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Abstract

Benchmarks for evaluating the pedagogical ability of LLM tutors are increasingly central to
educational AI research, yet their psychometric properties are rarely examined formally. We
apply a comprehensive measurement validation pipeline to MRBench V2, a benchmark of
200 mathematical tutoring dialogues annotated across eight pedagogical dimensions. Using
exploratory and confirmatory factor analyses, graded response modelling, item-level validity
diagnostics, measurement invariance testing, and generalizability theory, we find that six of
the eight dimensions form a coherent unidimensional scale with excellent structural fit (CFI
= 0.998, RMSEA = 0.058) and strong generalizability (Grel = 0.974). Two dimensions
show psychometric properties inconsistent with their intended role. We further detect
measurement non-equivalence across model sizes and highlight open questions regarding
gaps in construct validity and predictive validity. Our findings demonstrate the value of
psychometric analysis as a standard practice in educational AI evaluation.

Keywords: psychometric validation, AI benchmarks, large language models, item response
theory, AI tutors, AI evaluation

1. Introduction

Large language models are increasingly deployed in educational applications, including AI-
powered tutoring systems and automated feedback tools that provide personalized, adaptive
instruction through natural language interaction (Latif et al., 2026). This has generated
substantial interest in understanding the capabilities and limitations of LLMs as pedagog-
ical agents. Research in educational NLP suggests that LLMs are often misaligned with
pedagogical objectives: despite strong performance on surface-level qualities such as fluency
and human-likeness, LLMs consistently underperform on deeper dimensions. Research has
shown that they tend to reveal answers rather than scaffold student reasoning (Macina
et al., 2023a), struggle to engage students in genuine problem-solving (Tack and Piech,
2022), and lack the expert decision-making processes that distinguish effective remediation
from superficial acknowledgement of student errors (Wang et al., 2024). A key reason is that
modern foundation models are alignment-tuned to be broadly helpful assistants, a design
choice that is often at odds with effective pedagogy (Jurenka et al., 2024). These findings
highlight the need for robust, standardized frameworks that evaluate pedagogical behaviors.

1.1. Pedagogical Benchmarking for LLM Tutors

Evaluating LLMs as tutors has attracted growing attention, though the field has histori-
cally lacked a standardized evaluation framework. Early work by Tack and Piech (2022)
assessed tutor responses along three dimensions, speaking like a teacher, understanding the
student, and helping the student, while Macina et al. (2023a) focused on coherence, cor-
rectness, and equitable tutoring. Wang et al. (2024) evaluated usefulness, care, and human-
soundingness. The fragmentation across these frameworks makes cross-study comparison
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difficult. Maurya et al. (2025) address this directly by proposing the first unified evaluation
taxonomy with eight pedagogical dimensions, releasing MRBench as a benchmark of anno-
tated mathematical tutoring dialogues. This taxonomy was subsequently operationalized
in the BEA-2025 Shared Task on Pedagogical Ability Assessment (Kochmar et al., 2025).
Despite this progress, benchmark development in educational AI has relied primarily on
expert-grounded item construction and inter-annotator agreement as the main validity evi-
dence, leaving structural validity, construct coherence, and measurement equivalence across
model groups largely unexamined. Educational testing is the historical foundation of mod-
ern psychometrics (Embretson and Reise, 2000), and the measurement tools it produced,
including item response theory, generalizability theory, and confirmatory factor analysis,
were developed precisely to address these gaps. These methods are now being applied to
AI benchmarks (Truong et al., 2025) more broadly, yet formal psychometric examination of
pedagogical benchmarks specifically remains absent from the literature, despite their direct
connection to the educational testing tradition that gave rise to these methods.

1.2. Our Work

We use MRBench V2 as a case study to examine the psychometric properties of pedagogical
AI benchmarks more broadly, with the goal of strengthening measurement practice in the
field rather than critiquing any particular resource. Using exploratory and confirmatory
factor analyses, graded response modelling, item-level validity diagnostics, measurement in-
variance testing, and generalizability theory, we ask whether the eight-dimension taxonomy
holds under formal measurement scrutiny. We find that a six-item reduced scale forms a
coherent unidimensional construct with excellent reliability, while also identifying measure-
ment non-equivalence across model scale tiers with implications for cross-tier comparisons.
We further raise open questions about what the recovered construct actually measures, and
whether current pedagogical benchmarking practice adequately captures pedagogical ability
as understood in the learning sciences.

2. Methods

2.1. Data

We use MRBench V2 (Maurya et al., 2025), a publicly available dataset of 200 mathematical
tutoring dialogues drawn from MathDial (Macina et al., 2023b) and Bridge (Wang et al.,
2024). Each dialogue is annotated across eight pedagogical dimensions (“items” in mea-
surement science) for responses from seven LLM tutors (GPT-4, Gemini, Claude Sonnet,
Mistral, Llama 3.1 8B, Llama 3.1 405B, and Phi-3) and two human tutors (Expert and
Novice). The eight dimension assess whether the tutor: (1) identifies the student’s mistake;
(2) locates it precisely in the student’s response; (3) avoids revealing the final answer; (4)
provides guidance such as hints, explanations, or supporting questions; (5) produces an ac-
tionable response that makes clear what the student should do next; (6) responds coherently
with the student’s prior turns; (7) uses an encouraging tone rather than neutral or offen-
sive; and (8) sounds human-like rather than robotic. Six dimensions use a Yes/To some ex-
tent/No ordinal scale; Revealing Answer uses a correctness-aware scheme (Yes - correct
/ Yes - incorrect / No); and Tutor Tone uses an affect scale (Encouraging / Neutral /
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Offensive). All scales are encoded as 0, 1, 2 for analysis, where higher values reflect the
desired pedagogical behavior for all dimensions except Revealing Answer, where 0 (No)
is the desirable outcome. Annotations were assigned by four trained human annotators
following a structured guideline, with an average inter-annotator agreement of κ = 0.71 on
a double-annotated subset (Maurya et al., 2025).

Five conversation identifiers contained duplicate entries in the raw JSON; all dupli-
cates were resolved by averaging scores and rounding to the nearest integer. Human tutors
(Expert and Novice) were excluded from the analysis, as our focus is on the psychome-
tric properties of MRBench as an instrument for LLM evaluation; including them would
introduce a heterogeneous response distribution across fundamentally different kinds of
agents, potentially biasing item parameter estimates for the target population (Brennan,
1992). The final dataset comprises N = 1,365 observations (195 conversations × 7 LLM
tutors). For the differential item functioning and measurement invariance analyses, tutors
are additionally classified by model size: large models (GPT-4, Gemini, Sonnet, Mistral,
Llama 3.1 405B; n = 975) and small models (Llama 3.1 8B, Phi-3; n = 390).

2.2. Analysis

All analyses were implemented in R v4.5.1 (R Core Team, 2021). We apply a sequential
psychometric validation pipeline to the full 8-item response matrix unless otherwise noted.

We begin with descriptive statistics (means, standard deviations, skewness, kurtosis,
score distributions) and estimate inter-dimension associations using polychoric correlations
(Olsson, 1979), appropriate for ordinal data. Item-level validity is assessed via corrected
item-total correlations (CITC) and Cronbach’s α with each dimension deleted (Cronbach,
1951); dimensions with CITC < 0.10 and α−i > α are flagged as validity threats. To
examine the factor structure of MRBench, we conduct parallel analysis (Horn, 1965) on the
polychoric matrix to determine the empirically supported number of factors, followed by
maximum likelihood EFA for 1-4 factors with oblimin rotation. We then fit two CFA models:
M1 (unidimensional, all 8 items) and M2 (unidimensional, 6 items excluding Tutor Tone
and Revealing Answer). Their fits are evaluated against accepted thresholds: CFI, TLI
> 0.95, RMSEA < 0.06, and SRMR < 0.08 (Hu and Bentler, 1999).

Next, we fit a unidimensional Graded Response Model (Samejima, 1997) to both the full
8-item and 6-item matrices using the mirt package (Chalmers, 2012), extracting discrim-
ination parameters (a), difficulty thresholds (b1, b2), and item fit statistics (S-χ2). Latent
ability scores (θ̂) are estimated via Expected A Posteriori scoring. We additionally test
configural, metric, and scalar measurement invariance of the 6-item scale across model size
groups using the WLSMV estimator with Satorra-Bentler scaling (Satorra and Bentler,
1994); metric invariance failure (∆CFI < −0.010) would indicate that factor loadings differ
across groups, precluding direct θ̂ comparisons.

Finally, we apply generalizability theory by fitting a fully crossed Conversation × Tutor
× Dimension random effects model to the 6-item matrix via REML (Corbeil and Searle,
1976), decomposing total score variance into seven sources. Relative (Grel) generalizability
coefficient is computed with tutor as the object of measurement.
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Table 1: Descriptive statistics and item-level validity diagnostics for MRBench V2 dimen-
sions (N = 1,365; LLM tutors only). CITC = corrected item-total correlation; α−i

= Cronbach’s α if dimension deleted (full-scale α = 0.750). Score distributions
show percentage of responses at each ordinal level (0/1/2). Dimensions marked †
show CITC < 0.10 and α−i > α, indicating active degradation of scale coherence.

Dimension Mean SD Skew Kurt. %0 %1 %2 CITC α−i

Mistake Identification 1.65 0.73 −1.73 1.10 15.4 3.8 80.8 0.753 0.661
Mistake Location 1.38 0.88 −0.82 −1.20 26.7 8.3 65.0 0.777 0.644
Providing Guidance 1.40 0.76 −0.82 −0.81 16.8 26.2 57.1 0.667 0.678
Actionability 1.20 0.92 −0.40 −1.69 34.1 12.2 53.8 0.342 0.752
Humanlikeness 1.84 0.50 −3.03 7.88 5.5 5.1 89.4 0.473 0.725
Coherence 1.70 0.66 −1.94 2.09 11.3 7.4 81.3 0.709 0.677

Revealing Answer† 0.33 0.73 1.78 1.27 82.1 2.6 15.4 0.021 0.797
Tutor Tone† 1.34 0.47 0.70 −1.52 0.0 66.4 33.6 −0.109 0.791

3. Results

3.1. Dimension-Level Diagnostics

Descriptive statistics reveal skewed distributions for two dimensions (Table 1). Revealing
Answer exhibits a severe floor effect (82.1% scoring 0) with the intermediate category
nearly empty (2.6%). Tutor Tone shows near-zero variance with 66.4% of responses
at the neutral category and no offensive responses, consistent with Maurya et al. (2025).
As a preliminary item-level screen prior to factor analysis, CITC diagnostics confirm both
dimensions as validity threats: Revealing Answer (CITC = 0.021) is effectively orthogo-
nal to the remaining dimensions, and Tutor Tone (CITC = −0.109) measures something
in opposition to the construct. Deleting either dimension increases α from 0.750 to 0.797
and 0.791 respectively, which is a defining signature of a validity-degrading item (DeVellis,
2016). The remaining six dimensions show acceptable CITC values of 0.342-0.777.

3.2. Structural Validity

The polychoric correlation matrix (Figure 1) reveals a coherent positive manifold among the
six clean dimensions (correlations 0.47–0.94), withMistake Identification andMistake
Location showing the strongest association (r = 0.944). Both flagged dimensions disrupt
this structure: Tutor Tone correlates negatively with all other dimensions (r = −0.234 to
−0.010), and Revealing Answer correlates negatively with Actionability (r = −0.58),
consistent with the theoretical interdependency acknowledged by Maurya et al. (2025),
whereby tutors who reveal answers are less likely to produce actionable responses.

Parallel analysis on the polychoric matrix suggests four factors, but inspection of the
scree plot reveals a dominant first eigenvalue (λ1 = 4.52) that substantially exceeds the
remaining eigenvalues, with only two others exceeding 1.0 (λ2 = 1.56, λ3 = 1.02), a pattern
consistent with essential unidimensionality rather than genuine multidimensionality. The
suggested four-factor solution is an artefact of the two degenerate dimensions generating
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Figure 1: Polychoric correlation matrix for MRBench V2 dimensions (LLM tutors only,
N = 1,365). Note the near-zero and negative correlations of Tutor Tone with
all other dimensions, and the negative correlation between Revealing Answer
and Actionability (r = −0.583).

Table 2: CFA model fit indices (WLSMV estimator, N = 1,365).

Model CFI TLI RMSEA [90% CI] SRMR

M1: Unidimensional (all 8) 0.937 0.911 0.235 [0.225, 0.245] 0.246
M2: Unidimensional (6 items) 0.998 0.997 0.058 [0.043, 0.074] 0.051

artificial orthogonal variance. The one-factor EFA solution accounts for 53.6% of variance,
with six dimensions loading strongly (λ = 0.57-0.97); Tutor Tone falls below the 0.30
threshold entirely andRevealing Answer loads at 0.321. CFA results confirm this picture
(Table 2). The full 8-item unidimensional model (M1) fits poorly. In contrast, the 6-
item unidimensional model (M2) achieves excellent fit, establishing the reduced scale as a
psychometrically coherent instrument.

3.3. Item Response Analysis

GRM results corroborate the CFA findings at the item level (Table 3). The six clean dimen-
sions show discrimination parameters ranging from a = 1.51 (Actionability) to a = 10.50
(Mistake Location). In stark contrast, Revealing Answer has a = 0.105 (essentially
non-discriminating) with difficulty thresholds of b1 = 14.5 and b2 = 16.3, implying the item
could only be passed by a tutor of implausibly high latent ability. Tutor Tone has a
negative discrimination (a = −0.203), meaning higher latent pedagogical quality is associ-
ated with lower scores on this dimension; only one threshold was estimable (b1 = −3.397,
b2 = NA) due to near-zero response variance.
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Table 3: GRM factor loadings (F1), communalities (h2), and graded response model item
parameters (a = discrimination; b1, b2 = difficulty thresholds) for all eight dimen-
sions (LLM tutors only). Clean 6-item parameters shown; full 8-item parameters
for flagged dimensions shown in italics.

Dimension F1 h2 a b1 b2

Mistake Identification 0.966 0.934 6.437 −1.025 −0.869
Mistake Location 0.987 0.974 10.503 −0.611 −0.389
Providing Guidance 0.861 0.742 2.893 −1.139 −0.236
Actionability 0.654 0.427 1.505 −0.634 −0.165
Humanlikeness 0.726 0.527 1.820 −2.239 −1.706
Coherence 0.886 0.785 3.300 −1.354 −0.984

Revealing Answer† 0.062 0.004 0.105 14.500 16.264
Tutor Tone† −0.119 0.014 −0.203 −3.397 —

Table 4: Tutor latent ability estimates (θ̂) from the graded response model, ranked by clean
6-item scale score. ∆θ̂ = difference between full 8-item and clean 6-item estimates.
Rankings are identical across both models. Note: direct comparison between large
and small models should be interpreted cautiously given metric non-invariance

Rank Tutor Size θ̂ (8-item) θ̂ (6-item) ∆θ̂

1 Llama 3.1 405B Large 0.427 0.420 −0.007
2 GPT-4 Large 0.292 0.287 −0.005
3 Mistral Large 0.260 0.253 −0.007
4 Sonnet Large 0.209 0.229 +0.020
5 Gemini Large 0.094 0.102 +0.008
6 Llama 3.1 8B Small −0.139 −0.142 −0.003
7 Phi-3 Small −1.160 −1.150 +0.010

Tutor ability estimates from the clean 6-item GRM rank Llama 3.1 405B highest (θ̂ =
0.420), followed by GPT-4 (0.287), Mistral (0.253), Sonnet (0.229), Gemini (0.102), Llama 3.1 8B
(−0.142), and Phi-3 (−1.150). Rankings are identical between the full 8-item and clean 6-
item models (maximum |∆θ̂| = 0.020), indicating that while the degenerate dimensions
corrupt construct interpretation, they do not distort the resulting leaderboard (Table 4).

3.4. Measurement Invariance

Measurement invariance testing of the 6-item scale across large and small LLMs reveals
a metric invariance failure (Table 5). The metric model shows ∆CFI = −0.014, exceed-
ing the −0.010 threshold, indicating that factor loadings differ significantly between large
and small models (χ2

diff = 131.86, p < .001). This means the six dimensions do not re-
late to the underlying pedagogical quality construct in the same way across model scale
tiers: the instrument is functioning differently for frontier models than for smaller models.
As a consequence, direct θ̂ comparisons between large and small LLMs (such as ranking
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Table 5: Measurement invariance of the 6-item unidimensional scale across large and small
LLMs (WLSMV estimator). ∆CFI threshold for invariance: > −0.010. Metric
invariance failure indicates factor loadings differ across model scale groups

Model CFI RMSEA ∆CFI Supported

Configural 0.999 0.039 — Baseline
Metric 0.985 0.125 −0.014 No
Scalar 0.997 0.053 +0.012 Yes

Table 6: Generalizability theory variance decomposition for the 6-item MRBench scale.

Source σ2 %

Residual (C×T×D) 0.229 35.4
Tutor (T) 0.149 23.1
C × T 0.131 20.2
Dimension (D) 0.055 8.5
C × D 0.050 7.8
T × D 0.018 2.8
Conversation (C) 0.014 2.2

Total 0.646 100

Llama 3.1 405B against Phi-3 on a common scale) are not fully justified under the current
instrument. We note that the small model group comprises only two tutors (n = 390), and
the negative observed variable variance warnings from lavaan suggest estimation instability
in this group; replication with a larger sample of small models is needed to confirm.

3.5. Generalizability

The fully crossed G-theory model decomposes score variance into seven sources (Table 6).
Tutor variance accounts for 23.1% of total variance, substantially exceeding conversation
variance (2.2%), which implies that MRBench scores primarily differentiate tutors rather
than reflecting dialogue difficulty. The C × T interaction, 20.2% is nearly as large as the
tutor main effect, indicating that tutoring quality is partly context-dependent: tutors differ
not only in overall ability but in how they respond to specific dialogue types. The relative
generalizability coefficient is Grel = 0.974, well above the 0.90 threshold (Brennan, 1992).

4. Discussion

This study performs a psychometric validation of MRBench V2 (Maurya et al., 2025),
asking whether its eight-dimension taxonomy holds under formal measurement scrutiny.
The primary constructive finding is that six of the eight dimensions form a coherent, reliable
and generalisable instrument. The reduced six-item scale achieves excellent structural fit
(CFI = 0.998, RMSEA = 0.058) and strong generalizability (Grel = 0.974), with tutor
variance substantially exceeding conversation variance. This confirms that MRBench, in its
reduced form, is doing its intended job: scores primarily reflect differences in tutoring quality
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rather than dialogue difficulty. The large conversation-by-tutor interaction (20.2%) further
suggests that pedagogical quality is partly context-dependent, a substantively interesting
finding that motivates future work on context-stratified evaluation designs that account for
dialogue type when comparing tutors. Two dimensions, Tutor Tone and Revealing
Answer, show psychometric properties inconsistent with their intended role. The near-
zero variance of Tutor Tone reflects an empirical reality noted by Maurya et al. (2025)
themselves: LLM tutors produce virtually no offensive responses, leaving the dimension
unable to discriminate. Revealing Answer functions more as an indicator of a rare
adverse event than a continuous quality dimension, as evidenced by its severe floor effect
and negative correlation with Actionability. We note that MRBench V3 and the BEA-
2025 Shared Task (Kochmar et al., 2025) independently reduced the taxonomy, suggesting
that practitioners have arrived at similar conclusions through experience; and our analysis
corroborates with that. Measurement invariance testing reveals that the six-item scale
functions differently across large and small LLMs, with metric invariance failing across
model scale tiers. This suggests some caution is warranted when making direct ability
comparisons between frontier and smaller models on MRBench V2. We stress that this
finding is preliminary, as the small-model group comprises only two tutors, and should be
revisited with more diverse model families.

A deeper question concerns what the recovered six-item construct actually represents.
The factor analysis reveals a single dominant latent dimension underlying mistake identifi-
cation, mistake location, providing guidance, actionability, coherence, and humanlikeness.
While this unidimensional structure is psychometrically desirable, it raises an interpretive
question: is this factor genuinely measuring pedagogical ability, or something more general?
The six dimensions share a common thread: they all reflect whether a tutor produces a
well-formed, contextually appropriate, and informationally complete response to a student
mistake, behaviors that a capable question-answering system might also exhibit without
necessarily engaging in genuine tutoring. Whether this constitutes pedagogical ability in
the richer sense understood by learning scientists is an open empirical question rather than a
settled claim. Constructs such as adaptive scaffolding, metacognitive support, and sustained
dialogic inquiry may or may not be captured by the recovered factor, and this cannot be
determined from internal structure alone. Answering it requires construct validity evidence
beyond factor analysis: convergent validity studies examining whether MRBench scores
correlate with related constructs such as conversational uptake (Tack and Piech, 2022),
expert decision-making quality (Wang et al., 2024), or independent pedagogical ratings,
would help clarify what the latent dimension represents. Equally important is predictive
validity: a benchmark claiming to measure pedagogical ability should, in principle, pre-
dict outcomes that matter educationally, such as student learning gains, engagement, or
satisfaction. Establishing such evidence represents an important direction for future work.
More broadly, our results highlight the value of psychometric validation as a complement
to the expert-judgment and inter-annotator agreement approaches that currently dominate
benchmark development. We hope these methods, including item-level diagnostics, factor
analysis, IRT, and generalizability theory, become routine tools in the benchmark develop-
ment cycle, not as a critique of existing work but as a way to strengthen the measurement
foundations of the field.
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