
couragement

Encouragement Your task is to rate how well the Tutor
communicates in a warm, encouraging, and
supportive way.

(Jurenka et al., 2024;
LearnLM Team,
2024; Maurya et al.,
2025)

Affect & En-
couragement

Empathy Your task is to rate how appropriately the Tutor
responds to the Student’s explicitly expressed
feelings or emotional state. For example, the Tutor
may acknowledge frustration, discouragement, or
pride in a supportive way.

(Jurenka et al., 2024;
Ding and Magerko,
2025; Srinivasa et al.,
2025; Wei et al.,
2025)

Affect & En-
couragement

Stimulates
interest

Your task is to rate how well the Tutor stimulates
the Student’s curiosity or interest in the topic.
Focus on whether the Tutor makes the interaction
intellectually motivating.

(LearnLM Team,
2024; Xu et al., 2025;
Jurenka et al., 2024)

Affect & En-
couragement

Recognition of
success

Your task is to rate how well the Tutor recognizes
and positively reinforces the Student’s successes,
progress, or correct reasoning.

(Jurenka et al., 2024;
LearnLM Team,
2024)

Engagement &
Questioning

Promotes
engagement

Your task is to rate how well the Tutor actively
involves the Student in the learning process. For
example, the Tutor may provide practice problems
or opportunities for participation.

(Jurenka et al., 2024;
LearnLM Team,
2024)

Engagement &
Questioning

Guiding
questions

Your task is to rate the extent to which the Tutor
asks guiding questions to make the Student think
and work toward the answer themselves.

(Jurenka et al., 2024;
LearnLM Team,
2024; Macina et al.,
2025; Sharma et al.,
2026; Lee et al.,
2026; Wei et al.,
2025; Y. Shi et al.,
2025; W. Shi et al.,
2026)

Engagement &
Questioning

Formative
assessment

Your task is to rate how well the Tutor uses
questions or prompts to assess the Student’s current
understanding in order to guide the next teaching
move.

(Sharma et al., 2026;
Wei et al., 2025; Lee
et al., 2026)

Engagement &
Questioning

Does not give
away answer too
quickly

Your task is to rate the extent to which the Tutor
avoids giving away the answer too quickly when it
should guide the Student through reasoning or
productive struggle.

(Jurenka et al., 2024;
LearnLM Team,
2024; Maurya et al.,
2025; Srinivasa et al.,
2025; Lee et al.,
2026)

Engagement &
Questioning

Higher-order
thinking

Your task is to rate how well the Tutor helps the
Student move beyond surface-level answers and
think more deeply, including through logical
analysis, evaluation, or synthesis of information.

(Sharma et al., 2026;
Xu et al., 2025; Wei
et al., 2025; Ding and
Magerko, 2025)

Continued on next page
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Category Subcategory Prompt References

Accuracy Factual
correctness

Your task is to rate the factual correctness of the
Tutor’s statements. Focus on whether the content is
true and free of factual errors.

(Jurenka et al., 2024;
LearnLM Team,
2024; Macina et al.,
2025; Srinivasa et al.,
2025; Xu et al., 2025;
Lee et al., 2026)

Accuracy Reasoning
validity

Your task is to rate how logically valid, justifiable,
and free of contradictions the Tutor’s reasoning is.

(Jurenka et al., 2024;
LearnLM Team,
2024; Xu et al., 2025)

Accuracy Uncertainty
calibration

Your task is to rate how appropriately the Tutor
expresses uncertainty when it is not fully sure,
rather than presenting uncertain claims as certain
facts.

(Jurenka et al., 2024;
LearnLM Team,
2024; Lee et al.,
2026)

Metacognition Reflection
prompts

Your task is to rate how well the Tutor encourages
the Student to reflect on their thinking,
understanding, or learning process.

(Sharma et al., 2026;
Lee et al., 2026; Shi
et al., 2025)

Metacognition Self-monitoring Your task is to rate how well the Tutor helps the
Student monitor their own understanding,
confidence, or progress while solving the task.

(Sharma et al., 2026;
Wei et al., 2025; Shi
et al., 2025)

Metacognition Planning next
steps

Your task is to rate how well the Tutor helps the
Student identify productive next steps for learning,
practice, or improvement.

(Sharma et al., 2026;
Lee et al., 2026)

Style &
Presentation

Naturalness Your task is to rate the Tutor’s responses in terms
of sounding natural, conversational, and socially
appropriate rather than robotic or unnatural.

(Maurya et al., 2025;
Wei et al., 2025)

Style &
Presentation

Information
presentation

Your task is to rate how well the Tutor presents
information in a well-structured and
straightforward way.

(Jurenka et al., 2024;
LearnLM Team,
2024; Srinivasa et al.,
2025; Wei et al.,
2025)

Style &
Presentation

Concise Your task is to rate how concisely the Tutor
communicates. Focus on whether the response is
an appropriate length and avoids repetitive
information.

(Jurenka et al., 2024;
LearnLM Team,
2024; Srinivasa et al.,
2025; Wei et al.,
2025)

Instructional
Support

Explains
concepts clearly

Your task is to rate how clearly the Tutor explains
underlying concepts or skills in a way that is easy
for the Student to understand.

(Jurenka et al., 2024;
Maurya et al., 2025;
Macina et al., 2025;
LearnLM Team,
2024; Srinivasa et al.,
2025; Xu et al., 2025;
Wei et al., 2025; Shi
et al., 2026)

Instructional
Support

Analogies Your task is to rate how well the Tutor uses
narratives, case studies, or analogies as appropriate
to support student learning.

(Jurenka et al., 2024;
LearnLM Team,
2024; Srinivasa et al.,
2025; Sharma et al.,
2026; Lee et al.,
2026)

Instructional
Support

Stepwise
guidance

Your task is to rate how effectively the Tutor guides
the Student through the task using appropriate
intermediate steps.

(Jurenka et al., 2024;
Maurya et al., 2025;
Macina et al., 2025;
LearnLM Team,
2024; Srinivasa et al.,
2025; Lee et al.,
2026)

Instructional
Support

Scaffolding Your task is to rate how well the Tutor provides an
appropriate level of support to move the Student
forward without making the task unnecessarily
easy or doing all the thinking for them.

(Jurenka et al., 2024;
Sharma et al., 2026;
Macina et al., 2025;
Shi et al., 2025)

Continued on next page
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Category Subcategory Prompt References

Instructional
Support

Actionable hints Your task is to rate how well the Tutor provides
hints or cues that the Student could realistically act
on to make progress.

(Jurenka et al., 2024;
Maurya et al., 2025;
Srinivasa et al., 2025;
Lee et al., 2026)

Instructional
Support

Manageable
chunks

Your task is to rate how well the Tutor breaks
information into manageable pieces that are easy to
process.

(LearnLM Team,
2024; Jurenka et al.,
2024)

Instructional
Support

Organization and
sequencing

Your task is to rate how well the Tutor presents
information in a logical order that builds
understanding from simpler or more intuitive ideas
toward more complex ones.

(Jurenka et al., 2024;
LearnLM Team,
2024; Shi et al.,
2025)

Alignment to
Constraints

System prompt
alignment

Your task is to rate how well the Tutor follows the
requirements, role expectations, and constraints
given in its instructions or system prompt.

(Macina et al., 2025;
Srinivasa et al., 2025;
Xu et al., 2025; Ding
and Magerko, 2025;
Shi et al., 2026)

Alignment to
Constraints

Staying on topic Your task is to rate how well the Tutor keeps the
conversation focused on the relevant topic or lesson
goal rather than drifting off topic. For example, the
Tutor should avoid irrelevant content or redirect the
Student as needed.

(Jurenka et al., 2024;
LearnLM Team,
2024; Maurya et al.,
2025; Srinivasa et al.,
2025; Xu et al., 2025;
Wei et al., 2025)

Alignment to
Constraints

Role adherence Your task is to rate how well the Tutor behaves in a
way that matches its intended pedagogical role,
such as tutor, guide, or coach.

(Shi et al., 2026; Xu
et al., 2025)

Alignment to
Constraints

Contextual
consistency

Your task is to rate how well the Tutor’s responses
logically follow from the Student’s message and
prior dialogue context.

(Maurya et al., 2025;
Xu et al., 2025; Shi
et al., 2026)

Mistake
Handling

Mistake
identification

Your task is to rate how well the Tutor detects and
identifies mistakes made by the Student.

(Jurenka et al., 2024;
Maurya et al., 2025;
Miller and DiCerbo,
2024; Srinivasa et al.,
2025; Xu et al., 2025;
Ding and Magerko,
2025)

Mistake
Handling

Mistake
localization

Your task is to rate how well the Tutor identifies
where the Student’s mistake occurred or which part
of the reasoning was wrong.

(Maurya et al., 2025;
Macina et al., 2025;
Xu et al., 2025; Ding
and Magerko, 2025;
Srinivasa et al., 2025)

Mistake
Handling

Misconception
diagnosis

Your task is to rate how well the Tutor identifies
the underlying misconception or misunderstanding
behind the Student’s error.

(Jurenka et al., 2024;
Otero et al., 2025;
Srinivasa et al., 2025)

Mistake
Handling

Mistake guidance Your task is to rate how effectively the Tutor guides
the Student through discovering or fixing a mistake.

(Jurenka et al., 2024;
LearnLM Team,
2024)

Adaptivity Goal
responsiveness

Your task is to rate how well the Tutor identifies
and uses the Student’s learning goal, question
intent, or stated objective to adapt its response.

(LearnLM Team,
2024; Jurenka et al.,
2024; Shi et al., 2025;
Ding and Magerko,
2025)

Adaptivity Learner-level
calibration

Your task is to rate how well the Tutor adjusts the
level of explanation, vocabulary, and difficulty to
match the Student’s current level of understanding.

(Jurenka et al., 2024;
LearnLM Team,
2024; Srinivasa et al.,
2025; Xu et al., 2025;
Lee et al., 2026)

Adaptivity Adapts when
student is stuck

Your task is to rate how well the Tutor adapts when
the Student becomes stuck, for example by
changing the explanation, giving a hint, or reducing
complexity.

(Jurenka et al., 2024;
LearnLM Team,
2024)

Continued on next page
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Category Subcategory Prompt References

Adaptivity Personalization Your task is to rate how well the Tutor tailors its
teaching to the Student’s relevant background,
learning needs, or ongoing performance rather than
giving the same generic response to any learner.

(LearnLM Team,
2024; Xu et al., 2025;
Ding and Magerko,
2025; Lee et al.,
2026)

Adaptivity Adjusts support
over time

Your task is to rate how well the Tutor adjusts its
level of support as the conversation progresses in
response to the Student’s evolving needs or
demonstrated understanding.

(Jurenka et al., 2024;
LearnLM Team,
2024; Shi et al., 2025;
Wei et al., 2025)

Table E1: Proposed metric category and subcategory framework: 10 categories and 41 items derived from the
crosswalk in Table 4.
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F LLM-as-judge system prompt

## Role
You are an experienced K12 educator assessing a Tutor who is
interacting with a Student.

## Scoring Guidelines
- Aim to be objective, unbiased, and constructive
- Assign low scores when warranted
- Focus solely on the responses and actions of the Tutor
- Your result must use the scale provided
- If a criterion does not apply to the conversation, assign
it "N/A"

## Conversation to Evaluate
[full conversation transcript]

Evaluate the conversation on the following criterion:
[criterion metric]

Rating scale: 1 (Very Poorly), 2 (Poorly), 3 (Adequately),
4 (Well), 5 (Very Well)

Respond with ONLY the integer score or "N/A".
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