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Abstract: High-stakes writing assessment is a standards-referenced judgment practice in which
reliability depends on shared interpretations of quality rather than mechanical measurement. This study
examines reliability and standards communication in a rubric-driven, Al-supported system for Alberta
English Language Arts 30—1. Fifteen publicly released exemplar essays (2022-2024) were evaluated
using verbatim rubric embedding, criterion-level evidence requirements, and a gated decision process
without numerical aggregation. Reliability was assessed through alignment with authorized
classifications and stability across repeated evaluations (150 decisions). The system matched official
classifications in 93.3% of cases and was fully stable across repetitions, with all disagreements confined
to adjacent performance boundaries. Qualitative comparison of teacher and Al commentaries indicates
that the system more consistently externalized criterion-referenced warrants, enhancing transparency
without displacing human authority. Findings frame reliability as an emergent property of assessment-
system design and position Al as infrastructure for contestable standards communication.

Introduction

Assessment is not only a measurement problem; it is a
sensemaking problem. In standards-referenced writing
assessment, quality is determined through qualitative
comparison to articulated standards, with expert judgment
doing the heavy lifting (Sadler, 1987, 1989). Rubrics do not
automate correctness; they mediate interpretation by specifying
what counts as quality and how performance distinctions are
recognized (Dawson, 2017). Yet even with rubrics, judgments
can diverge—especially at boundaries where student work
partially satisfies competing descriptors (Kuiken & Vedder,
2014). From a validity perspective, the key question is not
whether scores match, but whether interpretations and uses of
results are warranted and defensible (Kane, 2013).

Large language models (LLMs) have renewed interest in
automated scoring and feedback. Studies report that LLM-
based scoring can approach conventional agreement
benchmarks under controlled prompting (Shermis, 2025) and
that intra-rater stability can be strong in constrained settings
(Pack et al., 2024). At the same time, concerns persist about
construct representation and the tendency of automated systems
to rely on proxies (e.g., surface linguistic features) rather than
rubric-aligned qualities of reasoning and rhetorical
effectiveness (Kumar & Boulanger, 2021). For learning
sciences audiences, a productive shift is to treat Al not as a
replacement rater, but as a tool that can make the enactment of
standards more visible, auditable, and discussable—supporting
professional learning and contestability while preserving
human authority (Aloisi, 2023; Richardson & Clesham, 2021).

Empirical research complicates assumptions that rubric
alignment produces interchangeable judgments between
humans and Al systems. Comparative studies report low to
moderate agreement even under shared analytic rubrics and

calibration protocols, indicating that rubrics constrain
interpretation without standardizing it (Wetzler et al., 2025).
Divergences are patterned rather than random: Al systems
demonstrate proportional bias across performance levels and
greater stability for surface linguistic features than for higher-
order rhetorical and conceptual dimensions (Bui & Barrot,
2025; Zhao et al., 2023). Agreement indices alone therefore
provide an incomplete account of reliability. Although many-
facet Rasch models estimate rater severity and task effects
(Yamashita, 2024), high internal consistency can coexist with
systematic interpretive misalignment (Jin et al., 2025), and
short-term stability may deteriorate through model drift (Hackl
et al.,, 2023). Beyond agreement, concerns about construct
representation persist. Deep learning—based systems may
exceed human—human agreement while relying on opaque
feature proxies that lack transparent alignment with rubric-
defined constructs (Kumar & Boulanger, 2020, 2021). Studies
of rubric explicitness further demonstrate that stability
improves only when evaluative logic is externalized through
detailed descriptors and decision rules (Garcia-Varela et al.,
2025; Wu et al., 2025). Taken together, this literature suggests
that reliability in Al-assisted writing assessment is less a
property of models than an outcome of assessment-system
design and standards mediation (Farzi, 2024; Bucol &
Sangkawong, 2025).

This study tests that design stance in a high-stakes, standards-
referenced context: Alberta ELA 30-1. We evaluate whether a
rubric-driven, evidence-required Al system can (a) produce
stable  performance-level recommendations and (b)
communicate standards through transparent, criterion-
referenced warrants.
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Research Questions

RQI1. How consistent are Al-supported performance-level
recommendations compared with authorized human
performance classifications in a high-stakes writing assessment
context?

RQ2. How do Al-generated commentaries justify judgments in
relation to rubric criteria and standards?

RQ3. How do human and Al commentaries converge or diverge
in reasoning at adjacent performance boundaries?

Methodology

Fifteen publicly released Alberta ELA 30-1 exemplar essays
from 2022-2024 were selected when the official performance
level and accompanying commentary were available. Official
classifications were treated as authorized reference judgments
for system-to-reference comparison (Alberta Education, 2022,
2023, 2024).

The system was built as a rubric-mediated judgment procedure
rather than a generative grader. The official ELA 30-1 scoring
guide was embedded verbatim, with no added criteria, numeric
weights, or composite scoring. For each essay, the system
produced criterion-level judgments aligned to the relevant
rubric categories, required textual evidence (quotations or
explicit text references) before stating evaluative claims, and
produced an overall performance level via a gated, exclusion-
based procedure (e.g., a single criterion pattern excluding a
higher level prevented an upgrade ). This design follows
standards-referenced logic: thresholds are qualitative and
defensible when the evidence—standard link is explicit (Sadler,
1987, 1989; Kane, 2013).

System reliability was examined in two ways: alignment (exact
agreement between system recommendations and authorized
performance levels across ordered categories) and intra-system
stability (each essay evaluated 10 times under identical
conditions; 15 % 10 =150 decisions). Standards communication
was examined qualitatively by comparing teacher and Al
commentaries as artifacts of judgment. Drawing on criteria-
referenced feedback principles, attention focused on whether
commentaries (i) explicitly referenced criteria/standards, (ii)
grounded claims in textual evidence, and (iii) made the warrant
linking evidence to level visible (Brookhart, 2017).

Results

Across 150 repeated decisions, the system’s performance-level
recommendations were 100% stable under identical conditions
(no classification changes across runs). For system-to-reference
alignment, the system matched authorized classifications in
140/150 decisions (93.3%). All ten mismatches occurred at
adjacent boundaries (Satisfactory—Proficient or Proficient—
Excellent); there were no non-adjacent disagreements.

Inspection of mismatch cases indicated a consistent pattern:
both sources (teacher and system) typically cited overlapping
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textual evidence and operated within the same rubric categories
but differed in how they weighted evidence relative to threshold
descriptors. In learning sciences terms, disagreements
concentrated where the task demands interpretive calibration—
precisely the zone where standards-referenced assessment
predicts judgment pressure to be highest (Kuiken & Vedder,
2014; Sadler, 1987).

Teacher commentaries often condensed reasoning into
professional shorthand, while Al commentaries more
consistently externalized warrants: explicit criterion reference,
direct evidence citation, and why this meets/does not meet the
descriptor explanations. This does not imply superior judgment;
it reflects the communicative affordance of an evidence-
required design. In several boundary cases, the AI’s
transparency made the disagreement legible: readers could
identify the exact threshold claim (e.g., whether conceptual
integration was thoughtful versus insightful) and contest it
using the same rubric language.

Discussion

For learning sciences, the headline is not Al can grade. It is that
reliability can be engineered as a design outcome when
standards are embedded verbatim, applied criterion-first, and
paired with evidence-required warrants. This reframes
reliability from a trait of raters or models to an emergent
property of an assessment system—a socio-technical
arrangement that shapes how judgments are produced,
inspected, and discussed (Sadler, 1987, 1989; Kane, 2013).

High alignment plus perfect intra-system stability under fixed
conditions suggests that design constraints can reduce
procedural noise and make performance recommendations
reproducible. This complements LLM scoring findings that
emphasize controlled prompting for stability (Pack et al., 2024;
Shermis, 2025) but shifts the focal unit from the model to the
procedure.

The confinement of disagreements to adjacent boundaries
suggests threshold sensitivity rather than categorical failure. In
standards-referenced writing assessment, boundary decisions
are inherently interpretive; disagreement is often a feature of
judgment work, not merely error (Sadler, 1987). A system that
preserves ordinality and concentrates divergence at boundaries
is behaving more like a standards-referenced assessor than a
proxy-feature calculator.

The strongest contribution may be standards communication.
When Al outputs consistently surface criterion-referenced
warrants, they can function as infrastructure for transparency
and contestability—supporting moderation, professional
dialogue, and learner-facing explanation—while keeping
consequential authority with humans (Brookhart, 2017; Aloisi,
2023; Richardson & Clesham, 2021). This matters for
legitimacy: in high-stakes contexts, trust depends not only on
outcomes but on whether reasoning trails are inspectable and
challengeable.



Conclusion

A rubric-driven, evidence-required human—Al assessment
system achieved 93.3% agreement with authorized high-
stakes performance classifications and 100% stability across
repeated identical evaluations, with all disagreements
confined to adjacent performance boundaries. Qualitative
comparison suggests that Al can strengthen standards
communication by externalizing criterion-referenced
warrants, enabling more transparent and contestable
judgment without displacing human authority. For learning
sciences, the results support a design-oriented claim: in
standards-referenced writing assessment, reliability is best
pursued as a property of assessment-system design, not as a
promise of automated replacement.
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