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Abstract

Background: Large language models are increasingly used for rubric-based grading, but
it remains unclear whether they adapt selectively when criterion weights change while
the response, criterion definitions, and total score remain fixed. This study examined
whether alternative point allocations produce targeted criterion-level adaptation or broader
grading instability. Methods: A controlled paired design was applied to 1000 student
responses, comprising 500 technical and 500 argumentative answers. Eight local open-
weight LLMs evaluated every response under two analytic rubrics totaling 10 points. One
point was transferred from Clarity to Completeness for technical responses and from
Clarity to Dialecticality for argumentative responses. Of 16,000 expected evaluations,
15,999 were structurally valid, yielding 7999 complete cross-rubric pairs. Model outputs
were analyzed for total-score shifts, affected-criterion adaptation, stability of unaffected
criteria, model-human alignment, and correspondence with differences between two
human evaluation conditions. Results: All models assigned lower mean scores under
Rubric B, with mean shifts ranging from —1.239 to —0.182 points. Adaptation mechanisms
differed substantially across models and response types. gemma3:4b frequently preserved
technical total scores through compensating criterion changes, whereas llama3.1:8b showed
extensive spillover into unaffected criteria. The Qwen models generally produced smaller
total-score reductions and greater stability in unchanged dimensions. The mean score was
0.637 points higher under the human Rubric B condition than under the human Rubric A
condition, although the two conditions were applied by different evaluator pairs; every
model shifted negatively, and the lowest overall shift error was obtained by qwen3:4b
at 1.498 points. Conclusions: Rubric sensitivity did not consistently imply localized or
criterion-consistent adaptation. Reliable evaluation of LLM graders therefore requires
separate analysis of total scores, affected criteria, unaffected criteria, human alignment, and
cross-condition shift correspondence.

Keywords: large language models; automated grading; analytic rubrics; criterion-level
adaptation; rubric sensitivity; score stability; human—AlI alignment; open-weight models

1. Introduction

Large language models have been evaluated for criterion-based grading, in which

student performance is judged against predefined assessment criteria [1]. In analytic
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assessment, a rubric separates performance into distinct criteria and specifies performance
levels for each criterion [2]. When alternative rubric conditions preserve the same overall
scale but redistribute points across criteria, a reliable grader should adjust the contribution
of the affected criteria without reinterpreting unrelated dimensions of the same answer.
This requirement is non-trivial, because LLM-based evaluators have been found to confuse
distinct quality criteria in NLG evaluation settings [3]. RubricAdapt-LLM investigates
whether alternative rubric weighting produces targeted, criterion-consistent score shifts or
broader grading instability.

1.1. Background and Motivation

Automated assessment of constructed responses draws on natural language process-
ing, machine learning, and deep learning approaches [4]. Research encompasses holistic,
prompt-specific, cross-prompt, and trait-specific assessment, together with automated feed-
back generation [5]. LLM-based applications span essay and short-answer assessment [6],
including medical and software engineering education [7,8], and bioinformatics [9]. These
applications motivate systems capable of evaluating natural-language answers that may
express relevant knowledge through different formulations.

LLMs have been investigated for formative assessment and feedback genera-
tion [10,11]. Research on interpretable short-answer scoring also examines how model
evidence could support collaboration between automated and human graders [12]. Never-
theless, promising grading performance does not imply uniform reliability across evalua-
tion settings [13,14]. Agreement, consistency, severity, fairness, and criterion fidelity must
therefore be treated as related but distinct properties of an automated grader.

Rubrics also have educational and measurement functions that extend beyond convert-
ing judgments into numerical scores. A meta-analysis found a moderate positive effect of
rubric use on academic performance, together with smaller pooled effects on self-regulated
learning and self-efficacy [15]. Research on rubric validity emphasizes the importance of
defining observable evidence for different levels of response complexity and aligning the
rubric with the intended assessment objectives [16]. In automated text evaluation, LLM-
Rubric demonstrated how separate rubric questions can operationalize multiple quality
dimensions, while also showing that uncalibrated LLM predictions may disagree with
human judgments [17]. Consequently, the presence of a rubric in the grading prompt
does not by itself demonstrate that each component of that rubric governs the resulting
evaluation as intended.

Existing rubric-based studies have examined the reliability and validity of LLM scores
under a fixed analytic rubric, including assessments of EFL essays [18]. Criterion-specific
investigations have also found that LLM evaluations can remain consistent for certain
dimensions while exhibiting substantially lower agreement for others, with results affected
by both prompt strategy and model architecture [19]. These findings leave unresolved
whether an LLM grader responds locally and proportionally when the scoring importance
of one criterion changes while the student answer and the remaining criteria are held
constant. Distinguishing such legitimate rubric sensitivity from unintended changes in
otherwise unaffected judgments provides the central motivation for RubricAdapt-LLM.

1.2. Related Work and Research Gap

Recent research has increasingly operationalized LLM-based grading through ex-
plicit criteria rather than a single holistic instruction. Across educational and broader
evaluation settings, recent approaches have used criterion-level rubrics, multidimensional
rubric-based metrics, question-specific scoring and deduction rules, and customized fine-
grained evaluation criteria [20-23]. These studies demonstrate that rubric content can
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structure an LLM evaluation, but they primarily assess performance under a selected or
generated rubric. They do not test whether the same evaluator changes only the intended
criterion contributions when two otherwise equivalent rubrics assign different weights to
those criteria.

Criterion-level grading also creates requirements that are not captured by total-score
agreement. Recent multi-trait scoring approaches have combined trait-specific rubric
information, LLM-generated rationales, teacher-aligned multidimensional evaluation, and
explicit modeling of dependencies among trait representations [24-26]. This literature
recognizes both heterogeneity and dependence among evaluation dimensions. However,
neither trait-specific reasoning nor explicit dependency modeling determines whether
judgments for formally unchanged criteria remain invariant when the maximum score of
another criterion is altered.

Prompt-design studies provide further evidence that LLM scoring is conditional on
how assessment instructions are expressed. Recent work has varied prompting strategies,
reflective prompt refinement, automatic prompt engineering, and iterative rubric revision,
showing that changes in examples, reasoning instructions, item context, and rubric formu-
lation can alter scoring behavior [27-30]. These findings establish sensitivity to prompt
construction and rubric formulation, but they combine changes in wording, examples,
reasoning scaffolds, or rubric content. Such interventions are therefore different from a
controlled change in criterion weight under an otherwise frozen evaluation prompt.

Reliability-oriented research has mainly examined repeated-run stability, agreement
across models, and alignment with human graders. Recent studies have combined repeated
LLM grading, intra- and inter-model consistency analysis, and comparisons of grading
behavior across model architectures and human evaluators [31-33]. These results show
that a grader may be reproducible without being interchangeable with other graders or
fully aligned with the intended assessment standard. Repeated-score stability is therefore
insufficient for establishing criterion fidelity under alternative rubric conditions.

The internal use of evaluation dimensions is especially relevant when rubric weights
are modified. Recent studies have identified differences in implicit feature weighting,
criteria-entanglement effects, and broader cognitive biases in LLM-based evaluation, in-
dicating that nominally distinct assessment dimensions may not be processed indepen-
dently [34-36]. These findings raise the possibility that a localized rubric change may alter
the model’s interpretation of additional dimensions rather than only the criterion whose
scoring range has changed.

Taken together, prior work has examined rubric-guided grading, question-specific
rubric generation, multidimensional scoring, prompt and rubric refinement, repeated-run
consistency, model-human agreement, implicit feature weighting, and dependence among
evaluation criteria. To our knowledge, it has not isolated a paired condition in which
the question, student answer, criterion definitions, total score scale, and weights of all
unrelated criteria remain constant while points are transferred between two specified
criteria. This distinction is necessary to separate responsiveness to alternative criterion
weights from broader variation in evaluator behavior. An expected total-score shift does
not by itself demonstrate correct adaptation if criteria unaffected by the modification also
change; conversely, an unchanged total score can conceal compensating shifts across criteria.
The unresolved problem therefore concerns two simultaneous properties: responsiveness
of the affected criteria to the revised weights and stability of the unaffected criteria under
the alternative rubric.
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1.3. Aim, Contributions, and Research Questions

The aim of RubricAdapt-LLM is to examine whether LLM-based graders adapt their
evaluations in a targeted and criterion-consistent manner when criterion weights are modi-
fied under controlled paired conditions. For each model, the same question and student
response are evaluated under two alternative analytic rubrics, both totaling 10 points.
For technical responses, the maximum score assigned to clarity is reduced from three to
two points, while the maximum score assigned to completeness is increased from two to
three points. For argumentative responses, the same reduction is applied to clarity, while
the maximum score assigned to dialecticality is increased from two to three points. All
criterion definitions, the maximum scores of the remaining criteria, and all prompt compo-
nents other than the modified point allocations are preserved. The model configuration,
decoding parameters, response content, and inference procedure are also held constant.
This design enables the observed changes to be examined specifically in relation to the
controlled redistribution of criterion weights.

The study additionally evaluates condition-specific alignment with human assess-
ments. Each rubric condition is associated with evaluations produced by the corresponding
pair of human evaluators, allowing the scores generated by each model to be compared
with human evaluations obtained under the same rubric. Because different evaluator pairs
applied the two rubric conditions, differences between the human evaluation conditions
may reflect both the alternative criterion weights and evaluator-specific scoring tendencies.
The human evaluations are therefore used as rubric-matched comparison points, without
assuming that all differences between the two human conditions are caused exclusively by
the rubric modification. The study does not seek to determine which rubric represents a
universally preferable grading standard.

The study makes four specific contributions. First, it applies a controlled paired design
in which 1000 student responses are submitted to eight open-weight LLMs under two alter-
native rubric conditions, defining 16,000 expected model-response-rubric evaluation tasks.
Second, it distinguishes adaptation in the criteria whose maximum scores are modified
from variation in criteria whose definitions and point allocations remain unchanged. The
analysis considers both total-score differences and the direction, magnitude, and local-
ization of criterion-level changes, including cases in which compensating criterion shifts
produce little or no change in the total score. Third, it evaluates each model against the
human assessments corresponding to each rubric condition and examines the descrip-
tive correspondence between LLM-generated score shifts and the differences observed
between the two human evaluation conditions. Fourth, it compares cross-rubric adaptation,
stability of unaffected criteria, and condition-specific human alignment across the eight
evaluated models and between technical and argumentative responses. These contributions
are limited to the paired experimental conditions and rubric modifications examined in
this study.

The study addresses the following research questions:

RQ1. How closely does each LLM align with the rubric-matched human evaluations
under each rubric condition?

RQ2. How do LLM-generated total scores change when one point is redistributed
between two criteria while the total rubric score remains constant?

RQ3. What are the direction, magnitude, and localization of score changes in the
criteria whose maximum scores are modified?

RQ4. To what extent do criteria whose definitions and maximum scores remain
unchanged preserve stable scores across the two rubric conditions?
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RQ5. How do cross-rubric score shifts, criterion-level stability, and their correspon-
dence with differences between the human evaluation conditions vary across models and
between technical and argumentative responses?

Together, these research questions assess whether alternative criterion weights pro-
duce targeted adaptation without destabilizing unchanged grading dimensions and
whether the resulting score patterns remain aligned with the corresponding human
evaluation conditions.

2. Materials and Methods

This section describes the controlled paired study design, the educational assessment
dataset, the alternative rubric conditions and corresponding human evaluations, the evalu-
ated models and inference protocol, the validation of the structured grading outputs, and
the statistical procedures used to examine cross-rubric score changes.

2.1. Study Design

RubricAdapt-LLM was designed as a controlled paired secondary methodological
analysis of 1000 short open-ended student responses. The assessment set contains 500 tech-
nical and 500 argumentative responses, corresponding to 100 students answering ten
questions. Each response was submitted to eight open-weight LLMs under two alternative
analytic rubric conditions, defining 16,000 model-response—rubric evaluation tasks.

The two rubric conditions originated from the scoring priorities established by two
pairs of human evaluators for the same assessment set. Evaluators E1 and E2 applied
Rubric A, whereas evaluators E3 and E4 applied Rubric B. Thus, the total score and
criterion definitions remained unchanged, while one point was redistributed between two
predefined criteria.

Each of the eight LLMs evaluated every response under both rubric conditions. The
primary paired unit consisted of the two evaluations generated by the same model for the
same student response under Rubric A and Rubric B. This design defined 8000 expected
paired model-response comparisons before output validation. The human evaluations
were used as condition-specific comparison points for assessing model alignment under
each rubric.

Figure 1 summarizes the controlled paired workflow used to generate and organize
the analytical data.

The structured outputs are subsequently validated and paired by student response,
question, model, and rubric condition. The resulting dataset supports the analysis of total-
score shifts, adaptation in the affected criteria, stability of the unaffected criteria, alignment
with rubric-matched human evaluations, and differences across models and response types.
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Figure 1. Controlled paired evaluation workflow used in RubricAdapt-LLM.

2.2. Dataset and Assessment Types

The educational assessment dataset was originally introduced in the GradeAgentOps

study [37]. It contains 1000 short open-ended responses produced by 100 students across ten
university-level assessment questions. Each student answered all ten questions, yielding
100 responses for each item. RubricAdapt-LLM uses the same question texts and student
responses, without modifying their content.

Each record is identified by the corresponding student and question identifiers and
contains the question text and the student’s free-form response. These identifiers were
preserved throughout data preparation and were used to align the two human evaluation
conditions and the LLM-generated outputs at the student—question level.

The assessment set is divided equally into five technical and five argumentative
questions. The technical questions address version control, artificial intelligence, ma-
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chine learning, expert systems, and facial-recognition technologies. The argumentative
questions require students to formulate and justify positions on ethical, educational, and
socio-technical issues related to artificial intelligence and digital technologies. The result-
ing dataset therefore contains 500 technical and 500 argumentative responses. Table 1
summarizes the assessment questions and their classification.

Table 1. Assessment questions and response types.

Question Assessment Type Question Focus
Q1 Technical Version control systems
Q2 Technical Narrow artificial inte.lliger}ce versus general artificial
intelligence
Q3 Technical Naive Bayes classifier
Q4 Technical Search in expert systems
Q5 Technical Facial recognition in security
Q6 Argumentative Facial recognition in public spaces
Q7 Argumentative GitHub versus Moodle for assignment management
Q8 Argumentative Artificial intelligence and ethical decision-making
Q9 Argumentative Personalization algorithms and individual autonomy
Q10 Argumentative The Turing Test and machine intelligence

The two assessment types use different criterion sets. Technical responses are evalu-
ated according to accuracy, clarity, completeness, and terminology, whereas argumentative
responses are evaluated according to clarity, coherence, originality, and dialecticality. The
same criterion definitions are used in both rubric conditions; the conditions differ only in
the point allocations assigned to clarity and completeness for technical responses and to
clarity and dialecticality for argumentative responses.

The balanced structure provides equal sample sizes for the two response types and al-
lows cross-rubric score changes to be examined separately for technical and argumentative
assessment tasks.

2.3. Alternative Rubric Conditions and Human Evaluations

The two analytic rubric conditions were defined by two pairs of human evaluators for
the same assessment set. Evaluators E1 and E2 established Rubric A, whereas evaluators
E3 and E4 established Rubric B. Each pair retained the same four assessment criteria for
technical and argumentative responses and the same total score of 10 points, but assigned
different relative importance to selected criteria when defining its scoring approach. The
resulting rubric conditions therefore represent two human-defined weighting schemes
applied to the same questions and student responses. Table 2 presents the complete criterion
structure and point allocation used under each rubric condition.

Table 2. Criterion point allocations under Rubric A and Rubric B.

Response Type Criterion Rubric A Rubric B
Technical Accuracy 3 3
Technical Clarity 3 2
Technical Completeness 2 3
Technical Terminology 2 2

Argumentative Clarity 3 2
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Table 2. Cont.

Response Type Criterion Rubric A Rubric B
Argumentative Coherence 3 3
Argumentative Originality 2 2
Argumentative Dialecticality 2 3

For technical responses, Rubric A allocated three points to accuracy, three points
to clarity, two points to completeness, and two points to terminology. Under Rubric
B, the allocations for accuracy and terminology remained unchanged, while clarity was
reduced from three to two points and completeness was increased from two to three points.
For argumentative responses, Rubric A allocated three points to clarity, three points to
coherence, two points to originality, and two points to dialecticality. Rubric B preserved
the allocations for coherence and originality, while clarity was reduced from three to
two points and dialecticality was increased from two to three points. In both response
types, the criterion definitions and total available score remained unchanged.

Human scoring was performed by four domain experts, all university academics in
computer science with doctoral-level qualifications and experience in teaching and grading
university-level computer science subjects. The evaluators had previously assessed the
source educational corpus and were therefore familiar with its technical and argumentative
tasks, the grading instructions, and the common 0-10 scoring scale. Before the individual
grading process began, E1 and E2 agreed on how Rubric A would be applied, while E3
and E4 agreed on the application of Rubric B. This pair-level calibration concerned the
scoring approach associated with the corresponding criterion weights. After this stage,
each evaluator independently assessed the complete set of 1000 responses. Evaluators did
not have access to the scores assigned by the other member of the same pair or by the
evaluators working under the alternative rubric condition.

For each response, the evaluators assigned one score to each of the four criteria defined
for the corresponding assessment type. The final score was calculated as the sum of the
criterion-level scores and therefore remained on the common 0-10 scale. The human
grading process did not use the reference answers, gold points, or banned misconceptions
available in the source dataset. Human scores were based exclusively on the question, the
student response, the applicable criterion definitions, and the point allocations specified by
the corresponding rubric.

The four human evaluation sets were aligned at the student-question level. Scores
from E1 and E2 provide the human comparison points for Rubric A, whereas scores from
E3 and E4 provide the corresponding comparison points for Rubric B. These data are used
to evaluate model-human alignment within each rubric condition and to examine whether
score shifts produced by the LLMs correspond descriptively to the differences observed
between the two human evaluation conditions.

Because the two rubric conditions were applied by different evaluator pairs, cross-
condition differences in human scores may reflect both the alternative criterion weights and
evaluator-specific scoring tendencies. The human comparison therefore supports condition-
specific alignment and descriptive shift analysis, but does not permit all differences between
Rubric A and Rubric B to be attributed exclusively to the redistribution of points.

2.4. Evaluated Models and Inference Protocol

The evaluated model set comprised eight open-weight LLMs from four model families,
with two parameter scales represented within each family: Qwen3 [38,39], Gemma 3 [40,41],
Llama 3.1 [42,43], and Phi-4 [44,45]. Table 3 lists the exact model identifiers used throughout
the experiment.
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Table 3. Open-weight models evaluated in RubricAdapt-LLM.

Model Family Ollama Model Identifier = Nominal Parameter Scale
Qwen3 qwen3:4b 4B
Qwen3 qwen3:14b 14B
Gemma 3 gemma3:4b 4B
Gemma 3 gemma3:27b 27B
Llama 3.1 llama3.1:8b 8B
Llama 3.1 llama3.1:70b 70B
Phi-4 phi4-mini:3.8b 3.8B
Phi-4 phi4:14b 14B

All models were served locally through Ollama v0.32.1 [46] and were used without
additional training, fine-tuning, or adaptation on the assessment dataset. Each combina-
tion of model, student response, and rubric condition was processed as an independent
non-streaming generation call without conversational history. For every model-response
pair, the evaluation under Rubric A and the evaluation under Rubric B were therefore
generated separately.

The analytic grading prompt contained the assessment type, question text, student
response, reference answer, expected content elements, and any banned misconceptions
defined for the corresponding question. Expected content elements and their relative
content weights were supplied as common evidence for interpreting the substantive content
of the response and were not added as a separate numerical score. For argumentative
questions, the models were explicitly instructed to evaluate reasoning quality without
penalizing a defensible position solely because it differed from the conclusion presented in
the reference answer. The reference materials were identical under both rubric conditions.

The prompt additionally specified the four criterion definitions, criterion-specific
scoring guidance, and ordinal score anchors for criteria with maximum values of two or
three points. Models were instructed to score the criteria independently, award partial
credit when relevant evidence was present, and avoid transferring unused points between
criteria. No human scores, evaluator identities, or committee labels were supplied to the
models. Between the two paired rubric calls, only the criterion point allocations and the
corresponding permissible score ranges were changed; the remaining prompt content
was preserved.

Each model was required to return a single structured JSON object containing the
four integer criterion scores, an auxiliary confidence category, and a brief rationale. The
permissible range of each criterion score was constrained by the active rubric through a
rubric-specific JSON schema. The model was not asked to generate the final grade. Instead,
the final score was calculated deterministically as the sum of the four validated criterion
scores, producing a value on the common 0-10 scale.

Inference was performed with temperature 0.0, top-p 1.0, top-k 40, seed 42, a context
window of 16,384 tokens, and a maximum generation length of 2048 tokens. Explicit
reasoning mode was disabled. The request timeout was set to 3600 s, and models were
retained in memory for 30 min between calls. The same generation settings were used
under both rubric conditions and across all responses.

Same-rubric repeatability was assessed by independently repeating the evaluation
of all 1000 responses once for each of the eight models under each rubric. The original
evaluations were denoted Al and B1, and the repeated evaluations A2 and B2, yield-
ing 16,000 additional inference calls. Each repeated evaluation used the same prompt
text, rubric-specific output schema, and generation parameters as its corresponding ori-
ginal evaluation.
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The experiments were executed on a 64-bit Windows 11 Education virtual machine
using Python 3.12.10 and Ollama v0.32.1. The system was configured with an AMD EPYC
9654 processor (Advanced Micro Devices, Inc., Santa Clara, CA, USA) using 80 processing
cores, 128 GB of RAM, and an NVIDIA L40S-48Q GPU with 48 GB of video memory
(NVIDIA Corporation, Santa Clara, CA, USA). The execution environment used NVIDIA
driver version 581.42 and CUDA 13.0.

2.5. Output Validation and Reproducibility

Each inference call was constrained by a rubric-specific JSON schema derived from the
response type and the maximum score assigned to each criterion under the active rubric.
The required output contained the criterion scores, an auxiliary confidence category, and a
rationale. The confidence category was retained only as metadata and was not used in the
calculation of the final score or in any statistical analysis. The scores object was required
to contain exactly the four criteria applicable to the technical or argumentative response,
without missing or additional fields. Criterion scores were restricted to integers between
zero and the corresponding rubric-specific maximum. The confidence field accepted
only low, medium, or high, while the rationale was required to contain a non-empty
textual explanation.

Generated outputs were processed through deterministic structural parsing and vali-
dation. Direct JSON responses were parsed without transformation. A limited recovery
procedure was applied when the same JSON object was enclosed in a Markdown code
block or accompanied by additional text. This procedure modified only the response
envelope needed for JSON extraction and did not alter criterion scores, confidence values,
or rationale content. Outputs that remained incompatible with the required structure,
contained incorrect criterion names, used non-integer scores, exceeded the permitted score
ranges, or omitted required content were classified as parse errors.

The final score was not accepted as a model-generated field. For every structurally
valid output, it was calculated deterministically as the sum of the four validated criterion
scores. This procedure ensured that the final value remained on the 0-10 scale and was
internally consistent with the criterion-level evaluation. Valid records were assigned
the status ok, while unsuccessful model requests and structurally invalid outputs were
recorded separately as request_error and parse_error, respectively.

Ollama request failures were retried up to two times after the initial attempt, with a
fixed five-second interval between attempts. Structural parse errors were not semantically
corrected or converted into valid evaluations. Only successfully validated records were
marked as completed. When an interrupted or incomplete run was resumed, completed
tasks were skipped, whereas tasks without a valid record remained eligible for re-execution.

Each evaluation task was identified by the combination of model, response identifier,
and rubric condition. The saved record also contained the student and question identifiers,
assessment type, criterion maxima, criterion scores, calculated final score, confidence
category, rationale, validation status, parsing method, error information, number of request
attempts, processing time, and creation timestamp. For traceability, the complete prompt,
raw model response, selected reference materials, and Ollama generation metadata were
retained with each record.

Run-level artifacts were stored separately using timestamped identifiers. These ar-
tifacts comprised the line-delimited JSON inference output, the resolved experimental
configuration, the execution log, and summary statistics for the corresponding invocation.
The configuration record preserved the selected models, rubric definitions, criterion def-
initions, scoring guidance, score-level anchors, inference parameters, dataset path, and
expected number of tasks. Before execution, the selected models were checked against
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the locally available Ollama models. Resume operations were rejected when the existing
output contained records generated under a different prompt version, preventing results
from different experimental specifications from being combined.

Before statistical analysis, the final output dataset was audited against the 16,000 ex-
pected combinations of 1000 responses, eight models, and two rubric conditions. The
integrity checks verified task uniqueness, the expected number of records for each model
and rubric, the correspondence between criterion names and assessment type, compliance
with rubric-specific score ranges, and equality between each final score and the sum of
its criterion scores. Only structurally valid records were eligible for statistical analysis.
Cross-rubric analyses additionally required valid outputs under both rubric conditions for
the same model-response pair, and missing or invalid scores were not imputed.

2.6. Rubric-Adaptation Metrics and Statistical Analysis

The statistical analysis was conducted on paired evaluations generated for the same
student response by the same model under Rubric A and Rubric B. Let s;,,,,. denote the
score assigned to criterion ¢ for response i, model m, and rubric condition r € {A, B}, and
let M, denote the maximum score permitted for that criterion under the corresponding
rubric. Here, i indexes the 1000 student responses, m indexes the eight evaluated models,
r identifies the rubric condition, and c identifies one of the four criteria applicable to the
response type.

The total score assigned by model m to response i under rubric condition » was
calculated as the sum of the four criterion scores:

4
Timr = Z Simrc- 1)
c=1

Thus, Tj;, 4 and T;,,p represent the total scores assigned to the same response by the
same model under Rubric A and Rubric B, respectively. Because both rubrics total 10 points,
T}, remains on the common 0-10 scale under both conditions.

The cross-rubric total-score shift was defined as:

ATy = T — Tima ()

For a given response i and model m, a positive AT, indicates that the model assigned
a higher total score under Rubric B, a negative value indicates a lower score, and a value
of zero indicates that the final grade remained unchanged. The distribution of AT was
summarized using the mean, median, interquartile range, and the proportions of positive,
negative, and zero shifts. These indicators were calculated overall, separately for each
model, and independently for technical and argumentative responses.

Criterion-level changes were first examined using the raw score difference:

ASimc = SimBc — SimAc (3)

Here, As;y,,c represents the change in the number of points awarded to criterion c when
the same response was evaluated under Rubric B instead of Rubric A. Raw criterion changes
show how each dimension contributed to the observed change in the final 10-point score.

Because the maximum score of the affected criteria changes between the two rubric
conditions, raw scores alone are not sufficient for comparing the model’s relative assessment
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of criterion quality. Each criterion score was therefore also normalized by the maximum
score available under the corresponding rubric:

s:
Pimre = zmrc’O < Pimrc <1 (4)
re
The quantity pj,,. represents the proportion of the available score awarded to criterion
c¢. A value of 0 indicates that no credit was awarded, whereas a value of 1 indicates that the
model awarded the maximum score available for that criterion under the active rubric. The
normalized criterion-level shift was calculated as:

Apimc = PimBc — PimAc (5)

Because Ap;, is a signed difference between two normalized scores, its range is [—1, 1].
Negative values indicate a lower normalized criterion score under Rubric B, positive values
indicate a higher normalized criterion score, and zero indicates no change.

For example, a raw score of 2 for a criterion with a maximum of 3 corresponds to a
normalized score of 2/3, whereas the same raw score under a maximum of 2 corresponds
to a normalized score of 1. Reporting both As;,,. and Ap;,,. therefore distinguishes changes
in the effective point contribution from changes in the proportion of the available criterion
score awarded by the model.

The affected and unaffected criterion sets depended on the response type. For tech-
nical responses, clarity and completeness formed the affected set, whereas accuracy and
terminology formed the unaffected set. For argumentative responses, clarity and dialec-
ticality were affected, whereas coherence and originality were unaffected. These sets are
denoted by Ciaff and Cl»u“aff, respectively, where the applicable set is determined by the type
of response i.

To separate intended adaptation from broader grading variation, profile distance was
also calculated independently for the affected and unaffected criteria:

1
D?nff ) Z | PimBe — PimAc |, (6)
ceCiaff
1
Dy = =Y | Pimbe — Pimac | @)
Cec;maff

Thus, Df‘rff measures the mean normalized change in the two criteria whose point
allocations were modified, whereas D}‘rfl‘aff measures the corresponding change in the two
criteria whose definitions and maximum scores remained identical. Both distances range
from 0 to 1.

Stability of the unaffected criteria was evaluated at two levels. For an individual
unaffected criterion c, exact stability was recorded when:

Asjye = 0. 8)

Joint unaffected-criterion stability was recorded when both unaffected criterion scores
remained identical across Rubric A and Rubric B. The joint stability rate was defined as the
proportion of paired evaluations satisfying this condition. Its complement was defined as
the spillover rate and represents the proportion of cases in which at least one unaffected
criterion changed despite having the same definition and maximum score under both
rubric conditions.
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Directional adaptation was examined using the raw criterion changes because raw
scores determine the final grade. For technical responses, an evaluation was classified as
directionally concordant when clarity did not increase, completeness did not decrease, and
at least one of the two affected scores changed. Formally, this condition required:

ASim,clarity <0, ASim,completeness >0, )

with at least one strict inequality. For argumentative responses, the corresponding condi-
tion was:
ASim,clarity <0, ASirrl,dialecticality >0, (10)

again with at least one affected criterion changing. Evaluations in which clarity increased
or the criterion whose maximum was increased received a lower score were classified as
directionally discordant. Cases in which neither affected criterion changed were classified
separately as insensitive to the localized rubric modification. Directionally concordant
cases were further divided into fully concordant cases, in which Clarity decreased and
the criterion whose maximum increased also increased, and partially concordant cases,
in which only one of these expected changes occurred while the other affected criterion
remained unchanged.

Rubric insensitivity was evaluated at the full-profile level. A paired evaluation was
classified as fully rubric-insensitive when all four raw criterion scores were identical under
Rubric A and Rubric B:

SimAc = SimBc for all c. (11)

The rubric-insensitivity rate was calculated as the proportion of model-response
pairs satisfying this condition. This indicator was interpreted descriptively because an
unchanged profile may be compatible with the content of a particular response, espe-
cially when criterion scores are already at the floor, ceiling, or at values permitted under
both rubrics.

A separate compensating-shift indicator was used to identify cases in which the
final score remained unchanged even though the internal criterion profile changed. A
compensating shift was recorded when:

ATj,, =0 (12)

and at least one As;,,. # 0. The compensating-shift rate therefore measures the proportion
of evaluations in which criterion-level changes would be concealed by analysis of the final
score alone.

Human inter-rater agreement was examined separately within each rubric condition
before model-human comparisons were performed. Under Rubric A, agreement between
El and E2 was quantified using signed bias, mean absolute error (MAE), root mean squared
error (RMSE), quadratic weighted kappa (QWK), and the two-way random-effects, absolute-
agreement, single-measure intraclass correlation coefficient, ICC(2,1). The same indicators
were calculated between E3 and E4 under Rubric B. Criterion-level human agreement
was additionally summarized using exact agreement and MAE for each criterion. These
analyses establish the amount of human variability present within each rubric condition
and avoid treating either individual evaluator as an error-free ground truth.

Model-human alignment was calculated only between scores produced under the
same rubric condition. Under Rubric A, each model was compared separately with E1 and
E2. Under Rubric B, each model was compared separately with E3 and E4. Total-score
alignment was quantified using signed bias, MAE, RMSE, QWK, and exact agreement.
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The evaluator-specific results were retained separately to preserve the human variability
observed within each rubric condition.

Same-rubric repeatability was quantified separately for each model using valid A1-A2
and B1-B2 pairs. Total-score comparisons used signed bias (repeat minus original), MAE,
QWK, and exact agreement; full-profile repeatability required identical scores on all four
criteria. Joint stability and normalized profile distance for the two criteria unaffected
by rubric redistribution were also calculated within each rubric, separately for technical
and argumentative responses. Comparisons with the corresponding A1-B1 measures
used records valid in all four evaluations. These same-rubric measures provided an
empirical baseline for interpreting cross-rubric variation, without isolating a causal effect
of rubric redistribution.

To compare score shifts across the two human evaluation conditions, the mean human
score was calculated separately for each response and rubric. Let H;4 denote the mean
of the scores assigned by E1 and E2 to response i, and let H;p denote the mean of the
corresponding scores assigned by E3 and E4:

E1l; + E2; E3; + E4;
Hyy = oot B2 g B9t B4 (13)
2 2
The human cross-condition score difference was then defined as:
AH; = H;p — H; (14)

Thus, AH; represents the difference between the mean human score obtained under
Rubric B and the mean human score obtained under Rubric A for the same response. It does
not represent a causal rubric effect because the two conditions were applied by different
evaluator pairs.

For each model m, correspondence between the model-generated shift and the human
cross-condition difference was evaluated using the mean absolute shift error:

1 N
MAE, , = NZ| AT;, — AH; |, (15)
i=1

where N is the number of responses with valid paired model outputs and complete human
evaluations. Lower values indicate closer correspondence between the model-generated
score shift and the human cross-condition difference in both direction and magnitude.

The mean model shift and the mean human cross-condition difference were reported
descriptively, together with their signed difference. Exact shift agreement was defined
as the proportion of responses for which the model-generated shift was identical to the
corresponding human cross-condition difference:

AT, = AH; (16)

Because model total scores were integer-valued, model-generated shifts also took
integer values. In contrast, the human cross-condition difference was calculated from the
means of two evaluators under each condition and could therefore take half-point values.
Exact shift agreement was consequently attainable only when the human cross-condition
difference was integer-valued and was interpreted as a strict descriptive measure rather
than as a scale-independent agreement indicator.

Mean absolute shift error was summarized overall and separately for technical and
argumentative responses, whereas exact shift agreement was reported overall. These
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cross-condition comparisons were interpreted descriptively because differences between the
human conditions may reflect both rubric weighting and evaluator-specific scoring tendencies.

All analyses were conducted on paired valid records. A model-response pair was
included in cross-rubric analyses only when valid outputs were available under both
Rubric A and Rubric B. Model-human analyses additionally required the relevant human
evaluations to be present. Missing or invalid scores were not imputed. The number and
distribution of excluded records, if any, were reported for each analysis.

Uncertainty was quantified using 10,000 student-cluster bootstrap resamples. In
each resample, 100 students were sampled with replacement, and all ten responses and
associated human and model evaluations for each selected student were retained together.
This preserved the dependence among responses from the same student and the paired
structure of the two rubric conditions. Percentile-based 95% confidence intervals were then
derived from the resulting bootstrap distributions.

Model-level comparisons were based on student-level aggregate values so that each
student, rather than each individual response, represented the independent analytical unit.
This aggregation avoided treating the multiple responses contributed by the same student
as independent observations. Overall differences among the eight models were examined
using the Friedman test because the same students contributed paired observations for all
models and the analysis did not require a normality assumption for the bounded outcome
measures. Kendall’'s W was reported to quantify the magnitude of the overall cross-model
effect. The six Friedman p-values corresponding to the three outcomes evaluated separately
for technical and argumentative responses were adjusted jointly using the Holm procedure
to control the family-wise error rate across the six related cross-model comparisons. When
a Friedman comparison was statistically significant, paired Wilcoxon signed-rank tests
were used for the 28 model-to-model comparisons because each contrast involved the same
student-level units. Holm adjustment was applied separately within each of the six post
hoc families. Technical-argumentative comparisons were also performed using paired
student-level aggregates because each student contributed responses to both assessment
types. The 24 within-model p-values corresponding to eight models and three outcomes
were adjusted jointly using the Holm procedure. Two-sided adjusted p-values below
0.05 were considered statistically significant, while effect estimates and 95% confidence
intervals were interpreted together with the significance tests. The analysis emphasized the
magnitude and localization of cross-rubric changes rather than statistical significance alone.

3. Results

The analyses were conducted on 1000 student responses, comprising 500 technical and
500 argumentative answers. Each response was graded by eight open-weight LLMs under
both rubric conditions, while four human evaluators provided two independent reference
assessments for each condition. Of the 16,000 initial model evaluations, 15,999 passed the
predefined structural validation procedure; one structurally invalid output was excluded.
This resulted in 7999 complete model-response pairs for the analyses requiring direct
comparison between Rubrics A and B, while condition-specific analyses retained all valid
evaluations available under the corresponding rubric. The repeatability runs A2 and
B2 yielded 16,000 structurally valid evaluations, providing 8000 valid A1-A2 pairs and
7999 valid B1-B2 pairs. Because each student contributed ten responses, the dependence
among responses from the same student was preserved in the statistical analyses through
student-level aggregation and cluster bootstrap resampling.
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3.1. Human Inter-Rater Agreement Under the Two Rubric Conditions

Human scores cannot be treated as perfectly interchangeable reference labels when
two evaluators applying the same rubric may differ in both overall scoring level and
criterion-level point allocation. Inter-rater agreement therefore provides the reference
context required to determine whether subsequent model-human discrepancies remain
within, or extend beyond, the variability observed between human evaluators.

Agreement was examined separately for the two rubric conditions. E1 and E2 in-
dependently evaluated all 1000 student responses under Rubric A, whereas E3 and E4
evaluated the same responses under Rubric B. The analysis was performed both overall
and separately for the 500 technical and 500 argumentative responses. Signed bias was
calculated as the score assigned by the second evaluator minus the score assigned by the
first evaluator. Positive values therefore indicate higher scores from E2 under Rubric A and
from E4 under Rubric B. Table 4 reports the evaluator means together with the error-based
and agreement measures calculated on the final 0-10 score.

Table 4. Human inter-rater agreement on the final 0-10 score.

Rubric and Response Mean Scores, . Exact
Evaluator Pair Tgpe " First/Second Bias [95% CII MAE/RMSE  QWK/ICC(2,1) (%)
A, E1-E2 Overall 1000 4.746/5.415 0.669 [0.507, 0.833] 1.827/2.296 0.678/0.678 16.7
A, E1-E2 Technical 500 5.190/6.038 0.848 [0.660, 1.038] 1.828/2.310 0.654/0.655 18.2
A, E1-E2 Argumentative 500 4.302/4.792 0.490 [0.276, 0.706] 1.826/2.283 0.678/0.678 15.2
B, E3-E4 Overall 1000 5.239/6.195 0.956 [0.861, 1.050] 1.304/1.825 0.783/0.783 28.3
B, E3-E4 Technical 500 5.844/6.892 1.048 [0.902, 1.194] 1.516/2.131 0.711/0.711 25.0
B, E3-E4 Argumentative 500 4.634/5.498 0.864 [0.748, 0.980] 1.092/1.456 0.840/0.841 31.6

Under Rubric A, E1 assigned an overall mean score of 4.746, whereas E2 assigned
a mean score of 5.415. The resulting positive bias of 0.669 points indicates a systematic
tendency for E2 to assign higher final scores. The bootstrap confidence interval remained
above zero, showing that this directional difference was consistently reproduced across
student-level resamples. At the individual-response level, however, the evaluator differ-
ences were not limited to a constant upward shift. The overall MAE was 1.827 points and
the RMSE was 2.296 points, indicating that the scores frequently differed by more than
one point and that some responses produced substantially larger discrepancies. QWK and
ICC(2,1) were both 0.678, while exact agreement on the final score was obtained for 16.70%
of the responses.

The separation by response type shows that the higher scoring tendency of E2 was
more pronounced for technical responses. The technical bias was 0.848 points, compared
with 0.490 points for argumentative responses. Nevertheless, the corresponding MAE
values were almost identical, at 1.828 and 1.826 points, and the RMSE values also remained
close. The principal difference between the two subsets therefore concerned the direction
of the score difference rather than its average absolute magnitude. Agreement was slightly
lower for technical responses, with QWK = 0.654 and ICC(2,1) = 0.655, compared with
0.678 for both measures in the argumentative subset.

Under Rubric B, E3 assigned an overall mean score of 5.239 and E4 assigned a mean
score of 6.195. The positive bias of 0.956 points was larger than that observed within the
Rubric A pair and remained positive for both response types. Despite this larger difference
in mean scoring level, E3 and E4 produced smaller response-level errors, with an overall
MAE of 1.304 points and RMSE of 1.825 points. Their QWK and ICC(2,1) values were both
0.783, and exact agreement reached 28.30%.

This combination of a larger bias and stronger agreement suggests that the difference
between E3 and E4 contained a stronger systematic component than the difference observed
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between E1 and E2. Bias measures the direction and average size of the difference, whereas
MAE, RMSE, QWK, and ICC(2,1) describe how closely the paired scores correspond across
individual responses. The E3-E4 pair therefore differed more clearly in overall scoring
severity but preserved a closer response-level scoring pattern.

Agreement under Rubric B was stronger for argumentative than for technical re-
sponses. For the argumentative subset, the MAE decreased to 1.092 points and the RMSE
to 1.456 points, while QWK and ICC(2,1) increased to 0.840 and 0.841, respectively. Exact
agreement reached 31.60%. Technical responses produced a larger MAE of 1.516 points,
a larger RMSE of 2.131 points, and QWK and ICC(2,1) values of 0.711. The positive bias
remained substantial in both subsets, reaching 1.048 points for technical responses and
0.864 points for argumentative responses.

The values obtained for the two rubric conditions should be interpreted as charac-
teristics of their respective evaluator pairs. Because Rubric A and Rubric B were applied
by different evaluators, the differences between E1-E2 and E3-E4 cannot be attributed
exclusively to the alternative criterion weights. They may also reflect evaluator-specific dif-
ferences in scoring severity and in the interpretation of individual response characteristics.

Total-score agreement does not indicate how the observed differences were distributed
across the four analytic criteria. Two evaluators may assign similar final scores while dis-
tributing points differently, or they may produce a positive total-score bias concentrated in
only one or two dimensions. Criterion-level agreement was therefore examined separately
for technical and argumentative responses. Table 5 reports the mean scores assigned by the
two evaluators, the MAE, and the exact agreement rate for each active criterion.

Table 5. Criterion-level human inter-rater agreement under the two rubric conditions.

Rubric and Response Criterion Mean Scores, o
Evaluator Pair Type (Maximum) First/Second MAE Exact (%)

A, E1-E2 Technical Accuracy (3) 1.364/1.812 0.916 41

A, E1-E2 Technical Clarity (3) 2.542/2.026 0.564 52.2
A, E1-E2 Technical Completeness (2) 0.560/1.012 0.564 50.8
A, E1-E2 Technical Terminology (2) 0.724/1.188 0.592 44.6
A, E1-E2 Argumentative Clarity (3) 2.276/1.718 0.598 46

A, E1-E2 Argumentative ~ Coherence (3) 1.210/1.442 0.844 37.2
A, E1-E2 Argumentative  Originality (2) 0.300/0.798 0.558 55.4
A, E1-E2 Argumentative  Dialecticality (2) 0.516/0.834 0.518 55

B, E3-E4 Technical Accuracy (3) 1.668/1.918 0.498 59.2
B, E3-E4 Technical Clarity (2) 1.658/1.726 0.272 78.2
B, E3-E4 Technical Completeness (3) 1.336/1.920 0.704 37.8
B, E3-E4 Technical Terminology (2) 1.182/1.328 0.314 69.4
B, E3-E4 Argumentative Clarity (2) 1.466/1.770 0.388 61.2
B, E3-E4 Argumentative =~ Coherence (3) 1.354/1.592 041 63

B, E3-E4 Argumentative  Originality (2) 0.558/1.144 0.586 48.8
B, E3-E4 Argumentative  Dialecticality (3) 1.256/0.992 0.508 57.4

Under Rubric A, the higher technical scores assigned by E2 were not produced by
a uniform increase across all four criteria. E2 assigned higher mean scores for Accuracy,
Completeness, and Terminology, but assigned a lower mean score for Clarity. Accuracy
showed the largest technical discrepancy, with evaluator means of 1.364 and 1.812, an
MAE of 0.916 points, and exact agreement of 41.00%. Clarity and Completeness produced
the same MAE of 0.564 points, although their differences occurred in opposite directions.
E1 assigned higher Clarity scores, whereas E2 assigned higher Completeness scores. The
positive technical total-score bias therefore resulted from increases in three dimensions that
were partially offset by lower Clarity scores.

https://doi.org/10.3390/informatics13090149


https://doi.org/10.3390/informatics13090149

Informatics 2026, 13, 149

18 of 45

The Rubric A argumentative results followed a similar criterion-specific pattern. E1
assigned a higher mean Clarity score than E2, at 2.276 compared with 1.718. In contrast,
E2 assigned higher mean scores for Coherence, Originality, and Dialecticality. Coherence
showed the largest disagreement in this subset, with an MAE of 0.844 points and the lowest
exact agreement rate, at 37.20%. Originality and Dialecticality showed the highest exact
agreement rates, at 55.40% and 55.00%, respectively. The positive argumentative bias of
E2 was therefore generated by higher scores in three dimensions rather than by a general
increase applied to the complete rubric.

Under Rubric B, E4 assigned higher mean scores than E3 for all four technical criteria.
The largest difference occurred for Completeness, where the mean score increased from
1.336 to 1.920. This criterion also produced the largest technical MAE, at 0.704 points, and
the lowest exact agreement, at 37.80%. By contrast, Clarity showed the closest agreement,
with an MAE of 0.272 points and exact agreement of 78.20%. Accuracy and Terminology
also showed comparatively high exact agreement rates, at 59.20% and 69.40%. The overall
technical difference between E3 and E4 was therefore driven primarily by Completeness.

For argumentative responses under Rubric B, E4 assigned higher mean scores for
Clarity, Coherence, and Originality, but a lower mean score for Dialecticality. Originality
produced the largest positive difference between the two evaluators, increasing from
0.558 to 1.144, and also showed the largest MAE in this subset, at 0.586 points. Coherence
produced the highest exact agreement rate, at 63.00%, followed by Clarity at 61.20%.
Dialecticality followed the opposite direction, with a mean score of 1.256 for E3 and
0.992 for E4. Thus, the positive argumentative total-score bias of E4 did not correspond to
uniformly higher scores across all rubric dimensions.

Taken together, the human evaluations exhibited both systematic differences in overall
scoring level and criterion-specific differences in point allocation. The two evaluator
pairs preserved a meaningful correspondence across responses, but their scores were not
interchangeable at either the final-score or criterion level. These findings establish the
human-agreement baseline for interpreting the rubric-matched model-human results.

3.2. Rubric-Matched Model-Human Alignment

The model-generated scores were compared with the human evaluations obtained
under the corresponding rubric condition. This rubric-matched comparison is necessary
because Rubrics A and B assign different point maxima to two criteria, and model scores
generated under one allocation should not be evaluated against human scores obtained
under the alternative allocation. Accordingly, model outputs generated under Rubric A
were compared separately with E1 and E2, whereas the outputs generated under Rubric B
were compared separately with E3 and E4.

The human evaluators were retained as separate reference points rather than being
averaged into a single score. This preserves the evaluator-level variability observed within
each rubric condition and avoids treating two non-identical human judgments as an
interchangeable ground truth. Signed bias was calculated as the model score minus the
human score; positive values therefore indicate that the model assigned higher scores,
whereas negative values indicate lower model scores. MAE quantifies the magnitude of the
response-level differences, while QWK measures agreement across the ordered 0-10 scale.
Exact agreement represents the proportion of responses for which the model and the
corresponding evaluator assigned the same final score.

All comparisons included 1000 matched responses, except for phi4-mini:3.8b under
Rubric B, for which one structurally invalid output reduced the available sample to 999. In
Table 6, H1/H?2 denotes E1/E2 under Rubric A and E3/E4 under Rubric B.
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Table 6. Overall rubric-matched model-human alignment.
. Bias MAE QWK Exact
Rubric Model H1/H2 H1/H2 H1/H2 H1/H2 (%)
A qwen3:4b —0.016/—-0.685  1.364/1.901 0.704/0.634 22.30/18.40
A qwen3:14b 0.730/0.061 1.442/1.699 0.706/0.708 22.00/19.10
A gemma3:4b 1.908/1.239 2.174/2.179 0.501/0.540 12.90/14.60
A gemma3:27b 1.792/1.123 1.998/1.977 0.547/0.605 16.50/17.00
A llama3.1:8b 1.312/0.643 1.846/1.963 0.562/0.597 17.70/16.90
A llama3.1:70b 0.169/—0.500 1.315/1.684 0.749/0.719 22.90/19.80
A phi4-mini:3.8b 0.426/—0.243 1.654/2.313 0.451/0.414 18.60/10.50
A phi4:14b 1.354/0.685 1.794/1.795 0.604/0.662 18.90/19.10
B qwen3:4b —0.691/—1.647 1.489/2.105 0.706/0.606 23.60/14.70
B qwen3:14b —0.126/-1.082  1.250/1.674 0.761/0.691 25.20/20.60
B gemma3:4b 1.131/0.175 1.671/1.509 0.638/0.709 18.60/22.30
B gemma3:27b 0.295/—0.661 1.235/1.505 0.750/0.736 28.10/19.60
B llama3.1:8b —0.420/-1.376  1.478/2.060 0.637/0.527 18.90/11.80
B llama3.1:70b —0.955/—-1.911  1.425/2.209 0.697/0.555 23.70/12.50
B phi4-mini:3.8b —0.796/—-1.752 1.925/2.480 0.349/0.299 11.51/11.91
B phi4:14b —0.140/-1.096  1.276/1.768 0.714/0.636 25.80/16.10

Under Rubric A, the direction and magnitude of the bias depended on the evalu-
ator selected as reference. qwen3:4b was almost perfectly centered relative to E1, with
a bias of —0.016 points, but underestimated E2 by 0.685 points. Conversely, qwen3:14b
overestimated E1 by 0.730 points while differing from E2 by only 0.061 points.

Llama3.1:70b produced the strongest overall response-level alignment under Rubric
A. It obtained the lowest MAE relative to both E1 and E2, at 1.315 and 1.684 points, respec-
tively, together with the highest corresponding QWK values, at 0.749 and 0.719. qwen3:4b
and qwen3:14b also showed comparatively strong alignment, although their relative per-
formance differed between the two human references and across the individual metrics.

The two Gemma models assigned substantially higher scores than both Rubric A
evaluators. Their biases ranged from 1.123 to 1.908 points, while their MAE values were
close to or above two points. Their QWK values were also lower than those obtained by
the Qwen models and llama3.1:70b, indicating that the disagreement was not limited to a
uniform increase in mean scoring level. phi4-mini:3.8b showed a different pattern. Its QWK
values were only 0.451 and 0.414. Thus, a moderate bias did not necessarily correspond to
close response-level agreement.

Most models underestimated E4, with negative biases exceeding one point for
qwen3:4b, qwen3:14b, llama3.1:8b, llama3.1:70b, phi4-mini:3.8b, and phi4:14b. gemma3:4b
was the only model with a positive bias relative to E4, at 0.175 points. However, this small
bias did not correspond to the lowest response-level error.

Gemma3:27b produced the lowest overall MAE under Rubric B relative to both E3 and
E4, at 1.235 and 1.505 points, respectively. It also obtained QWK values of 0.750 and 0.736.
qwen3:14b achieved the highest overall QWK relative to E3, at 0.761, while maintaining a
similarly low MAE of 1.250 points. Relative to E4, gemma3:27b produced the highest QWK,
whereas gemma3:4b yielded a similar MAE but a lower QWK. The models therefore differed
according to whether alignment was characterized by average error, ordinal agreement, or
signed bias.

Phi4-mini:3.8b showed the weakest overall alignment under Rubric B. Its MAE reached
1.925 points relative to E3 and 2.480 points relative to E4, while QWK decreased to 0.349 and
0.299. The model also produced the lowest exact-agreement rate relative to E3 and one
of the lowest rates relative to E4. Its sample contained 999 responses because the single
structurally invalid output identified during validation occurred for this model under
Rubric B; the missing score was not imputed.
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Exact final-score agreement remained limited across all models. Under Rubric A,
the highest rates were 22.90% relative to E1 and 19.80% relative to E2, both obtained by
llama3.1:70b. Under Rubric B, the maximum exact-agreement rate relative to E3 was 28.10%
for gemma3:27b, whereas gemma3:4b reached the highest value relative to E4, at 22.30%.
These values reinforce the distinction between exact score reproduction and broader ordinal
agreement, as several models achieved comparatively high QWK values while matching
the human score exactly in fewer than one-third of the responses.

The strongest model-human results were numerically comparable to the aggregate
human-human agreement observed on the same 0-10 scale. Under Rubric A, the human-
human MAE, QWK, and exact agreement were 1.827, 0.678, and 16.7%, respectively,
whereas the best model-human values across E1 and E2 ranged from 1.315 to 1.684 for
MAE, from 0.719 to 0.749 for QWK, and from 19.8% to 22.9% for exact agreement. Under
Rubric B, the corresponding human-human values were 1.304, 0.783, and 28.3%, while the
best model-human values across E3 and E4 ranged from 1.235 to 1.505, from 0.736 to 0.761,
and from 22.3% to 28.1%, respectively. Thus, the strongest model-human correspondence
was comparable to or greater than human-human agreement under Rubric A, whereas
under Rubric B it was comparable for some evaluator-metric combinations but weaker
for others.

The overall values may conceal differences between technical and argumentative
responses. Figure 2 therefore presents MAE and QWK separately for the two response
types and for each rubric-matched evaluator.
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(d) QWK under Rubric B
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Figure 2. Rubric-matched model-human alignment by response type.

Under Rubric A, llama3.1:70b showed the most consistent alignment across response
types. It obtained the lowest MAE and the highest QWK relative to E1 for both technical and
argumentative responses. Relative to E2, qwen3:14b performed slightly better for technical
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responses, with an MAE of 1.678 and QWK of 0.706, whereas 1lama3.1:70b showed the
strongest argumentative alignment, with an MAE of 1.648 and QWK of 0.736. The model
most closely aligned with one evaluator or response type was therefore not necessarily the
closest under all matched comparisons.

For several models, argumentative responses produced stronger alignment than tech-
nical responses under Rubric A. This difference was particularly visible for llama3.1:8b
relative to E1, for which QWK increased from 0.358 for technical responses to 0.689 for ar-
gumentative responses, and for gemma3:27b, for which the corresponding values increased
from 0.440 to 0.625. The pattern was not universal, however. qwen3:4b showed a lower
argumentative MAE relative to E1 but a substantially higher argumentative MAE relative to
E2, demonstrating that the response-type difference also depended on the human evaluator
used as reference.

Under Rubric B, gemma3:27b showed the strongest ordinal agreement for argumen-
tative responses, with QWK values of 0.798 relative to E3 and 0.760 relative to E4. It also
produced the lowest MAE relative to E3, at 1.092 points. Relative to E4, however, the
lowest argumentative MAE was obtained by gemma3:4b, at 1.370 points, closely followed
by gemma3:27b at 1.380 points. qwen3:14b also showed strong argumentative alignment,
particularly relative to E3, where QWK reached 0.778.

For technical responses under Rubric B, the strongest model depended on the metric
and evaluator. phi4:14b produced the lowest MAE relative to E3, whereas qwen3:4b
obtained the highest technical QWK relative to both E3 and E4. The difference between
these results again shows that the smallest absolute error and the strongest preservation of
score ordering do not necessarily identify the same model.

The response-type analysis also identified models for which alignment changed sub-
stantially between assessment categories. qwen3:4b aligned more closely with the Rubric B
evaluators on technical responses than on argumentative responses, particularly relative to
E4, where QWK decreased from 0.664 to 0.475. In contrast, qwen3:14b, gemma3:27b, and
llama3.1:70b generally produced stronger ordinal agreement for argumentative responses.
phi4-mini:3.8b remained weak across both categories and reached its lowest QWK values
for argumentative responses under Rubric B, at 0.286 relative to E3 and 0.245 relative to E4.

Taken together, the model-human comparisons show that alignment cannot be repre-
sented by a single evaluator-independent ranking. The observed results depended jointly
on the active rubric, the individual human evaluator, the response type, and the metric
used to characterize agreement. Some models reproduced a human mean closely while
showing weaker response-level correspondence, whereas others maintained low MAE and
high QWK despite a systematic directional bias. These results provide the rubric-matched
reference required for examining how the same models modified their scores when the
criterion weights were redistributed.

3.3. Total-Score Shifts Under Alternative Rubrics

Same-rubric repeatability varied substantially across models. Pooled across all models,
A1-A2 and B1-B2 showed exact final-score agreement of 59.63% and 59.29%, MAE of
0.536 and 0.569 points, and QWK of 0.920 and 0.907, respectively. Signed bias (repeat minus
original) was +0.028 points under Rubric A and +0.397 points under Rubric B. Across
both rubrics, the two Qwen models achieved 89.30-95.80% exact final-score agreement,
compared with 23.92-75.90% for the other models. Thus, identical prompts and generation
parameters did not ensure identical final scores.

To determine whether the redistribution of criterion maxima affected the final scores
assigned by the models, the Rubric A and Rubric B evaluations were paired for the same
model and response. For each paired model-response evaluation, the total-score shift,
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AT;,,, was calculated by subtracting the Rubric A total score from the corresponding Rubric
B total score, as specified in Equation (2).

Negative values therefore indicate a lower score under Rubric B, zero indicates an
unchanged final score, and positive values indicate a higher score under Rubric B. Because
both rubrics retained the same maximum total of 10 points, the observed shifts cannot be
explained by a mechanical reduction in the number of available points. They may, however,
include both rubric-related changes and run-to-run variability.

The analysis included 7999 complete and valid Rubric A-Rubric B pairs. Each model
contributed 1000 paired responses, except phi4-mini:3.8b, for which the structurally invalid
Rubric B output identified during validation reduced the available sample to 999. No score
was imputed for the excluded response. Mean shifts and their 95% confidence intervals
were estimated using 10,000 student-cluster bootstrap replicates. Table 7 reports the overall
shift, its median and interquartile range, the mean shifts for technical and argumentative
responses, and the proportions of responses for which the total score decreased, remained
unchanged, or increased.

Table 7. Total-score shifts between Rubric A and Rubric B.

Model Overall Mean AT Median Technical Mean Argumentative Mean AT Decrease/Unch-
[95% CII (IQR) AT [95% CI] [95% CI] anged/Increase (%)
qwen3:4b —0.182 [—0.258, —0.108] 0.000 (1.000) —0.136 [-0.252, —0.026] —0.228 [-0.322, —0.132] 31.10/46.90/22.00
qwen3:14b —0.363 [—0.415, —0.312] 0.000 (1.000) —0.278 [—0.346, —0.212] —0.448 [—0.534, —0.364] 34.10/55.70/10.20
gemma3:4b —0.284 [-0.350, —0.216] 0.000 (1.000) —0.264 [—0.338, —0.188] —0.304 [-0.412, —0.198] 34.20/52.10/13.70
gemma3:27b  —1.004 [—1.070, —0.938]  —1.000 (1.000)  —0.998 [~1.070, —0.924]  —1.010 [—1.102, —0.920] 73.70/24.70/1.60
llama3.1:8b —1.239 [-1.346, —1.131] —1.000 (2.000) —1.594 [-1.690, —1.492] —0.884 [-1.070, —0.694] 73.70/15.00/11.30
llama3.1:70b —0.631 [—0.709, —0.557] —1.000 (1.000) —0.746 [—0.830, —0.666] —0.516 [-0.620, —0.416] 51.90/41.10/7.00
phi4-mini:3.8b —0.731 [—0.816, —0.646] —1.000 (2.000) —0.818 [-0.916, —0.724] —0.644 [—-0.812, —0.482] 55.26/28.43/16.32
phi4:14b —1.001 [—1.089, —0.913] —1.000 (2.000) —1.362 [—1.440, —1.280] —0.640 [-0.776, —0.508] 66.80/26.90/6.30

All eight models assigned lower mean total scores under Rubric B than under Rubric
A, and the 95% bootstrap confidence interval for the mean shift remained entirely below
zero for every model. The magnitude of the reduction nevertheless varied substantially.
qwen3:4b showed the smallest overall change, with a mean shift of —0.182 points, followed
by gemma3:4b at —0.284 and qwen3:14b at —0.363. At the other end of the distribution,
llama3.1:8b produced the largest reduction, at —1.239 points, while gemma3:27b and
phi4:14b each reduced their scores by approximately one point on average.

The median shift was zero for qwen3:4b, qwen3:14b, and gemma3:4b, whereas the
remaining five models had a median shift of —1 point. The negative mean shifts therefore
arose from different response-level distributions rather than from a uniform one-point
reduction across all models and responses.

The directional proportions further distinguish the observed behaviors. Qwen3:14b
and gemma3:4b retained the same total score in more than half of the responses, while
qwen3:4b also showed a comparatively high unchanged proportion. Despite this stability,
decreases remained more frequent than increases for all three models, producing negative
average shifts.

In contrast, gemma3:27b and llama3.1:8b reduced the total score in nearly three-
quarters of the paired evaluations, and phi4:14b also showed a predominantly negative
response. These models therefore reacted to the alternative criterion allocation primarily
by reducing the final score rather than by preserving or increasing it.

The overall results combine technical and argumentative responses, although the two
assessment types redistribute points between different pairs of criteria. Figure 3 separates
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the direction of the total-score shifts by response type to show whether the aggregated
patterns were consistent across the two categories.
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Figure 3. Direction of total-score shifts by model and response type.

For qwen3:4b, qwen3:14b, and gemma3:4b, unchanged scores represented the largest
category for both response types. qwen3:14b preserved the technical score in 61.60% of the
paired evaluations and the argumentative score in 49.80%, while gemma3:4b retained the
corresponding scores in 57.80% and 46.40% of cases. qwen3:4b exhibited the most balanced
distribution for technical responses: 29.00% decreased, 44.60% remained unchanged, and
26.40% increased. Its technical mean shift was consequently limited to —0.136 points.
For argumentative responses, the decrease proportion rose to 33.20% and the increase
proportion declined to 17.60%, producing a more negative mean shift of —0.228 points.

qwen3:14b and gemma3:4b also showed somewhat larger reductions for argumen-
tative responses than for technical responses. For qwen3:14b, the mean shift changed
from —0.278 for technical responses to —0.448 for argumentative responses, while the
proportion of decreases increased from 29.80% to 38.40%. The corresponding mean shifts
for gemma3:4b were —0.264 and —0.304. Although these differences were smaller than
those observed for several other models, they show that the effect of the alternative rubric
was not necessarily identical across response categories even among models that frequently
preserved the original total score.

gemma3:27b showed the most consistent negative response across the two assessment
types. Its mean shifts were —0.998 for technical responses and —1.010 for argumentative
responses, with closely overlapping bootstrap intervals. The model reduced the technical
score in 78.00% of cases and the argumentative score in 69.40%, while increases occurred
in only 1.40% and 1.80%, respectively. The similarity of the mean changes indicates that
its approximately one-point overall reduction was not driven predominantly by either
response category.

The strongest response-type differences were observed for llama3.1:8b and phi4:14b.
llama3.1:8b reduced technical scores by an average of 1.594 points, compared with 0.884
points for argumentative scores. Technical scores decreased in 85.20% of responses and
increased in only 1.20%, whereas argumentative scores decreased in 62.20% and increased
in 21.40%. Thus, the negative effect remained present for both assessment types but was
considerably stronger and more uniform for technical responses.
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A similar pattern occurred for phi4:14b. Its mean technical shift was —1.362 points,
compared with —0.640 points for argumentative responses. The technical score decreased
in 83.80% of cases and increased in only 0.60%. For argumentative responses, decreases ac-
counted for 49.80%, unchanged scores for 38.20%, and increases for 12.00%. The aggregated
reduction of approximately one point for this model therefore concealed a pronounced
concentration of the effect in the technical subset.

llama3.1:70b and phi4-mini:3.8b also showed larger reductions for technical than for
argumentative responses, although the differences were less pronounced. For llama3.1:70b,
the mean shifts were —0.746 and —0.516 points, respectively. For phi4-mini:3.8b, they were
—0.818 and —0.644 points. In both cases, technical responses contained higher proportions
of decreases and lower proportions of increases than argumentative responses.

Taken together, the results show that all evaluated models assigned lower mean total
scores under Rubric B than under Rubric A, but the magnitude and response-level structure
of that change were model dependent. Some models preserved the same final score for
approximately half or more of the responses, while others reduced scores in more than
two-thirds of the paired evaluations. The differences between technical and argumentative
responses further indicate that a model’s aggregate shift may conceal assessment-type-
specific behavior.

An unchanged total score does not, however, necessarily imply an unchanged criterion
profile. A decrease in one criterion may be offset by an increase in another, leaving the final
score unchanged despite a substantive redistribution of points.

3.4. Adaptation of the Affected Criteria

Total-score shifts do not indicate which criterion scores changed when the alternative
point allocation was applied. The analysis was therefore extended to the two criteria whose
maxima differed between Rubrics A and B. For technical responses, the maximum assigned
to Clarity decreased from 3 to 2 points, whereas the maximum assigned to Completeness
increased from 2 to 3 points. For argumentative responses, the corresponding redistribution
involved Clarity and Dialecticality.

Criterion changes were examined on both the raw and normalized scales. Raw shifts
represent the difference between the criterion scores assigned under Rubrics B and A and
therefore show how the criterion’s direct contribution to the 10-point final score changed.
Normalized shifts compare the proportion of the rubric-specific maximum awarded to
the response. The two measures are not interchangeable: a criterion may receive fewer
raw points under a reduced maximum while receiving a larger proportion of the points
available under that rubric.

Table 8 reports the mean shifts for the two affected criteria and the normalized affected-
profile distance, D?/f. In the paired columns, C denotes Clarity and G denotes the criterion
whose maximum increased: Completeness for technical responses and Dialecticality for
argumentative responses. FPI denotes full-profile insensitivity, defined as an identical
four-criterion score profile across the two rubrics, whereas CS denotes a compensating
shift, in which the total score remained unchanged despite at least one criterion-level
modification. Each model-response-type comparison contained 500 complete pairs, except
for phi4-mini:3.8b on technical responses, for which 499 pairs were available.
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Table 8. Adaptation of the criteria affected by the alternative point allocations.
Model and Response Type Rtag‘gr%A (?I/]G Norn;;;iozegl? ¢/G 9 SD%T jifl] FI:E/{ES

qwen3:4b—Technical oo 6[’[82’303'0;072?41/ g-(}ff[[f-gﬁfl?gfg] 0.171[0.162, 0.179] 18.20/26.40
qwen3:4b—Argumentative ’0‘5%58 039268 0}%2138]/ By [[(2)"10%23',%'107287]]/ 0.147 [0.136, 0.158] 46.20/3.00
qwen3:14b—Technical o5 6[’[&620;' Ofﬁgfg]/ o [[9'8%96’2%20?2)%] 0150 [0.138, 0.161] 35.20/26.40
qwen3:14b—Argumentative _0'8%221 6[I(§). 157(.)20 0?2%8?4]/ B g '011183 [[9'8_%%5?'%1_2)63] 0.154 [0.145, 0.164] 39.60/10.20
gemma3:4b—Technical _0'3%‘;2[_[8 '8858' 0;%:;38]/ g &3’; [[2'8_%'6?'8%52]3/] 0.085 [0.072, 0.099] 4.20/53.60
gkl Gmloshoosal GmOmeEl newsom s
gemma3:27b—Technical _Oggigggfg 2’0;%3]26]/ o [[9'8.%‘;3?'910%2] 0.082 [0.076, 0.088] 420/16.40
e e O Y T TR e e
llama3.1:8b—Technical ’1‘886%2[’[01. '51623' 0f616'2f2]/ ’0‘8%225’[8 '&7;' 0?0%2?1]/ 0.128 [0.116, 0.140] 1.80/11.80

iGN e e S oo e
llama3.1:70b—Technical o 6233(5’[8?128' 0}%;?4]/ e [[’_%%0785"0;0%11{1] 0.174 [0.163, 0.184] 27.40/12.60
el SR Gen e onmsoon a0
phi4-mini:3.8b—Technical _0'3_%294[I&£§22"1f0%§f0]/ _0'5_1139[_[8385;'01%%7 o 0.275 [0.265, 0.286] 1.20/24.05
R e S mem el s e

phi4:14b—Technical _0'3%2[_[869;‘;'0107'2]161/ oy [[:8'1021;' 8’8%29]6/] 0.102 [0.096, 0.109] 7.60/8.00
phi4:14b— Argumentative —0860[0946, —0.774]/ —0.066[-0.090, ~0.041]/ 0.173[0.163, 0.183] 20.20/18.00

0.222[0.176, 0.268]

—0.027 [-0.049, —0.004]

On the raw scale, the Clarity score decreased for every model and response type,
and all corresponding confidence intervals remained below zero. The magnitude of the
decrease varied considerably. For technical responses, the mean reduction ranged from
0.546 points for qwen3:14b to 1.084 points for llama3.1:8b. For argumentative responses,
the smallest decrease was observed for qwen3:4b, at 0.282 points, whereas phi4-mini:3.8b
reduced Clarity by 1.064 points on average.

The criterion whose maximum increased generally received more raw points under
Rubric B. Completeness increased significantly for every model on technical responses,
with mean changes ranging from 0.132 points for phi4:14b to 0.994 points for phi4-mini:3.8b.
Dialecticality also increased for most models, although the changes were considerably
smaller. For llama3.1:8b and phi4-mini:3.8b, the mean increases were only 0.018 and 0.014
points, respectively, and their confidence intervals included zero.

The balance between the two raw changes differed across models. gemma3:4b showed
a nearly symmetric technical redistribution, with Clarity decreasing by 0.824 points and
Completeness increasing by 0.882 points. phi4-mini:3.8b showed an even closer balance,
at —0.982 and 0.994 points. These patterns are consistent with the high compensating-
shift rates observed for the two models, because changes in opposite directions frequently
cancelled at the total-score level. In contrast, for gemma3:27b, llama3.1:8b, and phi4:14b, the
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reduction in technical Clarity substantially exceeded the gain in Completeness, contributing
to their more negative total-score shifts.

The normalized results provide a different view of the same changes. qwen3:4b and
qwen3:14b awarded fewer raw Clarity points under Rubric B but increased the proportion
of the reduced Clarity maximum awarded to technical responses by 0.102 and 0.108,
respectively. A similar pattern appeared for argumentative Clarity in qwen3:4b, qwen3:14b,
and gemma3:4b. These models therefore reduced the criterion’s numerical contribution
to the final score without evaluating the responses more strictly relative to the new two-
point scale.

Other models reduced both the raw Clarity score and its normalized proportion. This
pattern was particularly pronounced for phi4-mini:3.8b, whose normalized Clarity shifts
were —0.117 for technical responses and —0.188 for argumentative responses. llama3.1:8b
and phi4:14b also showed negative normalized changes for both response types. For these
models, the Clarity reduction was not merely the arithmetic consequence of the lower
maximum; it was accompanied by a lower share of the available criterion points.

The converse occurred for the criteria whose maxima increased. A positive raw
shift did not necessarily imply an increased normalized score. qwen3:14b, gemma3:27b,
llama3.1:70b, and phi4:14b awarded more raw Completeness points under Rubric B but
a smaller proportion of the new three-point maximum. The same pattern was visible for
argumentative Dialecticality in most models. qwen3:4b was the only model for which
the normalized Dialecticality shift was clearly positive, at 0.015, whereas several models
showed small but consistently negative normalized shifts despite assigning slightly more
raw points.

The affected-profile distance, D%, summarizes the magnitude of the normalized
changes without indicating whether they occurred in the expected direction. The highest
values were obtained by phi4-mini:3.8b for both technical and argumentative responses, at
0.275 and 0.236, respectively. By contrast, gemma3:27b produced the smallest distances,
at 0.082 and 0.083. These values should therefore be interpreted as the extent of criterion-
profile modification rather than as a direct measure of successful rubric adaptation. A large
distance may reflect a strong concordant redistribution, but it may also include changes in
the opposite direction.

The FPI and CS results further distinguish unchanged scoring from internal redistri-
bution. The most prominent case was gemma3:4b on technical responses. Only 4.20% of its
complete criterion profiles remained unchanged, whereas 53.60% of the responses showed
compensating shifts. Thus, more than half of the technical responses retained the same
final score while undergoing at least one criterion-level modification. Compensating shifts
were also frequent for qwen3:4b and qwen3:14b on technical responses, reaching 26.40%
for both models, and for phi4-mini:3.8b, at 24.05%.

The pattern was different for argumentative responses. qwen3:4b showed the highest
full-profile insensitivity rate, at 46.20%, together with the lowest compensating-shift rate,
at 3.00%. qwen3:14b also retained the entire criterion profile in 39.60% of cases. These find-
ings indicate that unchanged argumentative totals for the Qwen models more frequently
reflected genuinely unchanged scoring profiles, whereas unchanged technical totals often
concealed offsetting criterion-level changes.

The direction of the raw shifts was examined more directly by classifying each paired
evaluation as fully concordant, partially concordant, unchanged on both affected criteria,
or discordant. Full concordance required both a reduction in Clarity and an increase
in the criterion whose maximum increased. Partial concordance required one expected
change while the other affected criterion remained unchanged. A case was classified as
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discordant when Clarity increased or the gaining criterion decreased. Figure 4 presents the
resulting distributions.

mm Fully concordant  mss Partially concordant Affected criteria unchanged  ws Discordant
(a) Technical responses (b) Argumentative responses

e T | 3
.-
- T £ W

0

790 80
20 40 60 80 100 0 20 40 60 80 100
Paired evaluations (%) Paired evaluations (%)

Figure 4. Directional adaptation of the affected criteria by model and response type.

For technical responses, the combined proportion of fully and partially concordant
cases exceeded 60% for every model. It ranged from 61.40% for qwen3:14b to 97.40% for
llama3.1:8b. gemma3:4b exhibited the highest fully concordant rate, at 69.80%, followed
by llama3.1:8b at 59.80%. For these models, both affected criteria frequently moved in the
direction implied by the revised allocation.

Several other models adapted predominantly through a change in only one affected
criterion. Partial concordance accounted for 79.00% of the technical responses evaluated
by phi4:14b, 61.60% for gemma3:27b, and 51.20% for llama3.1:70b. Their relatively low
fully concordant rates therefore did not imply an absence of rubric sensitivity; rather, the
redistribution was usually localized to one of the two affected dimensions.

The affected criteria remained jointly unchanged in 38.40% of the technical responses
for qwen3:14b and 28.60% for llama3.1:70b. For gemma3:4b, gemma3:27b, llama3.1:8b,
and phi4-mini:3.8b, this category represented fewer than 5% of cases. Discordant technical
shifts were uncommon for seven of the eight models, ranging from 0% for phi4:14b to
1.20% for qwen3:4b. The exception was phi4-mini:3.8b, for which 9.82% of technical pairs
contained at least one shift opposite to the expected direction.

Directional adaptation was more heterogeneous for argumentative responses. The
combined concordant proportion ranged from 38.40% for qwen3:4b to 88.60% for
gemma3:27b. gemma3:27b adapted primarily through partial concordance, which ac-
counted for 72.40% of its argumentative responses. Partial concordance was also the largest
category for llama3.1:8b, llama3.1:70b, phi4-mini:3.8b, and phi4:14b.

For qwen3:4b, the affected argumentative criteria remained unchanged in 61.40% of
cases, while only 3.20% were fully concordant. qwen3:14b and gemma3:4b also showed
comparatively high unchanged proportions, at 46.00% and 40.20%, respectively. These
results explain why the argumentative adaptations of these models were weaker than their
technical adaptations despite the consistent mean reduction in Clarity.

Discordant argumentative changes remained a minority but were more frequent than
in the technical subset for several models. The highest rates occurred for phi4-mini:3.8b,
at 9.60%, and gemma3:4b, at 7.80%. llama3.1:8b and phi4:14b showed discordant rates of
5.80% and 4.80%, respectively. Consequently, the large affected-profile distances observed
for phi4-mini:3.8b cannot be interpreted solely as strong conformity to the new point

allocation, because part of that movement occurred in the opposite direction.
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Taken together, the criterion-level results show that the models generally recognized
the redistribution of the affected criteria, but they did so through different mechanisms.
Some models changed both criteria in the expected direction, whereas others modified only
one dimension or retained both affected scores. The contrast between raw and normalized
shifts also demonstrates that assigning fewer or more raw points does not necessarily imply
a stricter or more generous evaluation relative to the available criterion maximum.

Most importantly, the analysis confirms that an unchanged final score cannot be
treated as evidence of rubric insensitivity. In several model-response-type combinations,
particularly gemma3:4b on technical responses, substantial criterion-level redistribution
occurred without changing the total score. The localization of these adaptations was
assessed by examining whether score changes extended to criteria whose definitions and
point allocations were identical under both rubrics.

3.5. Stability of the Unaffected Criteria

The models frequently modified the criteria whose point maxima changed between
Rubrics A and B. A localized adaptation would preserve the criteria whose definitions
and maximum scores remained identical across the two conditions. The present analysis
therefore examined Accuracy and Terminology for technical responses and Coherence and
Originality for argumentative responses.

For each unaffected criterion, the raw shift was calculated as the Rubric B score minus
the corresponding Rubric A score. Because the criterion maxima were unchanged, the
raw and normalized shifts convey the same directional information, differing only by the
constant criterion maximum. Exact criterion stability indicates the proportion of paired
evaluations for which the criterion score remained identical. Joint stability requires both
unaffected criteria to remain unchanged, whereas spillover denotes a change in at least
one of them. The normalized unaffected-profile distance, Dunaff  summarizes the absolute
magnitude of the changes across the two unaffected criteria.

In Table 9, U1/U2 denotes Accuracy/Terminology for technical responses and Co-
herence/Originality for argumentative responses. Each model-response-type comparison
contained 500 complete pairs, except for phi4-mini:3.8b on technical responses, for which
499 pairs were available.

Table 9. Stability of the criteria unaffected by the alternative point allocations.

o Exact Stability o Joint Stabil-
Model and Response Type Raw A U1/U2 [95% CI] UL/U2 (%) D_unaff [95% CI] ity/Spillover (%)

qwen3:4b—Technical ’_%%5306[[’_%%86%4' ’_%%20(;;]]/ 90.80/90.80 0039 [0.030, 0.047] 84.60/15.40

, . 0140 [0.176, —0.104]/
qwen3:4b—Argumentative 0.060 [0.034, 0.088] 84.00/90.40 0.051 [0.043, 0.059] 76.20/23.80
qwen3:14b—Technical :%%A;%[[:%%%Sé :%%2560]]/ 95.80/89.20 0.034 [0.027, 0.042] 85.20/14.80

i . 0220 [0.260, —0.182]/
qwen3:14b—Argumentative —0.002 [—0.028, 0.026] 78.00/91.40 0.058 [0.048, 0.069] 72.40/27.60
gemma3:4b—Technical 1%211()66[[1%21%1’32' 1%1()77‘;]]/ 76.00/82.20 0.085 [0.074, 0.096] 63.00/37.00

, . 0.060 [—0.024, 0.144]/

gemma3:4b—Argumentative —0.064 [—0.092, —0.036] 50.80/88.60 0.114 [0.104, 0.125] 43.60/56.40
gemma3:27b—Technical __%12%42[[__%1332% __%0273?]/ 88.80/70.60 0.092 [0.081, 0.104] 64.40/35.60
gemma3:27b—Argumentative —0104 [0.152, —0.056]/ 76.40/86.40 0.073 [0.061, 0.086] 73.40/26.60

—0.116 [-0.150, —0.084]
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o Exact Stability o Joint Stabil-

Model and Response Type Raw A U1/U2 [95% CI] U1/U2 (%) D_unaff [95% CI] ity/Spillover (%)
llama3.1:8b—Technical 1%19166[[101'2032‘2 _7%182626]]/ 85.20/31.00 0.267 [0.248, 0.284] 24.80/75.20
llama3.1:8b—Argumentative - g'olfg[[g'g%%zo%oé{) 6l 43.80/86.40 0.134 [0.123, 0.146] 35.80/64.20
llama3.1:70b—Technical ’_%0175%[[’_%11%25; :%(’15128]]/ 92.40/77.80 0.068 [0.057, 0.081] 74.00/26.00
llama3.1:70b—Argumentative 7%%29%[[6%2506 q‘gg’]z]/ 74.80/87.00 0.074 [0.064, 0.085] 64.40/35.60
phi4-mini:3.8b—Technical ’_%70%90[[’_%%% ’_%605542]]/ 57.72/91.58 0.148 [0.130, 0.166] 51.30/48.70
phid-mini:3.8b—Argumentative 0 [[00'2038%4 %31%568]]/ 58.80/85.00 0.110 [0.098, 0.122] 52.20/47.80
phi4:14b—Technical 1%15,,77()2[[1%11242' 1%13)2251]]/ 80.60/62.00 0.128 [0.116, 0.140] 47.40/52.60
phi4:14b— Argumentative 0.026 [~0.034, 0.0801/ 69.40/92.80 0.069 [0.060, 0.079] 64.80/35.20

—0.028 [-0.050, —0.006]

For technical responses, all eight models produced negative mean shifts in both un-
affected criteria, and every corresponding confidence interval remained below zero. The
redistribution of points between Clarity and Completeness was therefore accompanied by
lower mean scores not only in the affected dimensions but also in Accuracy and Terminol-
ogy. The magnitude of this spillover nevertheless differed substantially across models.

The two Qwen models showed the highest technical stability. qwen3:14b preserved
both unaffected criteria in 85.20% of the paired evaluations, closely followed by qwen3:4b
at 84.60%. Their individual criterion scores were also highly stable: Accuracy remained
unchanged in 95.80% and 90.80% of cases, respectively, while Terminology remained
unchanged in 89.20% and 90.80%. Their punaff values, at 0.034 and 0.039, were the lowest
among the technical comparisons. Although their mean shifts were consistently negative,
the absolute changes were small and occurred in a limited subset of responses.

llama3.1:70b also showed comparatively strong technical localization. Both unaffected
criteria remained unchanged in 74.00% of responses, and its unaffected-profile distance
was 0.068. gemma3:4b and gemma3:27b exhibited intermediate levels of stability, with
joint stability rates of 63.00% and 64.40%, respectively. For gemma3:27b, Terminology was
less stable than Accuracy, remaining unchanged in 70.60% of cases compared with 88.80%
for Accuracy.

The strongest technical spillover occurred for llama3.1:8b. Its joint stability rate was
only 24.80%, meaning that at least one unaffected criterion changed in 75.20% of the paired
evaluations. Accuracy remained unchanged in 85.20% of cases, but Terminology was stable
in only 31.00%. The mean Terminology shift reached —0.946 points, with a confidence
interval entirely below zero, while D*"**ff reached 0.267, the largest unaffected-profile
distance observed in the analysis.

The technical spillover produced by phi4-mini:3.8b was concentrated in the other
unaffected dimension. Accuracy decreased by an average of 0.749 points and remained
unchanged in only 57.72% of the paired evaluations, whereas Terminology was stable in
91.58%. Its joint stability rate was 51.30%, and D*"*/f reached 0.148. phi4:14b also showed
substantial technical spillover, but the larger component occurred in Terminology, whose
mean score decreased by 0.372 points and remained unchanged in only 62.00% of cases.

The argumentative results were more heterogeneous in both direction and magni-
tude. Unlike the uniformly negative technical shifts, some models increased one or both
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unaffected argumentative criteria. qwen3:4b reduced Coherence by 0.140 points while in-
creasing Originality by 0.060 points. 1lama3.1:8b increased Coherence by 0.122 points while
reducing Originality by 0.048 points. phi4-mini:3.8b increased both unaffected criteria, with
mean changes of 0.286 for Coherence and 0.120 for Originality. These changes indicate that
spillover was not limited to a general downward adjustment of the entire scoring profile.

qwen3:4b showed the highest argumentative joint stability, preserving both unaffected
criteria in 76.20% of the responses. gemma3:27b and qwen3:14b followed at 73.40% and
72.40%, respectively. Their D*"**/f values were also comparatively low, ranging from 0.051
for qwen3:4b to 0.073 for gemma3:27b. For these models, the majority of criterion changes
remained localized to the dimensions whose maxima were altered.

The lowest argumentative joint stability was observed for llama3.1:8b, at 35.80%. Co-
herence remained unchanged in only 43.80% of cases, compared with 86.40% for Originality,
resulting in a spillover rate of 64.20% and a D*"%// value of 0.134. gemma3:4b also showed
substantial argumentative spillover. Both unaffected criteria remained unchanged in only
43.60% of responses, while Coherence alone was stable in 50.80%. However, the mean
Coherence shift was only 0.060 points and its confidence interval included zero.

The gemma3:4b result illustrates an important distinction between average change
and response-level stability. A mean shift close to zero does not imply that most individual
scores remained unchanged. Positive and negative changes may offset one another in the
aggregate while still indicating frequent response-level revisions. Exact stability and joint
spillover are therefore necessary complements to the mean criterion shift.

phi4-mini:3.8b showed a similar contrast. Its argumentative Coherence and Originality
means increased, but joint stability was only 52.20%, corresponding to spillover in 47.80%
of the responses. llama3.1:70b and phi4:14b showed moderate argumentative spillover
rates of 35.60% and 35.20%, respectively. In both cases, Coherence was less stable than
Originality, although the mean Coherence confidence intervals included zero.

Figure 5 decomposes the joint spillover rate according to whether the change involved
only the first unaffected criterion, only the second, or both simultaneously.

(a) Technical responses

B— ==l
awen3100 Lo | we
0 20 40 60 80 100
Percentage of complete Rubric A-Rubric B pairs
Bothunchanged = Accuracyonly s Terminology only s Accuracy and Terminology
(b) Argumentative responses
EE

0 20 40 60 80 100
Percentage of complete Rubric A-Rubric B pairs

Bothunchanged === Coherence only === Originality only ~ msm Coherence and Originality

Figure 5. Localization of changes in the unaffected criteria by model and response type.
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For the technical responses, the low joint stability of llama3.1:8b was driven predom-
inantly by Terminology. Terminology alone changed in 60.40% of responses, whereas
Accuracy alone changed in only 6.20%, and both criteria changed in 8.60%. The technical
spillover of phi4:14b was similarly concentrated in Terminology, which changed alone in
33.20% of the responses. For gemma3:27b and llama3.1:70b, Terminology-only changes
accounted for 24.40% and 18.40%, respectively.

By contrast, phi4-mini:3.8b modified Accuracy alone in 40.28% of its technical re-
sponses, while Terminology alone changed in only 6.41%. gemma3:4b showed a more
balanced distribution: Accuracy alone changed in 19.20% of cases, Terminology alone in
13.00%, and both criteria in 4.80%. The two Qwen models remained comparatively stable,
with all individual spillover categories below 11%.

For argumentative responses, the largest spillover component was generally Coher-
ence. Coherence alone changed in 50.60% of the llama3.1:8b evaluations and 45.00% of the
gemma3:4b evaluations. The corresponding proportions were 32.80% for phi4-mini:3.8b,
28.00% for phi4:14b, and 22.60% for llama3.1:70b. Originality-only changes were below
11% for every model.

gemma3:27b differed from this general pattern because simultaneous changes in
Coherence and Originality accounted for 10.60% of the argumentative responses, the
highest joint-change proportion in that subset. Nevertheless, 73.40% of its profiles remained
unchanged on both unaffected criteria. For qwen3:4b and qwen3:14b, the combined rate
of Originality-only and simultaneous changes remained below 10%, reinforcing their
comparatively localized adaptation.

Comparison of the affected- and unaffected-profile distances showed that the changes
were predominantly larger in the criteria whose maxima were modified. This localization
was particularly clear for the Qwen models and phi4-mini:3.8b, for which D/ substantially
exceeded D*"ff in both response categories. The same relationship held for most of the
remaining model-response-type combinations.

Several exceptions indicate broader reorganization of the score profile. For gemma3:27b
on technical responses, D*"ff was 0.092 compared with D*/f = 0.082. For phi4:14b on
technical responses, the corresponding values were 0.128 and 0.102. llama3.1:8b showed
the clearest departure from localized adaptation: its technical D*"**/f was 0.267, more than
twice its D/ of 0.128, while its argumentative D"“"*ff of 0.134 also slightly exceeded its
Df of 0.127.

These cases show that cross-rubric score variation can also occur in dimensions that
were formally unchanged. Such variation cannot be identified from total-score shifts alone
and would be obscured by analyses restricted to the affected criteria.

Same-rubric comparisons showed that changes in the unaffected criteria also occurred
without rubric redistribution. For the two Qwen models, joint stability across technical and
argumentative responses was 93.60-97.60% within rubrics, compared with 72.40-85.20%
between Al and Bl. In contrast, phi4-mini:3.8b on technical responses showed joint
stability of 4.61% for A1-A2 and 3.21% for B1-B2, compared with 51.30% for A1-Bl.
Its corresponding normalized unaffected-profile distances were 0.367, 0.371, and 0.148,
respectively. Across all models and response types, the A1-B1 normalized distance was
numerically larger than both same-rubric baselines in 12 of the 16 comparisons. Cross-
rubric changes in unaffected criteria therefore cannot be attributed exclusively to rubric
redistribution and must be interpreted alongside model- and response-type-specific run-to-
run variability.
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3.6. Cross-Model and Response-Type Differences

Substantial variation was observed among models in the magnitude of the total-score
shift, the modification of the affected criteria, and the spillover into unaffected dimensions.
These differences were evaluated using student-level aggregates to preserve the dependence
among the five responses contributed by each student within each response type. For
every model, the mean total-score shift, affected-profile distance, and unaffected-profile
distance were calculated separately across the technical and argumentative responses of
each student.

Cross-model comparisons required complete student-level aggregates for all eight
models. The technical analyses therefore included 99 students because the missing phi4-
mini:3.8b evaluation prevented construction of a complete five-response technical aggregate
for one student. The argumentative analyses included all 100 students. No missing score
was imputed. Friedman tests were used to determine whether the eight models differed
overall for each outcome and response type, and the resulting six p-values were adjusted
jointly using the Holm procedure. The Friedman test statistics, Holm-adjusted p-values,
and Kendall’s W values are reported in Table 10.

Table 10. Overall cross-model differences in rubric adaptation.

Response Type Outcome Friedman x2(7) Adjusted p Kendall's W
Technical Mean total-score shift 401.937 <0.001 0.580
Technical Affected-profile distance 390.359 <0.001 0.563
Technical Unaffected-profile distance 349.317 <0.001 0.504

Argumentative Mean total-score shift 103.058 <0.001 0.147

Argumentative Affected-profile distance 325.422 <0.001 0.465

Argumentative Unaffected-profile distance 161.612 <0.001 0.231

All six cross-model tests remained significant after Holm adjustment. For technical
responses, the three outcomes produced Kendall’s W values between 0.504 and 0.580,
indicating pronounced differentiation among the models in both the direction of the total-
score change and the extent to which the criterion profile was reorganized. The largest
value was observed for the mean total-score shift, followed closely by the affected-profile
distance. The unaffected-profile distance also varied strongly across models, confirming
that spillover was not distributed uniformly across the evaluated systems.

The argumentative comparisons showed a different pattern. Cross-model differentia-
tion remained substantial for the affected-profile distance, with W = 0.465, but was lower
for the unaffected-profile distance, at W = 0.231. The smallest value occurred for the mean
total-score shift, at W = 0.147. Thus, the models differed more consistently in how they
redistributed criterion-level scores than in the aggregate reduction in argumentative totals.

Because significant cross-model differences were found for all six combinations of
outcome and response type, paired Wilcoxon signed-rank comparisons were subsequently
performed for the 28 model pairs within each combination. Holm adjustment was applied
separately within each of the six post hoc families. Figure 6 presents the resulting com-
parisons. The lower-triangular matrices indicate the direction of the median student-level
difference as row model minus column model. Negative values represent a lower total-
score shift or smaller profile distance for the row model, whereas positive values represent
a higher value. Nonsignificant comparisons are marked as #s.
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Figure 6. Holm-adjusted pairwise model differences in rubric adaptation.
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Signed —log10(Holm-adjusted p); sign = row minus column

The technical total-score shifts showed the clearest pairwise separation, with 24 of
the 28 model comparisons remaining significant after Holm adjustment. The student-level
median shifts were close for qwen3:4b, qwen3:14b, and gemma3:4b, at 0.0, —0.2, and
—0.2 points, respectively, and none of the three pairwise contrasts among these models
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was significant. By contrast, llama3.1:8b and phi4:14b showed median technical shifts of
—1.6 and —1.4 points and differed significantly from the models with smaller reductions.

gemma3:27b produced a median technical shift of —1.0 points, while llama3.1:70b and
phi4-mini:3.8b both had median shifts of —0.8 points. The difference between llama3.1:70b
and phi4-mini:3.8b was not significant, although both differed from most models with
smaller total-score reductions. These findings confirm that the negative mean shifts were
not merely a common response shared by all systems; their magnitude differed consistently
across students and model families.

Technical affected-profile distances differed in 26 of the 28 pairwise comparisons.
phi4-mini:3.8b showed the largest student-level median distance, at 0.283, and differed
significantly from every other model. qwen3:4b and llama3.1:70b had similar median dis-
tances, at 0.167 and 0.183, and their pairwise difference was not significant. gemma3:4b and
gemma3:27b both had median values of 0.083 and were also statistically indistinguishable.
The large number of significant comparisons demonstrates that models differed not only
in whether their totals changed, but also in the extent to which the two affected criterion
scores were reorganized.

The technical unaffected-profile distance also produced 24 significant pairwise com-
parisons. llama3.1:8b had the highest median value, at 0.250, and differed significantly
from the other models, consistent with its extensive Terminology spillover. qwen3:4b and
qwen3:14b had the lowest medians, both at 0.033, and did not differ significantly from one
another. phi4-mini:3.8b and phi4:14b showed higher median distances, at 0.167 and 0.133,
respectively, but their difference was not significant. The pairwise results therefore confirm
the contrast between models that largely localized their adaptation and those that modified
a broader portion of the technical rubric.

Pairwise separation was less extensive for the argumentative total-score shift, for
which 15 of the 28 comparisons remained significant. gemma3:27b and llama3.1:8b both had
median student-level shifts of —1.0 points and did not differ significantly from one another.
Their reductions were generally larger than those of qwen3:4b, qwen3:14b, gemma3:4b,
and llama3.1:70b, whose medians ranged from —0.2 to —0.4 points. phi4-mini:3.8b and
phi4:14b occupied an intermediate position, both with median shifts of —0.7 points. The
larger number of nonsignificant comparisons is consistent with the lower argumentative
Kendall’s W for this outcome.

Argumentative affected-profile distances remained strongly differentiated, with 23 of
the 28 pairwise comparisons reaching significance. phi4-mini:3.8b produced the largest
median distance, at 0.233, and differed significantly from all other models. gemma3:27b
and llama3.1:70b had the smallest medians, both at 0.083, and did not differ significantly.
qwen3:4b, qwen3:14b, gemma3:4b, llama3.1:8b, and phi4:14b occupied intermediate posi-
tions, although several adjacent comparisons within this group were not significant.

For the argumentative unaffected-profile distance, 18 of the 28 comparisons remained
significant. llama3.1:8b had the largest median, at 0.133, followed by gemma3:4b and
phi4-mini:3.8b, both at 0.100. qwen3:4b and qwen3:14b had the smallest medians, both
at 0.050. Several models with median values between 0.067 and 0.100 were statistically
indistinguishable, showing that the argumentative spillover patterns formed less clearly
separated groups than the corresponding technical results.

The effect of response type was then evaluated within each model. Technical and
argumentative student-level aggregates were compared using paired Wilcoxon signed-rank
tests. The difference was defined as Technical minus Argumentative. A negative value for
AT therefore indicates a larger score reduction for technical responses, whereas a positive
value for either profile distance indicates greater technical criterion-level modification.
Holm adjustment was applied jointly across the 24 within-model comparisons. All models
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contributed 100 paired student aggregates, except phi4-mini:3.8b, for which 99 complete
aggregates were available. The median technical-argumentative differences in total-score
shift, affected-profile distance, and unaffected-profile distance, together with the Holm-
adjusted p-values, are reported in Table 11.

Table 11. Within-model differences between technical and argumentative responses.

Model AT, T — A Median D_aff, T — A Median D_unaff, T — A Median
Difference [p_adj] Difference [p_adj] Difference [p_adjl

qwen3:4b 0.200 [1.000] 0.050 [0.024] —0.017 [0.901]
qwen3:14b 0.200 [0.090] —0.008 [1.000] 0.000 [0.007]

gemma3:4b 0.000 [1.000] —0.083 [<0.001] —0.025 [0.003]
gemma3:27b 0.000 [1.000] 0.000 [1.000] 0.017 [0.164]
llama3.1:8b —0.600 [<0.001] —0.017 [1.000] 0.133 [<0.001]
llama3.1:70b —0.200 [0.002] 0.083 [<0.001] 0.000 [1.000]
phi4-mini:3.8b —0.200 [0.882] 0.033 [0.003] 0.050 [0.010]
phi4:14b —0.600 [<0.001] —0.067 [<0.001] 0.050 [<0.001]

After adjustment, the technical-argumentative difference in the total-score shift was
significant for three models. llama3.1:8b and phi4:14b each showed a median difference
of —0.600 points, confirming substantially larger score reductions for technical responses.
llama3.1:70b also showed a significantly more negative technical shift, although the median
difference was smaller, at —0.200 points. The remaining five models did not show a
significant response-type difference in their total-score change.

The affected-profile distance differed significantly between response types for five
models. qwen3:4b, llama3.1:70b, and phi4-mini:3.8b showed larger technical distances,
with median Technical-minus-Argumentative differences of 0.050, 0.083, and 0.033, respec-
tively. In contrast, gemma3:4b and phi4:14b showed larger argumentative affected-profile
distances, reflected by median differences of —0.083 and —0.067. No significant difference
was observed for qwen3:14b, gemma3:27b, or llama3.1:8b.

The unaffected-profile distance also differed significantly for five models. llama3.1:8b
showed the largest technical excess, with a median difference of 0.133, consistent with
the strong Terminology spillover observed in its technical evaluations. phi4-mini:3.8b
and phi4:14b also showed significantly larger technical spillover, each with a median
difference of 0.050. gemma3:4b showed the opposite pattern, with an argumentative
distance exceeding the technical distance by a median of 0.025.

For qwen3:14b, the reported median difference in D""*/f rounded to 0.000, although
the adjusted Wilcoxon result remained significant at p,q; = 0.007. This is not contradictory
because the signed-rank test evaluates the ranks and directions of all nonzero paired differ-
ences rather than the rounded median alone. The distribution contained more negative
than positive differences, indicating that argumentative unaffected-profile distances were
generally larger, although the central difference rounded to zero at three decimal places.

gemma3:27b was the only model for which none of the three outcomes differed
significantly between technical and argumentative responses. Its median differences were
zero for both the total-score shift and affected-profile distance, while the small positive
difference in unaffected-profile distance did not remain significant after correction. By
contrast, phi4:14b showed significant response-type differences across all three outcomes:
a larger technical score reduction, a larger argumentative affected-profile distance, and
greater technical spillover into unaffected criteria.

Opverall, the statistical comparisons confirm that rubric adaptation was strongly model
dependent. Cross-model differences were especially pronounced for technical responses,
where most model pairs differed in total-score change and both profile-distance measures.
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Argumentative responses showed less separation in total-score shifts but retained substan-
tial heterogeneity in the affected criterion profile. Response type did not exert a uniform
effect across models: for some systems, technical responses produced larger score reduc-
tions or broader spillover, whereas others showed greater affected-criterion modification
for argumentative responses. The observed behavior therefore cannot be reduced to a
single model ranking or a general technical-versus-argumentative tendency.

3.7. Correspondence Between Model and Human Score Shifts

The differences between the two human evaluation conditions were compared with the
score shifts produced by each model. For every response, the human cross-condition shift
was calculated as the mean score assigned by E3 and E4 under Rubric B minus the mean
score assigned by E1 and E2 under Rubric A. The corresponding model shift was calculated
as the Rubric B score minus the Rubric A score. Their correspondence was evaluated
using the mean absolute shift error, defined as the mean absolute difference between the
model-generated shift and the human cross-condition shift for the same responses.

The human cross-condition shift was positive on average. The mean increase was
0.637 points overall, with a larger increase for technical responses, at 0.754 points, than
for argumentative responses, at 0.519 points. The corresponding median shifts were
0.5 points overall, 1.0 point for technical responses, and 0.5 points for argumentative
responses. Because Rubrics A and B were applied by different evaluator pairs, these cross-
condition differences are descriptive and cannot be interpreted as a pure effect of the rubric
weighting change.

The analysis included 1000 matched responses for each model, except phi4-mini:3.8b,
for which one structurally invalid Rubric B output reduced the overall sample to 999 re-
sponses. The technical analyses included 500 responses for each model, except phi4-
mini:3.8b, for which 499 responses were available. All argumentative analyses included 500
responses. No missing score was imputed. The 95% confidence intervals were estimated
using 10,000 student-cluster bootstrap replicates.

Table 12 summarizes the overall correspondence between the model-generated and
human cross-condition score shifts, including the mean shifts, their signed difference, the
mean absolute shift error, and exact shift agreement.

Table 12. Overall correspondence between model and human cross-condition score shifts.

Model Mean Mean Signed Mean Absolute Shift Exact Shift
Model Shift Human Shift Difference Error [95% CI] Agreement (%) [95% CI]
qwen3:4b —0.182 0.637 —0.819 1.498 [1.432, 1.565] 11.10 [9.10, 13.20]
qwen3:14b —0.363 0.637 —1.000 1.521 [1.435, 1.606] 11.90 [9.80, 14.20]
gemma3:4b —0.284 0.637 —0.921 1.605 [1.513, 1.694] 10.20 [8.20, 12.20]
gemma3:27b —1.004 0.637 —1.641 1.942 [1.831, 2.050] 7.50 [5.70, 9.50]
llama3.1:8b —1.239 0.637 —1.876 2.229[2.121, 2.337] 6.50 [4.80, 8.30]
llama3.1:70b —0.631 0.637 —1.268 1.686 [1.583, 1.788] 10.00 [8.10, 12.10]
phi4-mini:3.8b —0.731 0.635 —1.366 1.749 [1.663, 1.839] 8.31[6.61, 10.02]
phi4:14b —1.001 0.637 —1.638 1.977 [1.866, 2.090] 8.00[6.30, 9.80]

All eight models produced negative mean score shifts, whereas the mean human cross-
condition shift was positive. Consequently, the signed difference, calculated as the mean
model shift minus the mean human shift, was negative for every model. qwen3:4b showed
the smallest directional discrepancy, with a mean model shift of —0.182 points and a signed
difference of —0.819 points. The largest directional discrepancy occurred for llama3.1:8b,
whose mean shift of —1.239 points produced a signed difference of —1.876 points.

https://doi.org/10.3390/informatics13090149


https://doi.org/10.3390/informatics13090149

Informatics 2026, 13, 149

37 of 45

The lowest overall mean absolute shift error was obtained by qwen3:4b, at 1.498 points,
closely followed by qwen3:14b at 1.521 points and gemma3:4b at 1.605 points. These
three models also produced the smallest negative mean total-score shifts. Their lower
correspondence errors therefore resulted primarily from changes that remained closer to
zero rather than from reproducing the positive average direction observed between the
human evaluation conditions.

llama3.1:8b produced the largest overall mean absolute shift error, at 2.229 points.
phi4:14b and gemma3:27b followed at 1.977 and 1.942 points, respectively. These models
produced some of the largest negative total-score shifts and consequently remained farther
from the predominantly positive differences observed between the human conditions.

Exact reproduction of the human cross-condition shift was uncommon for every
model, although this measure was partly constrained by the different granularities of the
model and human shifts. Exact shift agreement ranged from 6.50% for llama3.1:8b to
11.90% for qwen3:14b. Even the models with the lowest mean absolute shift errors therefore
reproduced the human cross-condition difference exactly in only a limited proportion
of responses.

The magnitude of the correspondence error also differed between technical and argu-
mentative responses. Table 13 reports the mean absolute shift errors separately for the two
response types.

Table 13. Mean absolute shift errors for technical and argumentative responses.

Argumentative Shift

Model Technical Shift Error [95% CI] Error [95% CI]
qwen3:4b 1.472 [1.382, 1.564] 1.523 [1.416, 1.637
qwen3:14b 1.564 [1.449, 1.683] 1.477 [1.358, 1.604
gemma3:4b 1.586 [1.475, 1.697] 1.623[1.494, 1.760

gemma3:27b 2.024 [1.886, 2.163] 1.859 [1.728, 1.994
llama3.1:8b

llama3.1:70b

phi4-mini:3.8b

phi4:14b

1.846 [1.710, 1.983]
1.864 [1.749, 1.983]

[
[
[
[
2.550 [2.403, 2.697]
[
[
2.322[2.161, 2.482]

1.525[1.399, 1.656
1.635[1.517,1.757

1
|
|
|
1.907 [1.759, 2.059]
]
1
1.631[1.510, 1.755]

For technical responses, qwen3:4b showed the lowest mean absolute shift error, at
1.472 points. qwen3:14b and gemma3:4b followed at 1.564 and 1.586 points, respectively.
The largest technical error occurred for llama3.1:8b, at 2.550 points, followed by phi4:14b at
2.322 points and gemma3:27b at 2.024 points. The particularly large error for llama3.1:8b
reflects the contrast between the positive human technical shift of 0.754 points and the
model’s mean technical reduction of 1.594 points.

For argumentative responses, qwen3:14b produced the lowest mean absolute shift
error, at 1.477 points. qwen3:4b and llama3.1:70b followed closely at 1.523 and 1.525 points,
respectively. The largest argumentative error was obtained by llama3.1:8b, at 1.907 points,
followed by gemma3:27b at 1.859 points.

The response-type pattern was not uniform across models. qwen3:4b and gemma3:4b
showed slightly lower correspondence errors for technical responses. In contrast,
qwen3:14b, gemma3:27b, llama3.1:8b, llama3.1:70b, phi4-mini:3.8b, and phi4:14b showed
lower errors for argumentative responses. The largest technical-argumentative differences
occurred for phi4:14b and 1lama3.1:8b, whose technical errors exceeded their argumentative
errors by approximately 0.69 and 0.64 points, respectively.

Overall, the results indicate limited correspondence between the cross-rubric score
shifts produced by the models and the differences observed between the two human
evaluation conditions. Although the models differed in the magnitude of this discrepancy,
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none reproduced the positive mean direction of the human cross-condition shift. Because
the two rubric conditions were applied by different evaluator pairs, these comparisons
remain descriptive and cannot be interpreted as agreement with a controlled estimate
of the isolated rubric effect. Nevertheless, they demonstrate that rubric-matched model-
human alignment within each condition does not necessarily imply similar adaptation
when criterion weights change.

4. Discussion

The results obtained in this study reveal substantial differences in the scores assigned
by local open-weight LLMs under alternative point allocations within the same analytic
rubric structure. Although cross-rubric score differences were observed for all evaluated
models, these differences varied in magnitude, direction, and localization across criteria
and response types. These patterns have implications for rubric sensitivity, model-specific
evaluative behavior, and the distinction between localized criterion adaptation and broader
score redistribution.

4.1. Rubric Sensitivity and Criterion-Level Adaptation

The consistent reduction in mean total scores under Rubric B was observed across
all evaluated models. Because the two rubrics retained the same four criteria, the same
criterion definitions, and the same 10-point total, this result cannot be attributed to a smaller
scoring range or to a general change in the assessment task. These findings are consistent
with rubric sensitivity, but the same-rubric baseline indicates that run-to-run variability
may also contribute to the observed score differences. This finding is consistent with
previous evidence that LLM-based grading is sensitive to the structure and formulation of
assessment instructions. Changes in prompting strategies, scoring information, and rubric
refinement have been shown to modify automated grading outcomes, sometimes without
producing consistent improvements in human-model agreement [27-30].

However, rubric sensitivity alone does not establish criterion-consistent adaptation.
All models assigned lower total scores on average, but the alternative rubric did not
prescribe a lower final grade. It reduced the maximum contribution of Clarity while
increasing the maximum contribution of Completeness or Dialecticality by the same amount.
A localized response would therefore involve a redistribution between the two affected
dimensions, with limited changes elsewhere. The observed negative totals indicate that, for
many models, the reduction in Clarity was not fully offset by gains in the criterion whose
maximum increased.

The distinction between total-score stability and criterion-level stability is particularly
important. For several models, an unchanged final grade frequently concealed modifica-
tions within the analytic profile. A final score alone therefore provides insufficient evidence
about whether an LLM applied two rubrics identically or redistributed credit between
their dimensions. This supports the broader argument that criterion-based grading should
not be evaluated exclusively through agreement on aggregate scores, because different
internal judgments can produce the same numerical total. The predominance of partially
concordant rather than fully concordant changes also indicates that score shifts in the
affected criteria were often asymmetric. A model frequently reduced Clarity while leav-
ing Completeness or Dialecticality unchanged, or increased the gaining criterion while
leaving Clarity unchanged. From a grading perspective, this describes partial directional
concordance, but does not establish whether it resulted from rubric adaptation, run-to-run
variability, or both.

The raw and normalized criterion shifts further clarify the differences between rubric
conditions. A lower raw Clarity score did not always correspond to a stricter assessment
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of clarity relative to the points available. Several models awarded fewer numerical points
after the maximum was reduced from three to two while simultaneously awarding a larger
proportion of that reduced maximum. Conversely, some criteria whose maxima increased
received more raw points but a smaller proportion of the available three-point scale. These
patterns indicate that the paired criterion scores were not related by simple proportional
rescaling. Such behavior is compatible with evidence that LLM graders may apply implicit
feature weights that differ across models and performance groups [34]. When the explicit
maximum assigned to a criterion changes, the model may not merely convert an existing
judgment to a new numerical range; it may also reinterpret how strongly the response
satisfies the dimension. This could help explain why models with similar total-score
shifts sometimes exhibited substantially different affected-profile distances and directional-
concordance patterns. However, this mechanism remains hypothetical, and run-to-run
variability may also contribute to the observed score differences.

The observed cross-rubric variation in Accuracy, Terminology, Coherence, and Orig-
inality shows that score changes were not confined to the reweighted criteria. Previous
studies have reported criterion-dependent model-human agreement and dependencies
among nominally separate assessment dimensions [19,24-26]. Criteria-entanglement bias
has also been identified in multidimensional LLM evaluation, where judgments assigned
to distinct dimensions become excessively dependent on one another [35]. The present
findings are consistent with this concern. For some models, changing the point allocations
of Clarity and Completeness or Dialecticality was accompanied by substantial revisions to
criteria whose definitions and maxima were unchanged. The same-rubric baseline indi-
cates that this broader score variation cannot be attributed exclusively to the alternative
criterion allocation.

Taken together, these findings support a multidimensional interpretation of rubric
fidelity. A rubric-sensitive grader should modify its scores when the assessment priorities
change, but sensitivity is only one requirement. The change should also be directionally
consistent with the revised allocation, concentrated in the affected criteria, and sufficiently
stable in dimensions that remain formally unchanged. The evaluated models satisfied
these requirements to different degrees. Consequently, successful adaptation cannot be
inferred from the presence of a total-score shift alone; it requires simultaneous examination
of the final grade, the affected criterion profile, compensating changes, and spillover into
unrelated dimensions.

4.2. Human Reference Variability and Model-Human Alignment

The human evaluations showed that the reference scores were not fully invariant
across evaluators. Both evaluator pairs achieved moderate-to-strong agreement, but sys-
tematic differences in scoring severity remained. Thus, stronger agreement in the ordering
of responses did not eliminate differences in the absolute score levels assigned by the
evaluators. For rubric-matched model-human alignment, the human scores were retained
as separate comparison points rather than being reduced to a single averaged reference. For
this alignment analysis, averaging the two evaluators within each rubric condition would
have concealed the differences between them and produced a reference score that neither
evaluator had actually assigned. Previous studies have likewise evaluated agreement,
consistency, and scoring accuracy as distinct properties of LLM-based grading rather than
treating them as interchangeable indicators [19,32].

The results further showed that similarity between mean scores was not sufficient to
establish strong model-human alignment. A model may therefore show a small aggregate
bias while still differing substantially from the human score on individual responses,
because positive and negative errors can cancel when averaged. Exact agreement provided
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an additional qualification. These results are compatible with the higher QWK values
because ordinal agreement and exact score reproduction capture different aspects of model-
human alignment.

The cross-condition analysis further distinguishes rubric-matched alignment from shift
correspondence. A model may align comparatively well with human evaluators within each
rubric while failing to reproduce the change observed between rubric conditions. Within-
condition alignment measures proximity to a human reference under a fixed rubric, whereas
shift correspondence measures whether the model modifies its judgment in a similar
direction and magnitude when the rubric changes. The two properties are therefore related
but not equivalent. The human cross-condition difference must nevertheless be interpreted
cautiously. Rubric A was evaluated by E1 and E2, whereas Rubric B was evaluated by E3
and E4. The positive human shift may therefore reflect both the redistribution of criterion
maxima and differences in scoring severity between the evaluator pairs. It cannot be
interpreted as a controlled estimate of the isolated rubric effect. The comparison remains
informative as a descriptive assessment of whether the models reproduced the empirical
difference observed between the two human conditions.

The grading information differed between evaluator types. The LLMs received the
reference answer, expected content elements, and banned misconceptions, whereas the
human evaluators used only the question, student response, criterion definitions, and
rubric-specific point allocations. Model-human agreement therefore combines differences
in evaluative judgment with differences in the information available during grading. Under
this design, the agreement measures describe correspondence between the two operational
evaluation procedures rather than interchangeability between human and model evaluators
under matched informational conditions.

Overall, model-human alignment was evaluator-dependent, metric-dependent, and
condition-dependent. No model dominated simultaneously across both rubrics, both
human references, both response types, and all agreement measures. Reliable evaluation of
rubric-responsive LLM graders should therefore preserve separate human reference scores
and combine directional bias, response-level error, ordinal agreement, exact agreement,
and cross-condition shift correspondence rather than reducing performance to a single
coefficient or averaged score.

4.3. Cross-Model and Response-Type Specificity

The adaptation patterns were strongly model-specific. Cross-model differences were
significant for total-score shifts, affected-profile distances, and unaffected-profile distances
in both response categories. However, the magnitude of these differences was consistently
greater for technical responses. These differences were not explained by model size alone.
Within the evaluated model set, increasing parameter count therefore did not consistently
improve rubric adaptation or criterion-level stability.

The results also distinguish sensitivity from controlled adaptation. A model that
changed its scores strongly was not necessarily more responsive in a desirable manner.
This pattern indicates that the magnitude of a score change should not be interpreted
independently of its location within the rubric structure. Similarly, an unchanged total
score may conceal compensating changes between affected criteria. Such behavior would be
missed by analyses restricted to final-score differences. It also shows that total-score stability
can represent either genuine rubric insensitivity or successful compensation between
criteria, which have different implications for rubric fidelity.

Response-type effects were similarly nonuniform. The influence of response type
therefore depended on both the model and the adaptation outcome being examined. The
technical-argumentative contrast may reflect differences in the structure of the two as-
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sessment tasks. Although both rubric modifications transferred one point from Clarity to
another criterion, Completeness and Dialecticality represent different evaluative demands.
The models were therefore not responding merely to an identical numerical redistribution.
They were also interpreting the semantic relation between the reduced and increased cri-
teria within each response category. The stronger cross-model differences observed for
technical responses suggest that models varied considerably in how they separated clarity
from substantive coverage. This indicates that agreement at the total-score level does not
imply agreement in the criterion-level mechanism used to obtain that score.

Overall, the findings do not support a single model hierarchy that applies across all
adaptation outcomes. Models that performed comparatively well for total-score stability
were not always the strongest in criterion-level redistribution, unaffected-criterion stability,
or human-shift correspondence. Rubric-responsive grading should therefore be evaluated
for each model and response type separately. Model selection based only on average score
agreement or parameter scale would overlook substantial differences in how the grading
decision is internally redistributed across rubric criteria.

4.4. Methodological Implications and Study Limitations

The distinction between raw and normalized criterion shifts was also methodologically
important. Raw differences show how many points were gained or lost after the rubric
modification, whereas normalized differences account for the changing criterion maxima. A
criterion may receive a higher raw score under a larger maximum without receiving a larger
proportion of the available points. Reporting only one representation can therefore produce
an incomplete interpretation of whether a model adapted to the revised weighting. The
study further shows that stability should not be treated as a uniformly desirable outcome.
Stability in unaffected criteria supports localization of the rubric response, whereas stability
in the affected criteria may indicate rubric insensitivity. Similarly, an unchanged final score
may represent either no adaptation or compensating changes between the criteria whose
weights changed. The meaning of score stability depends on where it occurs within the
rubric structure.

Human comparison introduces an additional methodological requirement. Model—
human alignment under each rubric and correspondence between cross-rubric shifts assess
different questions. A model may approximate human scores within both conditions while
changing its evaluations differently when the rubric changes. Both forms of comparison
are necessary when the objective is to determine whether an automated grader is not only
accurate under a fixed rubric but also responsive to modifications in the assessment priorities.

Several limitations constrain the interpretation of the findings. First, the two human
rubric conditions were evaluated by different pairs of evaluators. This design reduced
potential carry-over and anchoring between rubric conditions but did not permit within-
evaluator estimation of human rubric adaptation. In contrast, each LLM evaluated every
response under both rubrics in a paired design. The observed human cross-condition shift
therefore combines potential rubric effects with pair-specific differences in scoring severity.
It provides a descriptive reference for the empirical difference between conditions but does
not isolate the causal effect of the rubric modification.

Second, the rubric modifications were limited to a one-point redistribution between
two existing criteria while the total score and remaining criterion definitions were preserved.
This controlled design made criterion-level changes directly comparable, but it does not
represent all forms of rubric revision. The dataset contained two response categories and a
fixed set of questions. The technical and argumentative tasks provided distinct criterion
structures, but the results may not generalize to other domains, educational levels, response
lengths, or assessment formats. The study evaluated the models without rubric-specific
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calibration or task-specific fine-tuning. The findings therefore describe the behavior of
general-purpose instruction-tuned models rather than the upper performance limit of
systems optimized for grading.

Third, the analysis focused on eight local open-weight models evaluated under a
fixed inference configuration. Same-rubric repetitions revealed run-to-run variability de-
spite unchanged prompts and generation parameters, so cross-rubric differences cannot be
attributed exclusively to rubric redistribution. Only one repetition per condition was per-
formed, without examining alternative prompt formulations or different decoding settings.
The observed adaptation patterns may partly depend on the specific inference protocol.

Future work should use within-evaluator crossover designs with counterbalanced
rubric order and an appropriate washout period, examine broader rubric transformations
across additional domains and assessment formats, increase same-rubric repetitions under
controlled prompt and decoding variations, and test rubric-specific calibration or task-
specific fine-tuning while preserving criterion-level observability.

5. Conclusions

This study examined whether local open-weight LLMs adapt their grading behavior
when the point allocation of an analytic rubric changes while the evaluated responses and
overall score scale remain constant. The models generally reduced their total scores under
Rubric B, although the human cross-condition scores increased on average. These shifts
were not uniformly aligned with the intended redistribution between the affected criteria.
In several cases, score changes extended to criteria whose definitions and maxima had
remained unchanged, but the same-rubric baseline showed that these differences cannot be
attributed exclusively to rubric redistribution. The analysis also showed that final-score
stability can conceal meaningful internal redistribution. Evaluating only final scores would
therefore have obscured both compensating adaptation and unintended spillover.

Overall, the findings indicate that rubric-responsive LLM grading should be assessed
as a multidimensional process. Reliable evaluation requires separate examination of total-
score changes, affected-criterion redistribution, unaffected-criterion stability, response-type
dependence, evaluator-specific alignment, and correspondence with human cross-condition
differences. A model should not be considered rubric-adaptive merely because its final
score changes after the rubric is modified. Human comparisons further demonstrated that
alignment under a fixed rubric and adaptation across rubric conditions are distinct properties.

Because different evaluator pairs applied the two rubrics, this cross-condition compar-
ison remains descriptive and cannot isolate the rubric effect from differences in evaluator
severity. Future work should extend this design to larger rubric transformations, addi-
tional domains, repeated scoring by the same human evaluators under counterbalanced
conditions, and controlled variations in prompts and decoding settings. Such studies
would help determine whether criterion-level adaptation can be improved through cali-
bration or task-specific training and whether the observed patterns remain stable across
assessment contexts.
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