Prompt Sensitivity in LLM-Based Essay Scoring is
Model-Specific

Giulio Corsi
University of Cambridge
Cambridge, UK
gc540@cam.ac.uk

Roni Tibon

University of Nottingham
Nottingham, UK

ABSTRACT

The emergence of Large Language Models (LLMs) has re-
newed interest in automated essay scoring, yet a barrier to
adoption persists: LLM-generated scores are sensitive to
prompt formulation, and it is unclear which aspects of a
prompt drive this effect or whether findings from one model
or institution transfer to another. For educators and insti-
tutions considering deployment, this uncertainty is conse-
quential, as without understanding the structure of prompt
sensitivity, there is no principled basis for deciding whether
to trust an LLM-generated score. This study evaluates three
frontier LLMs (GPT-5.4, Claude Opus 4.6, Gemini 3 Flash)
across a 3 X 3 x 3 factorial design varying criteria specificity,
calibration intervention, and scoring strategy on a calibra-
tion sample of 153 undergraduate essays from three UK uni-
versities with distinct marking conventions. A main-effects
ANOVA on the 27 per-model conditions reveals that prompt
sensitivity is substantial but strikingly model-specific: cri-
teria specificity accounts for the largest share of condition-
level variance for Gemini (57%, p < .001), scoring strategy
for GPT (35%, p < .01), and scoring strategy and calibra-
tion together for Claude (32% and 24% respectively), with
no single dimension dominating across models. The optimal
configuration also differs across institutions, even within the
same model. At each institution, the gap between best and
worst configurations spans 4-5 RMSE points on the cali-
bration set, with the worst performing worse than a naive
baseline. For the models tested, these findings indicate that
no universal prompt recipe exists, and that responsible de-
ployment requires empirical prompt calibration as a prereg-
uisite rather than an optional refinement — a process more
similar to hyperparameter tuning than to simple instruction
design.
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1. INTRODUCTION

The emergence of LLMs has renewed interest in automated
essay scoring, with recent work demonstrating that individ-
ual models can approximate human scores on standardised
tasks [5, 3]. However, a practical barrier to deployment per-
sists: LLM-generated scores are sensitive to prompt formu-
lation, with minor variations in rubric framing or role in-
structions capable of shifting outputs by a full grade band
[1]. For institutions considering the use of LLM-based scor-
ing, this sensitivity is consequential yet poorly understood,
and it is unclear whether the effect follows patterns that can
inform principled prompt design or whether it is contingent
on the specific model and context in use.

Despite this known limitation of LLM-based grading,
prompt design for essay scoring is typically treated as a
fixed authoring choice, selected on the basis of practitioner
intuition. Where studies do evaluate prompt effects, they
tend to do so by sequentially adding prompt components
within a single model and selecting whichever configuration
maximises agreement — an approach that can identify that
prompts matter, but not which dimensions of a prompt
matter, nor whether those dimensions generalise across
models [6, 4]. This leaves two open questions. The first is
about decomposition: given that prompt formulation affects
LLM-generated scores, which types of prompt intervention
are actually responsible for the effect, and how much of
the variance does each explain? The second is about
generalisability: do the answers to the first question hold
across models, or is prompt sensitivity model-contingent
in ways that make universal recommendations impossible?
The distinction is consequential: if one prompt dimension
consistently dominates, practitioners can follow a simple
prompting framework; if the dominant dimension varies by
model, then empirical calibration is not a convenience but
a necessity.

This study addresses that question directly. Three prompt
dimensions — targeting what evaluative structure the model
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receives, how it is distributionally anchored, and how it is
asked to reason — are independently varied in a 3 x 3 x 3 fac-
torial design across three LLMs, yielding 81 model-prompt
conditions evaluated on a calibration set of 153 undergrad-
uate essays from three UK institutions. The factorial struc-
ture permits decomposition of not only which prompt com-
ponents matter, but whether they matter in the same way
across models.

The contribution of this work, and what attendees will see at
the poster, is twofold. First, a per-model variance decompo-
sition that makes the dimensions of prompt sensitivity visi-
ble rather than aggregating them into a single “prompts mat-
ter” headline. Second, an empirical demonstration that the
optimal prompt configuration differs not only across models
but also across institutions with distinct marking conven-
tions, with the practical implication that institutions cannot
import a prompt validated elsewhere and expect it to behave
consistently on their own essays. The poster will display
the full grid of 81 conditions alongside the per-institution
best/worst gaps, allowing attendees to inspect the model-
specific patterns directly and to consider what an empirical
calibration workflow would look like in their own context.

2. METHODS
2.1 Dataset

The data is drawn from a corpus of 764 long-form undergrad-
uate psychology essays from three UK universities, spanning
50 modules. All were online submissions of coursework and
exam scripts marked by human assessors using the standard
UK percentage scale with discrete tick marks (e.g., 62, 65,
68, 72; M = 63.5, SD = 10.1). A stratified 80/20 split
produced a calibration set (n = 153, approximately 50 per
institution) and a held-out test set (n = 611). All analy-
ses in this paper use the calibration set only. The decision
to reserve the test set is deliberate rather than incidental:
the research question addressed here concerns the structure
of prompt sensitivity, which requires evaluating the same es-
says under all 81 model-prompt conditions and decomposing
the resulting variance. The held-out essays are reserved for a
separate, downstream question — whether configurations se-
lected through calibration generalise to unseen submissions
— which will be addressed in subsequent work and would be
premature to evaluate before the present decomposition is
established.

2.2 Factorial Design

The three LLMs used — GPT-5.4 (OpenAl), Claude Opus
4.6 (Anthropic), and Gemini 3 Flash (Google) — were se-
lected from different providers to maximise diversity of bi-
ases and failure modes. Three prompt dimensions were var-
ied in a fully crossed 3 x 3 x 3 design (Figure 1). The di-
mensions were chosen to span three theoretically distinct
sources of prompt influence: what evaluative structure the
model receives (criteria specificity), how it is distribution-
ally anchored (calibration intervention), and how it is asked
to arrive at a judgement (scoring strategy). Together, these
cover the input-side, distributional, and process-level deter-
minants of LLM scoring behaviour.

(A) Criteria specificity addresses how much evaluative struc-
ture the model receives. Prior work has shown that rubric
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A: Criteria specificity B: Calibration intervention C: Scoring strategy

A1: None B1: None C1: Direct

A2: Summary B2: Distributional C2: Analytic

A3: Full rubric B3: Dist. + debiasing C3: Deliberative

Composed prompt
.. A3 +B3 +C3

!

3x 3 x 3 = 27 prompt configurations per model

Best prompt selected per model by lowest RMSE on calibration set

Figure 1: Factorial prompt composition. Three dimensions
are crossed in a 3 X 3 X 3 design, yielding 27 prompt config-
urations per model.

provision can either improve consistency or introduce dimen-
sion level artefacts [1], but the relationship between rubric
granularity and accuracy has not been isolated. Three lev-
els were tested: no rubric (Al), summary grade boundaries
(A2; e.g., “70+: demonstrates critical analysis and original
insight”), and the full analytic rubric for a given assignment
with per-dimension performance descriptors (A3).

(B) Calibration intervention addresses the well-documented
tendency of LLMs to compress scores towards the centre of
the scale [2], which can in principle be mitigated by provid-
ing distributional anchoring. Three levels were tested: no
calibration (B1), distributional base-rate information (B2;
e.g., “approximately 25% of essays in this cohort receive a
First”), and distributional information with an explicit de-
biasing instruction (B3; e.g., “...be aware that LLMs tend to
compress scores towards the mean”).

(C) Scoring strategy addresses how the model is asked to ar-
rive at its judgement, drawing on the distinction between an-
alytic and holistic scoring approaches in educational assess-
ment. Three levels were tested: holistic-direct scoring with
no structured reasoning (C1), analytic-decomposed scoring
in which the model evaluates the essay separately on sub-
stantive quality, use of evidence, and clarity of expression
before synthesising a single overall score (C2), and holistic-
deliberative scoring in which the model first identifies the
appropriate grade band, weighs evidence for and against
that classification, and then assigns a specific mark within
it (C3).

Each model scored the calibration set (n = 153) under all 27
conditions. The best-performing prompt per model was se-
lected by lowest RMSE, independently for each institution.
Both prompt selection and the variance decomposition re-
ported below use this same calibration partition. This is
appropriate to the research question — which prompt di-
mensions drive scoring variance — but means that the per-
institution best/worst comparisons reflect in-sample perfor-
mance and are subject to optimistic selection bias, as dis-
cussed in Section 3.1.



Table 1: Best and worst model-prompt conditions per institution on the calibration set (n = 153). Naive baseline = predicting
the cohort mean. Best/worst are selected as min/max RMSE across 27 conditions; the observed gap is therefore an in-sample

upper bound on the true best-worst difference (see text).

Institution Condition Model RMSE BA (%) A RMSE A BA
Inst. A Best (A3_B3_C1) Gemini 5.84 74.1
Worst (A1_B1.C1) Claude 10.94 48.1 +5.09 —-25.9
Naive baseline - 6.95
Inst. B Best (A3_B1_C3) GPT 9.74 42.4
Worst (A3.B2_.C1) Gemini  13.89 32.2 +4.16 —10.2
Naive baseline - 11.44
Inst. C Best (A1_-B3_C1) Gemini 6.40 50.0
Worst (A1-B1_C2) Claude 10.19 324 +3.79 -—17.6
Naive baseline - 7.02

3. RESULTS

3.1 The Magnitude of Prompt Effects

Before decomposing which prompt dimensions drive scoring
variance, it is important to establish the practical magnitude
of the effects at stake. Table 1 presents the best and worst
model-prompt conditions for each institution on the calibra-
tion set. The in-sample gap between optimal and worst-case
conditions spans 3.8-5.1 RMSE points and up to 26 percent-
age points of band accuracy. At Institution A, the best con-
dition (Gemini, A3_B3_C1) achieves an RMSE of 5.84 with
74.1% band accuracy; the worst (Claude, A1_B1_C1) yields
10.94 and 48.1%.

An important caveat applies: because the “best” and “worst”
configurations are selected as the extremes across 27 condi-
tions, the observed gap is subject to selection optimism and
will tend to overstate the true best—worst difference on new
data. The gap is too large to be explained entirely by sam-
pling variability — the best conditions consistently fall below
the naive baseline while the worst fall above it — but the
precise magnitude should be interpreted as an upper bound.
Future work will evaluate whether the gap holds on the re-
served test set (n = 611).

The comparison with the naive baseline — predicting the
cohort mean for every essay — is what makes these differ-
ences consequential rather than merely descriptive. The
best-calibrated conditions fall below this baseline, indicating
that they extract genuine evaluative signal from the essay
text. The worst conditions fall clearly above it, meaning
that a poorly chosen prompt actively destroys signal that a
trivial heuristic would preserve. The difference between a
good and bad configuration is therefore not one of marginal
refinement but of whether the system functions at all — a
point that the poster will make visible by displaying the full
distribution of the 27 per-model conditions against the base-
line, so that the magnitude of the best—worst spread can be
inspected rather than inferred.

762

Table 2: Condition-level ANOVA: proportion of variance (1?)
in per-condition RMSE explained by each prompt dimension,
estimated separately for each model (n = 27 conditions per
model, 20 residual df). Bootstrap 95% CIs (10,000 resamples)
in brackets. *p < .05, **p < .01, ***p < .001.

Dimension Claude GPT Gemini
A: Criteria ns ns 57%**
29, 78]
B: Calibration 24%* ns ns
[3, 48]
C: Strategy 32%*  35%** ns
6, 56] [8, 60]

3.2 Prompt Sensitivity is Model-Specific

The central question of this work is whether prompting ef-
fects follow general patterns —in which case a universal best-
practice recommendation would be possible — or whether
they are model-contingent. A condition-level ANOVA on
the 27 per-model RMSE values (Table 2) decomposes vari-
ance by prompt dimension under a main-effects model. An
important caveat applies throughout: with only 27 obser-
vations per model and 20 residual degrees of freedom, the
n? values are point estimates with wide confidence inter-
vals, not precise effect sizes; we report bootstrap 95% Cls
(10,000 resamples) to make this uncertainty explicit. With
that in mind, the pattern across models is striking. For
Gemini, criteria specificity accounts for the largest share of
condition-level variance (57%, 95% CI [29, 78], p < .001).
For GPT, scoring strategy accounts for 35% (95% CI [8, 60],
p < .01). For Claude, scoring strategy and calibration to-
gether account for over half (32%, 95% CI [6, 56], p < .01;
and 24%, 95% CI [3, 48], p < .05). No single dimension is
consistently dominant, and dimensions that are significant
for one model are non-significant for another.

Two-way interactions (AxB, AxC, BxC) were tested in
a full model including all main effects and two-way terms
(residual df = 8). No individual interaction reached sig-
nificance at a = .05 for any of the three models, and the



combined interaction terms did not improve model fit over
the main-effects specification. Given the limited residual
degrees of freedom, these null results should not be taken
as evidence that interactions are absent, but they support
treating the main-effects decomposition as a reasonable ap-
proximation.

This pattern is corroborated by a repeated-measures analy-
sis at the essay level (n = 153, each scored under all 27 con-
ditions). Gemini shows the largest total prompt sensitivity
(partial n® = 2.0%, driven by criteria at 1.5%, p < .001),
Claude shows moderate sensitivity (1.2%, spread across cal-
ibration and strategy), and GPT shows the least (0.4%).
The within-essay effects are naturally small in relative terms
— essay quality dominates individual score variance, as it
should. But the practical consequence of prompt sensitiv-
ity operates at the system level, not the essay level: small
per-essay biases that are systematic across a cohort aggre-
gate into the 4-5 point RMSE differences reported in Ta-
ble 1. A prompt configuration that introduces a consistent
directional bias, for instance, may shift each essay by only
2-3 marks, but across a cohort this is enough to meaning-
fully alter the RMSE. The model-specificity of the pattern
is consistent across both levels of analysis, confirming that
the condition-level decomposition reflects a real structural
difference rather than an artefact of low power.

With that caveat, the practical implication is clear: scoring
strategy appears as the largest single dimension for both
Claude and GPT, but the two models differ in which other
dimensions matter (calibration for Claude, none for GPT),
and Gemini is driven by an entirely different dimension (cri-
teria specificity). A practitioner who reads that “scoring
strategy is the most important prompt dimension” and ap-
plies this as a general rule will miss the dimension that
matters most for Gemini and misconfigure calibration for
Claude. For the three models tested here, universal prompt
guidelines do not merely oversimplify — they actively mis-
lead.

4. CONCLUSION

Prompt sensitivity in LLM-based essay scoring appears to
be real, substantial, and model-specific. No single prompt
dimension dominates across the three models tested: scoring
strategy is the primary driver for both Claude and GPT, but
Claude is additionally sensitive to calibration, while Gem-
ini is driven by an entirely different dimension — criteria
specificity. The gap between optimal and worst-case config-
urations spans 4-5 RMSE points per institution on the cal-
ibration set, with poorly chosen prompts performing worse
than a naive baseline — in effect, making the difference be-
tween a scoring system that extracts evaluative signal and
one that removes it completely. For the models tested here,
the results suggest that no universal prompt recipe exists,
and that empirical calibration may be better understood as a
prerequisite for considering deployment than as an optional
refinement.

This pattern carries implications that extend beyond pre-
dictive accuracy. Because the optimal configuration varies
across both models and institutions, a prompt validated
in one setting and imported into another may yield sys-
tematically different scores for substantively similar work,
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with consequences for grading consistency at the cohort level
and for the comparability of marks across institutions. The
institution-level variation in optimal configurations also sug-
gests that prompt sensitivity is not a purely technical arte-
fact but interacts with local marking conventions, which
raises fairness considerations when LLM-generated scores
are used to compare students who have been assessed under
different rubrics or grade distributions. These implications
are tentative given the calibration-only scope of the present
analysis, but they indicate that the choice of prompt may
need to be treated as part of the assessment design itself
rather than as a downstream implementation detail. Atten-
dees at the poster will be able to inspect the per-institution
differences directly and to consider what an empirical cal-
ibration workflow might look like in their own assessment
context.

Several limitations constrain these conclusions. All reported
comparisons are in-sample: the “best” configuration per
model-institution pair is selected by lowest RMSE on
the same calibration set used for evaluation, introducing
optimistic selection bias. The magnitude of the best—worst
gap should therefore be read as an upper bound, and the
findings as preliminary evidence rather than deployment-
ready conclusions; held-out validation on the reserved
test set (n = 611) is needed to establish a de-biased
estimate. The calibration set comprises approximately
50 essays per institution, yielding n? estimates with wide
confidence intervals (Table 2); the qualitative pattern
of model-specificity is more robust than any individual
percentage. Interaction effects between prompt dimensions
were tested and found to be non-significant, but with only
8 residual degrees of freedom the test has limited power,
and the per-dimension attributions should be treated as
approximate. The findings are limited to three models
from three providers evaluated at a single point in time,
and to undergraduate psychology essays marked under
UK conventions; whether the model-specificity pattern
extends to other disciplines, marking scales, or model gen-
erations warrants further investigation. These limitations
notwithstanding, the core practical implication appears
clear: prompt configuration for LLM-based scoring may be
better treated as an empirical calibration problem than as
an authoring decision.
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