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Abstract

When rubric-based feedback tools explain a
grade, students and instructors assume those
explanations reflect how the score was actually
determined. Yet it remains unclear whether
explanation components such as rubric assign-
ments and evidence spans reflect how scores
are constructed or primarily serve as post-hoc
justifications. This gap has direct implications
for automated essay scoring and rubric-based
feedback tools, where explanation reliability is
often assumed but rarely evaluated.

We introduce a knowledge graph framework
that represents human tutor grading traces as
structured objects, enabling controlled counter-
factual testing of explanation components. Us-
ing 400 grading traces from 10 expert human
tutors evaluating 100 narrative essays, we de-
fine a reconstruction-based diagnostic to mea-
sure how explanation components contribute
to score interpretation, independent of predic-
tion. Our results reveal a consistent asymmetry:
removing rubric-level information leads to sub-
stantial changes in reconstructed scores, while
removing evidence spans has minimal impact.
This suggests that rubric structure is central
to score interpretation, whereas cited evidence
spans may function primarily as post-hoc jus-
tifications. We further observe tutor-specific
variation in grading behavior. These findings
highlight the need for explanation mechanisms
that better align with scoring processes, ensur-
ing that feedback provided to learners is both
interpretable and functionally relevant.

1 Introduction

When a human tutor assigns a score to a student
essay and writes that the opening lacked narrative
tension or that the plot development was underde-
veloped, the student reads these comments as the
reason for the score. Yet in practice, holistic grad-
ing does not work this way. Human tutors typically
form an overall judgment first, then construct a

structured justification afterward (Messick, 1989).
Explanation components accompanying a grade,
rubric assignments, evidence spans, and written
comments may therefore not reflect how the score
was actually determined, but instead represent a
post-hoc narrative selected to be consistent with a
judgment already made.

This distinction matters for educational practice.
As rubric-based feedback tools and automated es-
say scoring systems become more widely deployed
(Ke and Ng, 2019; Zhang et al., 2020), explanations
are increasingly used by students to understand
their performance, by instructors to calibrate their
grading, and by institutions to validate assessment
quality (Madnani et al., 2018). If explanation com-
ponents are structurally disconnected from scoring
behavior, feedback built on these explanations risks
misleading learners about what actually determines
their grades.

Existing approaches have largely treated this as
a prediction problem: rubric-based AES systems
explain holistic scores by predicting rubric-level
scores from linguistic features (Ke and Ng, 2019;
De Vrindt et al., 2025), while faithfulness research
evaluates explanations by perturbing inputs and ob-
serving changes in model predictions (Jacovi and
Goldberg, 2020), assuming explanation signals act
as causal drivers of decisions (Jain and Wallace,
2019; Serrano and Smith, 2019). Fairness analy-
ses have further shown that scoring behavior varies
systematically across student subgroups (Kwako
and Ormerod, 2024; Schaller et al., 2024). Yet
a complementary question remains unaddressed:
how do individual evaluators structure their justifi-
cations, and do those justifications align with their
scoring behavior? We address this gap through the
following contributions:

1. A knowledge graph framework for auditing
human grading explanations as structured,
testable objects.
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2. Diagnostics for rubric attention, evidence us-
age, intra-tutor consistency, and rubric sensi-
tivity, revealing evaluator-specific patterns not
recoverable from scores alone.

3. The Explanatory Final Score (EFS), a
reconstruction-based diagnostic quantifying
evidential support for grading judgments with-
out any predictive model.

4. A counterfactual validation demonstrating a
structural asymmetry: rubric nodes are load-
bearing for score reconstruction while evi-
dence spans are not.

2 Related Work

Automated essay scoring (AES) systems have
evolved from feature-engineered approaches (At-
tali and Burstein, 2006) to neural models
(Taghipour and Ng, 2016; Dong and Zhang, 2017),
with recent work emphasizing interpretability
through rubric alignment or feedback generation.
Rubric-based approaches have sought to provide
more interpretable scoring by grounding predic-
tions in explicit assessment criteria (Ke and Ng,
2019; Zhang et al., 2020), with recent work ex-
tending this to multi-trait scoring across multiple
rubric dimensions simultaneously (Do et al., 2023;
He et al., 2022). While these approaches improve
transparency relative to holistic scoring models,
they remain outcome-oriented: rubric predictions
are validated by their correlation with human scores
rather than by whether they reflect the structural
reasoning of human evaluators. Our framework de-
parts from this paradigm by treating rubric-linked
evidence as a structural artifact of human reasoning
rather than a predictive signal. This concern is di-
rectly relevant to rubric-based scoring systems cur-
rently being developed for educational practice, in-
cluding the BEA 2026 shared task on rubric-based
short answer scoring, where the reliability of rubric-
linked explanations remains an open question.

Most closely related to our work, De Vrindt et al.
(2025) proposed explaining holistic scores from
comparative judgment assessments by predicting
rubric scores from linguistic features. While this
provides transparency about what holistic scores
represent, it remains model-centric and critically
assumes that rubric scores causally explain holis-
tic judgments. Our findings directly challenge
this assumption: removing rubric-linked evidence
spans leaves EFS and the reconstructed score sta-
ble, while removing rubric nodes causes both to

collapse, indicating that rubric structure is load-
bearing for explanatory reconstruction while indi-
vidual spans are not. Rather than predicting rubric
scores, our framework audits the structural proper-
ties of existing human explanations without assum-
ing an underlying predictive decision function.

Prior work has examined explanations as com-
municative artifacts rather than causal traces
(Miller, 2019), and educational assessment re-
search emphasizes that grading involves nuanced
judgment and selective evidence use beyond numer-
ical scores (Madnani et al., 2018). Measurement
theory similarly evaluates validity through inter-
pretability and consequences of evaluation prac-
tices (Messick, 1989). Our framework enables
structural auditing of tutor explanations aligned
with this perspective.

Within educational measurement, the distinction
between construct validity and surface plausibility
is well established (Messick, 1989): an explanation
may appear well-reasoned to a reader while failing
to reflect the actual evaluative process that pro-
duced the score. Cognitive research on expert judg-
ment further shows that evaluators often cannot
accurately report the criteria driving their decisions
(Nisbett and Wilson, 1977), constructing post-hoc
narratives that are coherent but not causally accu-
rate. Our framework operationalizes this insight
structurally: rather than asking tutors to self-report
their reasoning, we audit the relationship between
their provided evidence and their scores directly
through the knowledge graph.

Knowledge graphs have been used in NLP for
structured reasoning and explainability (Bosselut
et al., 2019; Ilievski et al., 2021; Guo et al., 2022),
with educational applications modeling assessment
criteria and learner knowledge (Liu et al., 2019).
Unlike Ilievski et al. (2021), who use knowledge
graphs as auxiliary reasoning inputs for down-
stream prediction, our graph encodes tutor behavior
as the primary object of structural analysis rather
than as a feature for a learned model. This de-
sign choice is reflected directly in our schema: the
six node types and seven edge types are chosen to
preserve the structural separation between holistic
judgment and cited evidence, making counterfac-
tual node removal tractable without reconstructing
relational dependencies from scratch.

Graph-based representations have also been ap-
plied to model argumentation structure and evi-
dence relations in educational contexts (Stab and
Gurevych, 2017), where the goal is to identify how
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claims are supported by textual evidence. Our use
of knowledge graphs is complementary but distinct:
rather than parsing argument structure from essay
text, we encode evaluator behavior, linking rubric
criteria, evidence spans, and scores as relational
objects. Whereas argumentation graphs treat evi-
dence relations as properties of the text, our graph
treats them as properties of the evaluator, enabling
auditing of explanation properties such as cover-
age, dependence, and consistency at the individual
tutor level, without making assumptions about the
underlying decision function.

Research on free-text explanation faithfulness
is also directly relevant to our setting. Wiegreffe
and Pinter (2019) and Hase et al. (2020) examine
whether natural language explanations are faith-
ful to underlying model decisions, distinguishing
between explanations that are plausible to humans
and those that are causally grounded in the decision
process. Our work extends this concern to human
evaluators: just as model-generated explanations
may be post-hoc rationalizations rather than causal
traces, tutor-provided evidence spans may function
as justificatory artifacts rather than determinants of
grading decisions.

Faithfulness-oriented approaches ask whether
explanations change when inputs are modified (Ja-
covi and Goldberg, 2020; Wachter et al., 2017),
with benchmarks such as ERASER (DeYoung et al.,
2020) evaluating whether rationales are necessary
for model predictions. Feature-attribution meth-
ods such as LIME and SHAP (Ribeiro et al., 2016;
Lundberg and Lee, 2017) similarly identify input
features that influence model outputs. Our setting
differs fundamentally: we analyze explanations
produced by human evaluators rather than model
predictions, focusing on structural properties of
justification rather than feature attribution.

While prior faithfulness research has focused on
model-generated explanations, the criteria for eval-
uating faithfulness — causal grounding, structural
consistency, and resistance to post-hoc rational-
ization — apply equally when the decision-maker
is human. Human evaluators, like learned mod-
els, produce explanations that may be plausible
without being causally accurate (Nisbett and Wil-
son, 1977; Miller, 2019). Our framework extends
faithfulness auditing to this setting, treating hu-
man grading traces as behavioral objects subject
to the same structural scrutiny applied to model
outputs, while recognising that the absence of a
learned decision function requires structural rather

than perturbation-based evaluation criteria.

3 Knowledge Graph Construction

We represent each grading trace as a knowledge
graph encoding the relational structure of a tutor’s
evaluative reasoning, connecting evaluators to es-
says, rubric criteria to textual evidence spans, and
scores to justifications. Three properties make this
representation essential. First, it operates exclu-
sively on tutor annotations with no learned repre-
sentations, ensuring observed patterns reflect ac-
tual tutor behavior rather than artifacts of a scoring
function, distinguishing our framework from rubric
prediction approaches (Ke and Ng, 2019; De Vrindt
et al., 2025). Second, targeted counterfactual in-
terventions are tractable: removing a rubric node
automatically severs all associated ATTENDS_TO

and EVIDENCE_FOR edges without reconstructing
relational dependencies from scratch. Third, each
grading trace extends a tutor’s reasoning history
without retraining, enabling explanation reliability
to be evaluated relative to the individual evaluator, a
necessary condition given that faithfulness is not a
population-level property but an evaluator-specific
one.

3.1 Dataset Overview

Our dataset comprises 400 grading traces from 10
expert tutors evaluating 100 narrative essays writ-
ten by secondary school students. Essays were
composed in response to a shared prompt and
graded independently using a ten-criterion rubric:
Opening, Plot, Characters, Description, Theme
Depth, Language Style, Ending, Accuracy, Control
Register, and Creativity, with rubric scores sum-
ming to a total mark out of 40.

Each grading trace contains three annotation
types: rubric-level scores, free-form written com-
ments, and span-level annotations linking contigu-
ous text segments to specific rubric criteria, captur-
ing not only the score assigned but which textual ev-
idence was cited and under which criterion. Tutors
did not grade all essays, reflecting realistic mark-
ing conditions; this partial assignment structure al-
lows tutor-specific patterns to emerge without con-
founding cross-tutor comparison. While smaller
than large-scale AES benchmarks, this scale is ap-
propriate for a diagnostic framework paper and is
comparable to prior structural analyses of human
assessment behavior (De Vrindt et al., 2025).
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3.2 Tutor-Specific Grading Profiles
Each tutor is associated with a grading profile com-
prising a stated grading focus and a rubric prefer-
ence distribution indicating the relative importance
assigned to each of the ten criteria. Declared pri-
orities vary substantially across evaluators: some
tutors concentrate weight on a single criterion such
as Theme Depth or Description, while others dis-
tribute attention uniformly across all rubric dimen-
sions. These weights are purely descriptive. They
are not learned parameters and are never used to
compute grades; they provide interpretive context
for observed explanation behavior. Although all
tutors apply the same rubric schema, differences in
declared emphasis give rise to systematic variation
in evidence selection and justification construction,
motivating analysis at the individual evaluator level
rather than across tutors.

3.3 Graph Schema
The schema is fixed across all tutors and essays,
ensuring grading traces are represented in a consis-
tent, comparable structure. It comprises six node
types and seven edge types, each corresponding to
a distinct component of the assessment process.

Node types. Tutor, Essay, and Prompt nodes rep-
resent evaluators, submissions, and the shared writ-
ing task respectively. Rubric nodes represent the
ten evaluation criteria. Span nodes represent con-
tiguous text regions annotated as evidence for a
rubric criterion. OverallEvaluation nodes capture
a tutor’s complete assessment, including total mark
and written feedback.

Figure 1: Knowledge graph schema illustrating the six
node types and seven edge types used to represent a
grading trace.

Edge types. Essays link to prompts via RE-
SPONDS_TO and tutors to prompts via EVALU-
ATES_UNDER. Assessments connect to evaluators

via PROVIDES and to essays via ABOUT. Spans link
to essays via HAS_SPAN and to rubric criteria via
EVIDENCE_FOR. Rubric-level scores are stored on
ATTENDS_TO edges between OverallEvaluation
and Rubric nodes.

As illustrated in Figure 1, rubric-level scores
and free-form comments are recorded together in
a single OverallEvaluation node, while evidence
spans are linked separately to rubric criteria via EV-
IDENCE_FOR, preserving the structural distinction
between a tutor’s holistic judgment and the textual
evidence cited in support of it. This separation is
what makes targeted counterfactual interventions
tractable: removing a rubric node severs its AT-
TENDS_TO and EVIDENCE_FOR edges in a single
operation, isolating the structural contribution of
that criterion to the explanation without disturbing
the holistic score recorded in the OverallEvaluation
node.

4 Empirical Analysis of Tutor
Explanation Structure

4.1 Local Explanation Diagnostics
We analyze structural properties of tutor explana-
tions to understand how rubric criteria and textual
evidence are used to justify grading decisions. We
examine three diagnostics: rubric attention, evi-
dence usage, and intra-tutor consistency.

Rubric Attention. We measure how frequently
tutors ground explanations in textual evidence as-
sociated with each rubric. For tutor t and rubric r,
rubric attention is defined as:

A(t, r) = |St,r|
where St,r denotes the set of evidence spans linked
to rubric r. Tutor 1 cites the highest attention for
Characters (A = 5) compared to all other crite-
ria (A = 2 each), while Tutor 2 concentrates on
Description (A = 4) and Theme Depth (A = 3),
with Characters receiving lower attention (A = 2).
These differences persist across essays and are not
recoverable from rubric scores alone.

Evidence Usage. We examine how evidence
span density relates to rubric-level score magnitude.
For tutor t, essay e, and rubric r, the normalized
rubric score is:

ŝ(t, e, r) =
at,e,r
mr

where at,e,r is the score assigned by tutor t to rubric
r for essay e, and mr is the maximum possible
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score for that criterion. Span count does not in-
crease monotonically with score magnitude. For
Tutor 1 on Essay 2, Characters receives 4 spans
yet a normalized score of only 0.33, while Theme
Depth receives 1 span with a score of 1.0 on Es-
say 1. This pattern confirms that tutors use ev-
idence interpretively rather than additively, with
spans functioning as selective justificatory refer-
ences rather than aggregated evidence.

Intra-Tutor Consistency. We examine whether
tutors apply rubric criteria consistently across es-
says. For tutor t and rubric r, rubric variability is
defined as:

V (t, r) = max
e

ŝ(t, e, r)−min
e

ŝ(t, e, r)

As shown in Table 1, Accuracy exhibits high con-
sistency for both tutors (variance = 0.17), function-
ing as a stable constraint. Theme Depth shows zero
variance for Tutor 2 yet variance of 0.67 for Tutor 1,
reflecting evaluator-specific differences in how the
same criterion is applied. Consistency patterns are
therefore tutor-dependent and cannot be assessed
against a shared standard.

Tutor Rubric Score Range Consistency

Tutor 1 Opening 1.00 Low
Tutor 1 Description 1.00 Low
Tutor 1 Characters 0.67 Low
Tutor 1 Plot 0.60 Low
Tutor 1 Accuracy 0.17 High

Tutor 2 Creativity 0.75 Low
Tutor 2 Description 0.67 Low
Tutor 2 Characters 0.33 Medium
Tutor 2 Accuracy 0.17 High
Tutor 2 Theme Depth 0.00 High

Table 1: Rubric-level consistency patterns for Tutor 1
and Tutor 2, showing score range and consistency clas-
sification across essays.

4.2 Explanatory Score Reconstruction

To summarize how well a grading judgment is
supported by explicit rubric-linked evidence, we
introduce the Explanatory Final Score (EFS): a
reconstruction-based diagnostic that aggregates
rubric-level justification into a single measure in
the same unit as the original assessment. EFS is not
a predictive metric; it quantifies for a fixed grading
judgment how much of that judgment is explicitly
grounded in the rubric-linked evidence the tutor
has provided.

For tutor t, essay e, and rubric r, let St,e,r denote
the set of evidence spans annotated for r. The proxy
justification score is:

p(t, e, r) =
1

|St,e,r|
∑

s∈St,e,r

marks(r)

max_marks(r)

When no spans are present, p(t, e, r) = 0, reflect-
ing an absence of explicit justification for that cri-
terion.

Aggregating proxy scores across essays yields
rubric-level sensitivity:

Var(t, r) = Vare(p(t, e, r))

Higher variance indicates a discriminative rubric;
lower variance indicates a stable constraint.
SoftDep(t, r) additionally flags whether justifica-
tion collapses to zero for at least one essay when
rubric-linked evidence is removed.

Combining sensitivity and soft dependence
yields descriptive rubric weights:

w(t, r) = normalize(Var(t, r) + SoftDep(t, r)),
∑

r

w(t, r) = 1

These weights are not used to recompute or adjust
the tutor’s original holistic score.

Explanatory Final Score. The weighted rubric
contribution is:

C(t, e, r) = w(t, r) · p(t, e, r)

The normalized EFS aggregates these contribu-
tions:

EFSnorm(t, e) =
∑

r

C(t, e, r)

Rescaling to the full mark range gives:

EFS40(t, e) = 40× EFSnorm(t, e)

For Tutor 1’s evaluation of Essay 2, this yields
EFS40 = 36.6, indicating that 36.6 of 40 marks
are explicitly supported by rubric-linked evidence.

Worked Example. Explained marks per rubric
are:

ExplainedMarksr = pr ×Mr

Aggregating with rubric weights yields:

EFSraw =
∑

r

wr × ExplainedMarksr = 3.55
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Normalizing and rescaling:

EFSnorm = 0.916 EFS40 = 36.6

A low EFS indicates that a substantial portion of
the tutor’s judgment is not explicitly grounded in
rubric-linked evidence, suggesting either that the tu-
tor relied on holistic impression without citing sup-
porting spans, or that the explanation components
provided are structurally insufficient to reconstruct
the grading decision. For feedback system design-
ers, this signals that the explanation accompanying
a grade may not be reliable enough to guide student
revision.

5 Explainability Analysis

5.1 Aggregate Tutor Style via Rubric
Emphasis

To characterize how tutor explanations diverge de-
spite a shared rubric schema, we measure how ex-
planatory evidence is distributed across rubric di-
mensions. For each tutor t and rubric r, rubric
emphasis is defined as the average number of evi-
dence spans per essay:

E(t, r) =
1

|Et|
∑

e∈Et

|St,e,r|,

where St,e,r denotes the set of spans linked to rubric
r in essay e, and Et is the set of essays graded by
tutor t.

Clear tutor-specific patterns emerge. Tutors with
balanced preferences (e.g., Tutor 4) show rela-
tively uniform explanatory emphasis across nar-
rative rubrics, whereas tutors with focused prefer-
ences (e.g., Tutor 2) emphasize Theme Depth and
Characters, closely aligning with declared rubric
weights in the graph metadata.

Importantly, span density does not directly re-
flect rubric importance: concrete criteria (e.g., Ac-
curacy) attract localized evidence, while abstract
criteria rely on fewer, global references. Rubric
emphasis therefore captures how tutors justify judg-
ments rather than how much they value a criterion,
providing a behaviorally grounded signal of tutor-
specific explanation style.

5.2 Aggregate Rubric Sensitivity Across
Tutors

While rubric emphasis captures where tutors fo-
cus their explanations, sensitivity analysis reveals
which rubrics actually drive variation across sub-
missions. For each tutor t and rubric r, we compute

the standard deviation of baseline proxy justifica-
tion scores across essays:

σ(t, r) = StdDeve(p(t, e, r))

Higher values indicate discriminative rubrics;
lower values indicate stable constraints.

Opening reaches σ = 1.00 for Tutor 1 and Plot
averages σ = 0.74 across tutors, indicating that
narrative dimensions consistently play a discrimi-
native role in tutor explanations. In contrast, Accu-
racy (σ = 0.17) and Control Register (σ = 0.19)
exhibit consistently low sensitivity, functioning as
stable floor constraints regardless of essay qual-
ity. Sensitivity remains tutor-dependent despite the
shared rubric schema: Creativity is highly discrim-
inative for some tutors (σ = 0.81, Tutor 3) but
near-stable for others (σ = 0.09, Tutor 5), while
Theme Depth shows moderate variance across most
tutors (σ = 0.52–0.67), functioning as a shared
evaluative anchor.

Together with rubric emphasis, sensitivity anal-
ysis disentangles where tutors focus their expla-
nations from which criteria actively differentiate
essays, two dimensions of explanation behavior
that scores alone cannot reveal.

5.3 Tutor Variance and Structural Motivation

Before analyzing explanation structure, we first test
whether evaluator identity contributes measurable
variation to grading outcomes. If tutors behaved
interchangeably after controlling for essay quality,
modeling tutor-specific reasoning would be unnec-
essary. To evaluate this, we perform a two-way
analysis of variance (ANOVA) that decomposes
score variance into essay-level and tutor-level com-
ponents.

Formally, we model the assigned score yi,j for
essay i graded by tutor j as

yi,j = µ+ αi + βj + εi,j ,

where µ denotes the global mean score, αi cap-
tures the effect of essay i (representing essay qual-
ity differences), βj captures the tutor-specific grad-
ing effect, and εi,j represents residual variation.

As expected, essay identity strongly predicts
score (F49,124 = 13.32, p < 0.001), confirming
substantial variation in essay quality. More impor-
tantly, tutor identity also significantly affects scores
(F9,124 = 6.31, p < 0.001). The corresponding ef-
fect size (η2 = 0.068) indicates that approximately
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6.8% of total score variance is attributable to evalu-
ator identity after controlling for essay differences.

Although essay quality explains the majority of
grading variance, the non-trivial contribution of
tutor identity demonstrates structured evaluator-
dependent behavior. This result shows that tutors
are not interchangeable graders and motivates mod-
eling tutor-specific explanation structure.

Source Sum Sq df F p-value

Essay ID 11792.67 49 13.32 4.68× 10−31

Tutor ID 1026.50 9 6.31 2.51× 10−7

Residual 2240.30 124 – –

Table 2: Two-way ANOVA decomposition of score
variance.

5.4 Baseline Modeling via Additive Span
Regression

To evaluate whether rubric evidence can explain
scores through simple additive relationships, we
compare our structural framework against a linear
regression baseline that predicts total score from
rubric-linked span counts.

The regression model explains only a small frac-
tion of grading variance (R2 = 0.160, adjusted
R2 = 0.116), indicating weak explanatory power.
Among all rubric dimensions, only Description
(p = 0.032) and Accuracy (p = 0.003) emerge as
statistically significant predictors of score. In con-
trast, several core narrative dimensions, including
Characters (p = 0.711), Creativity (p = 0.870),
and Plot (p = 0.208), show no reliable linear rela-
tionship with the final grade.

However, our structural analysis reveals substan-
tial variability in these same dimensions. For ex-
ample, the Rubric Sensitivity metric shows high
variance for Characters (σ = 0.80) and Theme
Depth (σ = 0.67), indicating that these criteria
play discriminative roles across tutors and essays
despite lacking additive span–score relationships.

This contrast highlights a limitation of additive
evidence models: linear regression assumes that
grading decisions arise from symmetric accumula-
tion of evidence counts, whereas human evaluation
reflects structured reasoning in which rubric dimen-
sions interact and play different justificatory roles.
Consistent with this, our additive span baseline
explains only a small portion of grading variance
(R2 ≈ 0.16). Because our setting contains no
predictive model, gradient-based and perturbation-
based attribution methods such as LIME, SHAP,

and ERASER are inapplicable by definition. The
additive span regression therefore serves as the
strongest applicable comparator and its failure con-
firms that explanation structure in human evalua-
tion cannot be captured through simple evidence
accumulation alone, motivating explicit structural
modeling.

5.5 Unsupervised Discovery of Tutor Grading
Styles

To examine whether tutors exhibit systematic grad-
ing styles, we cluster tutors based on their rubric
attention profiles. Each tutor t is represented as a
vector of average rubric-linked span counts across
rubric dimensions:

vt = [st,r1 , st,r2 , . . . , st,r10 ]

where st,r denotes the average number of spans
cited by tutor t for rubric r per essay.

Hierarchical clustering using Euclidean distance
reveals two distinct tutor groups (Figure 2). The
separation is primarily driven by differences in at-
tention to surface-level criteria.

Figure 2: Hierarchical clustering of tutor grading styles
based on rubric attention vectors.

Cluster 2 shows higher emphasis on Accuracy,
Language_Style, and Control_Register (e.g., 1.68
vs. 0.68 spans per essay for Accuracy). In con-
trast, Cluster 1 distributes attention more evenly
across narrative dimensions such as Description
and Theme_Depth. These patterns correspond to
two grading profiles: a surface-focused style em-
phasizing mechanical correctness and a narrative-
focused style prioritizing interpretive criteria. No-
tably, these groupings emerge without supervision,
indicating structured variation in how tutors justify
their evaluations.

To assess robustness, we performed bootstrap
resampling of essays (1000 iterations) and recom-
puted the clustering. Cluster agreement with the
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original assignment was measured using the Ad-
justed Rand Index (ARI). The mean ARI was 0.73
(Figure 3), indicating moderate-to-strong stability
and consistent recovery of the original clustering
structure.

Figure 3: Bootstrap stability of tutor clusters measured
using the Adjusted Rand Index (ARI).

Together, these results show that tutor grading
styles form reproducible structural patterns rather
than random variation. This finding supports our
central premise that explanation faithfulness in as-
sessment settings must be evaluated relative to
tutor-specific reasoning behavior rather than as-
suming a uniform grading policy.

5.6 Structural Ablation
To evaluate which rubric dimensions act as struc-
tural anchors in tutor explanations, we perform
a counterfactual structural ablation analysis. For
each tutor, we first compute the baseline explana-
tory reconstruction score (EFS). We then remove
one rubric node from the knowledge graph, recom-
pute the EFS, and measure the percentage drop rel-
ative to the baseline. This procedure quantifies the
justificatory load of each rubric dimension within
the explanation structure.

Figure 4: Structural ablation impact for Tutor 1.

Figure 4 illustrates the ablation impact for Tu-
tor 1. Removing Accuracy produces the largest

collapse in explanatory reconstruction (36.2%),
indicating that a substantial portion of the tu-
tor’s justification depends on surface-level correct-
ness. Secondary contributions arise from Charac-
ters (17.1%), Description (13.4%), and Language
Style (10.8%), while dimensions such as Opening
and Ending produce negligible structural impact
(≈ 1.4%).

To understand global patterns across evalua-
tors, we repeat the ablation procedure for all tu-
tors and visualize the distribution of impacts per
rubric(Figure 5). The results reveal a hierarchical
justificatory structure. Narrative dimensions con-
sistently act as structural anchors, with Description
producing the largest average collapse (33.65%),
followed by Theme Depth (23.21%) and Charac-
ters (19.52%).

Figure 5: Distribution of structural ablation impact
across tutors.

In contrast, surface-level criteria such as Accu-
racy show moderate mean impact (8.62%) but ex-
tremely high variability (σ = 18.46, maximum
50%), indicating that they function as dominant
anchors for some tutors but play little role for oth-
ers. Finally, rubrics such as Opening, Ending, and
Plot exhibit uniformly minimal impact (typically
< 1%), suggesting limited justificatory centrality.

Together, these results demonstrate that tutor
explanations exhibit both shared hierarchical struc-
ture and strong evaluator-specific dependencies.
Certain rubric dimensions function as global justi-
ficatory anchors, whereas others act as divergence
markers that differentiate tutor reasoning styles.

5.7 Counterfactual Validation of Structural
Hierarchy

To test whether the Explanatory Final Score (EFS)
captures meaningful justificatory structure rather
than acting as a simple aggregation, we perform
a counterfactual rubric-removal validation. Based
on the global ablation analysis, rubrics are parti-
tioned into high-load (Description, Theme Depth,
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Characters) and low-load (Opening, Ending, Plot)
groups.

For each tutor–essay pair, we measure the
change in EFS (∆EFS) when individual rubrics
are removed from the explanation graph. If EFS
reflects hierarchical justificatory dependence, re-
moval of structurally central rubrics should pro-
duce substantially larger degradation than removal
of peripheral ones.

Consistent with this expectation, removing high-
load rubrics produces large collapses in explana-
tory reconstruction (mean ∆EFS ≈ 25%), whereas
removal of low-load rubrics has negligible effect
(mean ∆EFS < 1%). This difference is highly sig-
nificant (p < 10−12) with a large effect size. This
result demonstrates that EFS behaves as a struc-
tural sensitivity metric rather than a descriptive
aggregate, as it responds asymmetrically to coun-
terfactual removal of justificatory components.

6 Conclusion

This paper examined explanation faithfulness in
settings where decisions are produced by human
evaluators rather than learned models. By repre-
senting tutor grading behavior as explicit evidence–
rubric–score relations in a knowledge graph, we
treat explanations as structured behavioral traces
rather than post-hoc rationalizations. This repre-
sentation enables analysis of explanation proper-
ties such as emphasis, alignment, consistency, and
dependence without assuming an underlying pre-
dictive decision function. Our analyses show that
human grading decisions are holistic, while expla-
nations exhibit stable tutor-specific structure. Evi-
dence spans function primarily as justificatory ar-
tifacts rather than causal determinants of scores,
revealing a limitation of score-perturbation–based
faithfulness metrics in human evaluation settings.

These findings suggest that faithfulness for
human-aligned NLP systems should be evaluated
structurally and behaviorally rather than solely
through outcome sensitivity. LLMs optimised to
produce globally plausible explanations may gener-
ate rubric-grounded justifications that nonetheless
fail to reflect the structural reasoning of a specific
evaluator. Future work should apply the EFS diag-
nostic to audit LLM-generated feedback against hu-
man grading traces, providing a structural ground
truth for alignment before deployment in real as-
sessment pipelines. Although demonstrated on es-
say scoring, the framework generalises to other ex-

pert evaluation settings such as medical diagnosis
and code review.

For feedback system designers, these findings
suggest a concrete design principle: explanation
components should be evaluated not by their plau-
sibility but by their structural alignment with scor-
ing behavior. A system whose explanations are
rubric-grounded but evidence-light may still pro-
duce reliable feedback, whereas a system whose
explanations cite abundant evidence but lack rubric
structure may mislead learners about what actually
determined their grade. EFS provides a diagnostic
for making this distinction, enabling designers to
audit explanation reliability before deployment.

Limitations

Our analysis is conducted on a controlled dataset
of 100 essays evaluated by 10 tutors (400 grad-
ing traces). While sufficient for explainability di-
agnostics, the dataset remains smaller than large-
scale AES benchmarks, though comparable to prior
structural analyses of human assessment behavior
(De Vrindt et al., 2025). Future work should evalu-
ate generalizability across larger datasets, diverse
institutions, and grading tasks.

Second, the study focuses on narrative essay
grading under a fixed rubric schema. Although
the proposed knowledge graph representation is
task-agnostic, empirical validation on other expert
evaluation settings, such as peer review, code as-
sessment, medical decision support, remains future
work.

Third, our analyses examine structural properties
of explanations rather than causal determinants of
grading decisions. The counterfactual experiments
evaluate how explanation structure responds to ev-
idence removal while keeping scores fixed, and
therefore should be interpreted as diagnostics of
justificatory dependence rather than causal mecha-
nisms of human judgment.

Finally, the Explanatory Final Score (EFS) is
introduced as a reconstruction metric that measures
how much of a tutor’s judgment is supported by
explicit rubric-linked evidence. While our coun-
terfactual validation shows that EFS captures hi-
erarchical explanation structure, further work is
needed to evaluate how well this metric generalizes
across datasets and how it should be interpreted in
real-world assessment systems.
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Ethics Statement

This work analyzes human grading explanations in
educational assessment. All grading data used in
this study consists of tutor annotations collected un-
der controlled research conditions. No personally
identifiable information about students or tutors
is disclosed, and all evaluators participated with
awareness that their grading traces would be used
for research purposes.

Our framework is intended as a diagnostic tool
for auditing explanation structure rather than as
an automated grading or evaluator ranking system.
We caution against deploying EFS or related met-
rics as performance indicators for individual tutors
without appropriate human oversight, as doing so
risks reducing complex evaluative judgment to a
single numeric signal.

Finally, while our knowledge graph representa-
tion could in principle be applied to align LLM-
generated feedback with specific tutor styles, such
applications should be designed with care to avoid
reinforcing evaluator biases or creating systems
that replicate inequitable grading patterns at scale.
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