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Abstract

Explanatory item response models let test de-
velopers anticipate item difficulty from item
design, but they depend on subject-matter ex-
perts rating every item on every hypothesized
feature—a step that is slow, costly, and the
practical bottleneck limiting how many items
can be modeled. We ask whether large lan-
guage models can supply those ratings. Four
trained experts and six LLMs independently
rated 15 grade-5 mathematics items on six psy-
chometric features. We evaluate the LLM rat-
ings twice: against the human consensus using
quadratic-weighted « and mixed-effects mod-
els, and against 1,452 student responses by us-
ing each source’s ratings as the design matrix
of a linear logistic test model (LLTM) bench-
marked against a Rasch baseline. Claude Opus
4.7 performed best in recovering the item dif-
ficulty (r = 0.89), however, the human con-
sensus against which agreement is measured
performs worst at recovering Rasch difficulty
(r = 0.33) compared to the rest of the LLMs.
The reason is visible in the expert panel it-
self: inter-rater Fleiss’ « is at or below chance
on three of six features, so the consensus is a
noisy reference rather than ground truth. We
also identify two failure modes (zero-variance
and perfect collinearity) that agreement statis-
tics cannot detect but make a feature unusable
as an LLTM covariate. We argue that agree-
ment should be reported alongside criterion-
referenced recovery of item parameters, not in
place of it.

1 Introduction

Modern assessment programs need far more items
than expert committees can write and review. Auto-
matic item generation addresses the writing bottle-
neck (Gierl and Lai, 2012; Morrison and Embret-
son, 2018), but it displaces the problem onto cali-
bration: newly generated items have no response
data, so their psychometric properties are unknown
until they are field tested.
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Explanatory item response theory offers a way
out. Item-explanatory models such as the linear
logistic test model (LLTM; Fischer, 1973) decom-
pose Rasch item difficulty into the weighted con-
tributions of theoretically motivated item features,
so that difficulty can be anticipated from item de-
sign rather than recovered solely from responses
(De Boeck and Wilson, 2004; Embretson, 1999).
The approach has been applied to automatic item
generation (Gierl and Lai, 2012), construct validity
(Baghaei, 2008), item-position effects (Hohensinn
et al., 2008; Demirkol and Kelecioglu, 2022), and
difficulty modeling (Hauenstein and Embretson,
2020; Toyama, 2021).

Every one of these applications requires the same
expensive input. Before an LLTM can be estimated,
subject-matter experts must rate every item on ev-
ery hypothesized feature. This is the step that limits
how many items can be examined and how quickly.

Large language models are an obvious candi-
date for that step, having matched or exceeded the
performance of crowd and trained annotators on a
range of text-labeling tasks (Gilardi et al., 2023).
Work on predicting item difficulty directly from
item text is also advancing (Benedetto et al., 2023;
AlKhuzaey et al., 2024). What has not been ex-
amined is the intermediate case that matters for
explanatory modeling: whether LLM-generated
features yield explanatory IRT models that recover
item parameters as well as human-rated features
do.

Answering that question requires deciding what
counts as validation. The default move is to treat
expert ratings as ground truth and report agreement.
We show that this default is misleading here. Our
contributions are:

1. A dual evaluation of six LLMs as item-feature
raters: agreement against a four-expert con-
sensus, and criterion-referenced recovery of
Rasch difficulty through an LLTM fitted to
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1,452 student responses.

2. Evidence that the two criteria agree on how
to rank LLMs but not on the standing of the
human reference, which performs worst at
recovering difficulty among all sources exam-
ined.

3. A diagnosis of why: the expert panel’s own
inter-rater reliability is at or below chance on
three of six features, so agreement is measured
against a noisy standard.

4, Two failure modes specific to LLM raters—
zero-variance and perfect collinearity—that
are invisible to agreement statistics but make
the affected features unusable as LLTM co-
variates.

2 Method

2.1 Items and responses

The analysis uses 15 mathematics items for grade
5, administered as part of a formative assessment.
The items measure three Common Core standards:
5.NBT.B.5, 5.NE.B.7, and 5.MD.B.2. Item diffi-
culty is estimated from 1,452 student responses,
which provide the empirical basis for the Rasch
and LLTM models.

2.2 Features and rubric

Six features were rated on a three-point ordinal
scale: Cognitive Load (CL), Visual Complexity
(VC), Cognitive Domain (CD), Cognitive Coher-
ence (CC), Response Variability (RV), and Stan-
dard Specificity (SS). Appendix A gives the opera-
tional definitions and anchors.

All six are potential candidate predictors of
item difficulty in the LLTM models except for
cases where a feature has zero-variance or perfect
collinearity with another feature.

2.3 Rating panels

Four experienced subject-matter experts rated ev-
ery item independently. The human consensus is
the unique plurality of the four ratings; 2-2 splits
were resolved by expert adjudication. Six LLMs—
Claude Haiku 4.5 (Anthropic, 2025), Claude Opus
4.7 (Anthropic, 2026a), Claude Sonnet 4.6 (An-
thropic, 2026b), GPT-5.2 (OpenAl, 2025), Gemini
3.1 Pro (Google DeepMind, 2026a), and Gemini
3.5 Flash (Google DeepMind, 2026b)-rated the
same items under a common rubric and zero-shot
prompting.

2.4 Aim 1: characterizing rating differences

Because the rubric scales are ordered, agreement
between each LLM and the human consensus is
quantified with quadratic-weighted Cohen’s x (Co-
hen, 1968), which penalizes a two-category dis-
agreement more heavily than an adjacent one. Ex-
act agreement, adjacent agreement, and ICC are
also reported because weighted x becomes unstable
when one margin concentrates in a single category.
Within-panel consistency is summarized by Fleiss’
K across the four experts and across the six LLMs
separately.

Systematic differences are modeled with three
linear mixed models (Bates et al., 2015), each with
a random intercept for item, since ratings of the
same item are dependent across raters:

rating ~ panel + (1 | item),

The human panel is the reference throughout, so
a positive contrast means the LLM rates higher.
Individual experts, not the derived consensus was
used in these models, so the human side carries its
own sampling variability.

2.5 Aim 2: recovery of item difficulty

The baseline is a Rasch model estimated by con-
ditional maximum likelihood (Rasch, 1960; Mair
and Hatzinger, 2007). Against it we fit an LLTM
in which difficulty is constrained to a linear combi-
nation of the six rated features,

K
bj=— > wik (1)
k=1

where wjy, is the (standardized) rating of item j on
feature k£ and 7y, is the estimated feature weight.
A separate LLTM is fitted per rating source—the
human consensus, the Al consensus, and each LLM
individually—so that the fits differ only in W.

The quantity of interest is Pearson’s correlation r
between LLTM-reconstructed and freely estimated
Rasch difficulties. We also report the likelihood-
ratio test of the LLTM in comparison to Rasch
baseline and RMSE.

Two problems arise with only 15 items and
three rating categories, and both are properties
of the rater rather than coding artifacts. A rating
source that assigns every item the same category
on a feature contributes a constant column(zero-
variance); a rating source that rates two features
identically contributes perfectly collinear columns.
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Such columns are dropped during LLTM estima-
tion, so the number of usable features K varies by
rating source.

3 Results

3.1 LLM ratings agree only fairly with
experts

Table 1 shows LLM agreement with the human
consensus across the features. Mean quadratic-
weighted « separates the models clearly, from 0.50
for Claude Opus 4.7—moderate agreement—down
to 0.10 for Claude Haiku 4.5. Only Opus exceeds
the conventional threshold for moderate agreement;
the remaining five sit in the fair range or below.

Agreement is far from uniform across features.
Visual Complexity is rated consistently with ex-
perts by every model (x = 0.43 to 0.78), whereas
Response Variability is at or below chance for four
of six models, reaching —0.49 for Gemini 3.1 Pro.
Exact agreement (0.48-0.64) understates the pic-
ture somewhat, since adjacent agreement is high
throughout (0.84-0.94): disagreements are usually
one category, not two. With 15 items per model—
feature cell these estimates are imprecise, and we
read the pattern across features rather than any sin-
gle coefficient.

3.2 Divergence is concentrated in two features

Pooled across features, the LLM panel rates only
slightly higher than the expert panel (A = 0.12,
SE = 0.05, p = .031), and the item random in-
tercept absorbs little variance (ICC = 0.05). After
Bonferroni correction, no individual model differs
significantly from the expert panel.

The interaction model locates the difference pre-
cisely (Table 2, Figure 1a). Four features show no
detectable panel difference. Two show large ones:
LLMs rate Cognitive Coherence 0.53 higher and
Standard Specificity 0.54 higher than experts do
(both p < .001). On a three-point scale, these are
half-category shifts, and they push the LLM panel
against the ceiling.

3.3 The expert panel is an unreliable
reference

Table 3 and Figure 1b report within-panel consis-
tency, and they reframe everything above. Fleiss’ &
among the four experts reaches 0.15 on no feature
at all, and is negative on three of the six: Cog-
nitive Coherence (—0.08), Response Variability
(—=0.17), and Standard Specificity (—0.09). On

(a) Panel means with 95% Cl
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(b) Within-panel agreement

cL ve co cc AV ss
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Figure 1: (a) Estimated marginal ratings by panel with
95% Cls; ***p < .001. (b) Within-panel agreement
(Fleiss’ k). The LLM panel is more internally consistent
than the expert panel on every feature.

those three features, the experts disagree with each
other slightly more than chance would predict.

The LLM panel is more consistent than the ex-
pert panel on every feature, in several cases by a
wide margin (VC 0.38 versus 0.15; CC 0.38 versus
—0.08). This does not make the LLMs correct—
high agreement among models that share training
data and prompt format is weak evidence—but it
does mean that a low human—AlI x cannot be read
as LLM error. Much of the disagreement quantified
in Section 3.1 originates on the human side.

3.4 LLM features recover item difficulty
better than expert features

The Rasch baseline fits well (log L = —8945.1, 14
item parameters) and its difficulties correlate per-
fectly in rank with proportion correct (p = —1.00),
confirming the calibration.

Table 4 reports the LLTM results. The ranking
of the six LLMs based on how well they recover the
rasch difficulty is exactly the same as the agreement
ranking produced in Section 3.1: Opus, GPT-5.2,
Sonnet, Flash, Gemini 3.1 Pro, and Haiku, in that
order for both criteria. Agreement with experts,
for all its limitations, does rank these models the
same way their downstream psychometric model
parameter recovery does.

The human consensus is where the two criteria
differ. It is the worst of all eight sources used to esti-
mate LLTMs: its six-feature LLTM recovers Rasch
difficulty at » = 0.33 (R?> = 0.11). Five of six
LLMs do better with the same or fewer covariates.
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Model CL VC CD CC RV SS  Mean
Claude Opus 4.7 043 078 0.52 — -0.18 0.94 0.50
GPT-5.2 009 0.76 0.08 036 0.06 0.55 0.32
Claude Sonnet4.6 045 058 028 036 -0.12 0.23 0.30
Gemini 3.5 Flash ~ 0.30 0.64  0.16 — -0.08 — 0.26
Gemini 3.1 Pro 0.04 0.64 040 036 -049 023 0.20
Claude Haiku 4.5 029 043 -0.40 — 0.08 — 0.10

Table 1: Quadratic-weighted « between each LLM and the human consensus, by feature, ordered by the mean.
Dashes mark cells where « is undefined because the model assigned a single category to all 15 items. Feature codes

are defined in Section 2.2.

Feature Human Al A SE t D
CL 1.917 1.744 -0.172 0.110 -1.567 0.117
VC 1.850 1.700 -0.150 0.110 -1.365 0.173
CD 1.833 1.856 0.022 0.110 0.202 0.840
CcC 2.433 2967 0.533 0.110 4.853 0.000 ***
RV 2.183 2.100 -0.083 0.110 -0.758 0.448
SS 2.333 2.878 0.544 0.110 4.954 0.000 ***

Table 2: Estimated marginal ratings by panel and the
AIl—-Human contrast from the panel x feature mixed
model (Bonferroni-adjusted). ***p < .001.

Feature kp Human kp AI ICC Human ICC Al
CL 0.101  0.193 0.407 0.337
VC 0.145 0.382 0.632 0.880
CD 0.089 0.328 0.381 0.803
CC -0.076  0.379 0.255 0.800
RV -0.169  0.040 -0.159 0.627
SS -0.085  0.128 0.391 0.596

Table 3: Within-panel inter-rater agreement: Fleiss’ x
and average-measure ICC for the four experts and the
six LLMs.

Claude Opus 4.7 reaches r = 0.89 (R? = 0.79)
using five features; GPT-5.2 reaches » = 0.85 and
Claude Sonnet 4.6 » = (.81, both with six. The
gap is not a parameter-count artifact: the human
consensus has the most covariates available and
still performs worst.

Figure 2 makes the difference concrete. Under
the human consensus, the reconstructed difficulties
are compressed into a narrow band around zero—the
features carry almost no signal about which items
are hard. Under Claude Opus 4.7, they track the
Rasch estimates closely across the full range.

The likelihood-ratio tests all reject the LLTMs
(p < .001 throughout), as expected at this sample
size.

3.5 Zero-variance and perfect collinearity

Two failure modes emerge that agreement statistics
cannot detect.

Zero-variance. The Al consensus assigns cate-
gory 3 to all 15 items on both Cognitive Coherence
and Standard Specificity. The variance is exactly
zero, so neither feature can be used in the LLTM:
the Al consensus is left with four usable covariates
rather than six. The same occurs for Claude Haiku
4.5 and Gemini 3.5 Flash, and for Cognitive Coher-
ence alone in Claude Opus 4.7. This is the Aim 1
result seen from another angle—the two features on
which LLMs significantly overrate are the two they
push to the ceiling.

Perfect collinearity. Gemini 3.1 Pro assigns
identical ratings to Cognitive Coherence and Stan-
dard Specificity on every item (r = 1.00), making
the columns perfectly collinear. Therefore, one of
them has to be drop during model estimation.

Table 5 shows the consequence for the estimated
weights. Where the human weights are uniformly
small (|n| < 0.18), the Al consensus places large
weights on Visual Complexity (0.52) and Cogni-
tive Domain (—0.62) which conforms to difficulty
theory, whereas the noisy human consensus does
not.

Figure 3 shows that the sources disagree about
which features drive difficulty. The largest weight
belongs to a different feature for almost every
source: Cognitive Load for Claude Opus 4.7 and
Gemini 3.5 Flash, Visual Complexity for GPT-5.2,
Cognitive Domain for the human and Al consen-
sus, Cognitive Coherence for Claude Sonnet 4.6
and Gemini 3.1 Pro, and Response Variability for
Claude Haiku 4.5. Recovering difficulty well and
recovering it for the same reasons are different
achievements, and only the first is established here.

4 Discussion

The two validation criteria agree about the LLMs
and disagree about the humans, and that asymmetry
is the finding. Ranking the six models by agree-
ment with experts reproduces their ranking by dif-
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Rating source K log L BIC LR df r R? RMSE
Rasch (baseline) — -8945.11  17992.14 — — 1.00 1.00 0.00
Claude Opus 4.7 5 -9279.83  18596.06 669.44 9 0.89 0.79 0.41
GPT-5.2 6 -9391.41  18826.51 892.61 8 085 072 0.47
Claude Sonnet 4.6 6 -9488.60  19020.89  1086.99 8 0.81 0.66 0.52
Gemini 3.5 Flash 4 -9703.44  19436.00 1516.67 10 0.70 0.49 0.64
Gemini 3.1 Pro 5 -9849.80 19736.01  1809.40 9 0.65 043 0.68
Al consensus 4 -10069.71 20168.54 224920 10 0.52 0.27 0.77
Claude Haiku 4.5 4 -14039.58 28139.09 2558.73 10 0.34 0.12 0.84
Human consensus 6 -10282.84 20609.36 2675.46 8 033 0.11 0.85

Table 4: LLTM fit and recovery of Rasch difficulty by rating source. K is the number of usable feature covariates
after dropping constant and aliased columns; r is the correlation between LLTM-reconstructed and freely estimated
Rasch difficulties. Sources are ordered by 7.

Human consensus

Al consensus

Claude Opus 4.7

2 4

LLTM-reconstructed difficulty
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Figure 2: LLTM-reconstructed versus freely estimated Rasch difficulty for three rating sources. The dashed line is
the identity line; the solid line is the least-squares fit.

Feature = Human consensus Al consensus
CL -0.067 (0.019) -0.164 (0.028)
vC 0.176 (0.024) 0.518 (0.027)
CD -0.184 (0.019) -0.617 (0.035)
CcC -0.127 (0.023) constant
RV 0.089 (0.018)  -0.197 (0.028)
SS 0.123 (0.025) constant

Table 5: LLTM feature weights 7 (standard errors) on
the difficulty scale, for standardized covariates. “con-
stant” marks features the source rated identically on all
15 items.

ficulty recovery exactly. Agreement is therefore
doing useful work: it is a cheap, response-free
proxy that orders candidate raters correctly. What
it cannot do is tell you where the reference stan-
dard itself sits on that scale—and here the expert
consensus lands at the bottom, recovering difficulty
at r = 0.33 against 0.89 for the best model.

The resolution is that the expert consensus is not
ground truth. With Fleiss’ x at or below zero on
three features, aggregating four experts produces a

reference standard that is substantially noisy. An
agreement statistic computed against it is bounded
above by its reliability, so “only fair agreement
with experts” and “better than experts at explaining
difficulty” are not in tension once the reference is
recognized as noisy.

This has a practical consequence for anyone con-
sidering LL.Ms for item review. Agreement with
a small expert panel is cheap and is the field’s de-
fault, and our results support using it to rank candi-
date raters. They do not support using it to decide
whether a rater is good enough, because that judg-
ment is only as good as the panel. Where response
data exist, criterion-referenced recovery of item pa-
rameters answers the question agreement cannot,
and the two should be reported together.

The zero-variance and perfect collinearity prob-
lems identified in some LLM ratings sharpen the
recommendation. Both are silent in agreement
statistics—a model that rates every item 3 can still
post a respectable exact-agreement rate when the
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Largest LLTM weight by source

Claude Haiku 4.5 - *
Human consensus -
Al consensus - * |f1|
Gemini 3.1 Pro+ *
Gemini 3.5 Flash - *
Claude Sonnet 4.6 - *
GPT-5.2+ *

Claude Opus 4.7 - .
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Figure 3: Absolute LLTM feature weights by rating
source.

human mode is also 3, but both are fatal for ex-
planatory modeling, since a constant or collinear
covariate carries no information. Screening candi-
date raters for category variance and inter-feature
collinearity costs nothing and should precede any
agreement analysis.

These results support a narrower claim than
“LLMs can replace expert raters.” Three features
concentrate most of the trouble—Cognitive Coher-
ence, Response Variability, and Standard Speci-
ficity. They are where the experts disagree with
each other, where the LLLMs saturate, and where
one model collapses two rubric entries onto a single
judgment. Yet several models place their largest
difficulty weights on exactly these features. A fea-
ture can be unreliable, saturated, and still carry
signal, which points at the rubric rather than the
raters: these three anchors need sharper operational
definitions before either panel can be held to them,
and that is where we would direct effort next.

Limitations

The item sample is the binding constraint. Fifteen
items with response data support a Rasch calibra-
tion comfortably but leave the LLTM comparison
badly underpowered. The ordering of sources in
Table 4 is consistent and large, but this study can-
not establish its magnitude, and we do not claim
statistical support for the difference. Extending the
calibration sample is the single most valuable next
step.

The human panel consists of four raters. Their
low inter-rater reliability is central to our interpre-
tation, yet it is itself estimated imprecisely from 15

items, and we cannot separate genuine construct
ambiguity from insufficient rater training. A larger
and better-calibrated expert panel might close the
gap we report.

Each LLM rated each item once, using default
settings and a single prompt. We therefore can-
not distinguish stable model behavior from prompt
sensitivity or sampling variability, and the within-
LLM agreement we report is inflated relative to
what independent replications would show. The
models also share architectural lineage and training
data, so their mutual agreement is not evidence of
validity.

Recovery of Rasch difficulty is a proxy for use-
fulness, not a direct measure of it. A design matrix
could recover in-sample difficulty well and still
fail to predict parameters for genuinely new items,
which is the use case that motivates explanatory
modeling. We report in-sample recovery only; out-
of-sample prediction for generated items is left to
future work.

Finally, the findings are specific to grade-5 math-
ematics, three Common Core standards, and this
six-feature rubric. Whether the dissociation be-
tween agreement and recovery generalizes to other
domains, grade levels, or feature sets is untested.
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A Rating Rubric

All raters, human and LLM, received the same six-
feature rubric. Each feature is rated 1-3 with the
anchors below; the full prompt is released with the
analysis code.

Cognitive Load Number of mental steps required.
1 = single-step retrieval or one operation; 2
= two connected operations, or one operation
plus context interpretation; 3 = three or more
operations or nested reasoning.

Visual Complexity Density of visual information.
1 = text only or a simple table; 2 = a clear
diagram or basic graph that supports under-
standing; 3 = a complex or cluttered visual
requiring interpretation.

Cognitive Domain Predominant type of mathe-
matical thinking. 1 = procedural (applying
an algorithm); 2 = conceptual (understanding
relationships or why a procedure works); 3
= application (solving a contextual problem
strategically).

Cognitive Coherence Clarity and singularity of
the solution path. 1 = multiple valid pathways
or an ambiguous statement; 2 = one clear in-
tended path with possible alternatives; 3 = a
single obvious strategy and an unambiguous
statement.

Response Variability Quality of the distractors. 1
= arbitrary distractors inviting random guess-
ing; 2 = distractors representing some com-
mon errors; 3 = distractors systematically rep-
resenting documented misconceptions.

Standard Specificity Precision of alignment to
one standard. 1 = draws on several stan-
dards or grade levels; 2 = one main standard
plus supporting knowledge from another; 3 =
tightly focused on a single standard.
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