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Abstract

Fine-grained formative writing feedback re-
quires models trained on dense, standards-
aligned labels. Such feedback can consist of
span-level evidence markers, sentence-level er-
ror flags, and essay-level binary scores across
dozens of codes. Human annotation at this
granularity is the binding constraint on cov-
erage. We describe a multi-agent large lan-
guage model (LLM) pipeline that produces ver-
ified silver labels for this setting and then trains
small, deterministic transformer scorers from
them. Four agents built on Claude Sonnet 4.6
separate the work of annotation, conventions
analysis, backreading, and adjudication, and
three generation agents supply synthetic es-
says, minimal-pair counterfactuals, and con-
struct probes that redress severe class imbal-
ance. We evaluate on a Grade 5 opinion-writing
pilot (N=500 essays) against a human-scored
held-out set that was reserved for final evalua-
tion. Models trained only on silver labels reach
Cohen’s κ up to 0.92 on rule-amenable con-
ventions and substantial agreement on several
content codes, while subjective constructs re-
main a firm ceiling. The pipeline trains scorers
for codes whose human labels suffice only for
a small test set, at no additional human cost.

1 Introduction

Formative writing feedback must be actionable. A
student and a teacher need to know not only that
a response scored poorly, but which specific writ-
ing skills produced that score and where in the
text the evidence lies (Shute, 2008; Graham et al.,
2015). Feedback at this resolution depends on mod-
els trained against fine-grained labels. Those labels
are span markers for a feature such as a topic intro-
duction or a run-on sentence, sentence-level error
flags, and essay-level binary scores across dozens
of standards-aligned codes.

The binding constraint is labeled data. Human
span-level annotation for more than two dozen

codes across thousands of essays is slow and oner-
ous. For our Grade 5 pilot, scoring 500 essays on
a subset of codes consumed substantial rater time.
The time constraints in the pilot meant that only a
subset of codes could be human scored for train-
ing; the remaining codes had fifty human scored
responses but training data needed to be obtained
via agentic methods.

A direct alternative, scoring each essay with a
frontier LLM at inference time, is unsuitable for
high-volume formative assessment. Per-response
generative inference is costly and slow at the target
scale. Its stochastic outputs also cannot be held to
the reproducibility standard that educational mea-
surement requires, under which the same response
must receive the same score across administrations.
A hosted model carries a further risk, since the
provider or a regulator can change or withdraw it
without notice, which breaks operational continu-
ity.

We take a different position. The LLM operates
upstream as a data-enhancement tool. A multi-
agent pipeline annotates real student essays, gener-
ates additional essays to balance rare classes, and
verifies every label through backreading and adju-
dication. The verified labels then train small open-
source transformers (Longformer and DeBERTa-
v3) that are deterministic, ownable, and inexpen-
sive to serve. The generation cost is paid once and
amortized across the deployment lifetime.

This study asks three questions. (RQ1) Can
transformer scorers trained only on verified silver
labels reach the agreement with human raters that
operational assessment requires? (RQ2) Which
construct types are amenable to silver-label train-
ing, and which are not? (RQ3) Does targeted gen-
eration for class balance improve agreement on the
rare-class codes that motivate it?

No supervised baseline is available for these
codes. Their human labels number only about fifty
per code, enough for a small test set but far too few
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to train a comparison model on human scores, and
an LLM-at-inference system is ruled out by the cost
and reproducibility constraints above. We therefore
frame evaluation against human raters rather than
against a competing model. Each model is judged
by how closely it agrees with the human scores, and
we interpret that agreement in two ways. First, we
compare it against fixed benchmarks for substan-
tial agreement (Landis and Koch, 1977; Williamson
et al., 2012). Second, because the pilot collected a
single human score per essay, we cannot estimate a
human agreement ceiling from our own data. We in-
stead read weak agreement on subjective constructs
in light of prior work, which finds that human raters
agree only modestly on such constructs, so a low
score there reflects the difficulty of the construct as
much as a shortcoming of the model.

Our contributions are as follows.

1. A four-agent labeling pipeline that produces
span-level (BIO), sentence-level, and essay-
level scores for 26 binary feedback codes,
with backreading and adjudication as explicit
verification stages (§4).

2. Three targeted generation procedures,
persona-conditioned synthetic essays,
minimal-pair counterfactuals, and construct
probes, that correct class imbalance and are
selected per code by hyperparameter search
(§5).

3. An evaluation on a Grade 5 opinion pilot
showing that silver-only training reaches κ
up to 0.92 on rule-amenable codes and sub-
stantial agreement on several content codes,
with an honest account of where the approach
fails (§7).

2 Related Work

Automated essay scoring and feedback. Au-
tomated essay scoring has moved from feature-
engineered systems (Attali and Burstein, 2006)
through neural models (Taghipour and Ng, 2016)
to fine-tuned transformers on rubric-aligned labels
(Crossley et al., 2024; Misgna et al., 2025). The
PERSUADE 2.0 corpus (Crossley et al., 2024) of-
fers a large argumentation benchmark, though it tar-
gets secondary students and holistic scoring rather
than fine-grained formative codes. Argument and
discourse mining frames writing features such as
claims and evidence as labeled spans (Persing and
Ng, 2016; Stab and Gurevych, 2017), the same

general formulation our span-level codes use, and
grammatical error annotation (Bryant et al., 2017)
is a precedent for our conventions codes.

LLMs as annotators. A growing body of work
uses LLMs to label text, with strong results on ob-
jective tasks and mixed results on subjective ones
(Ding et al., 2023; He et al., 2024; Gilardi et al.,
2023). Most of this work treats LLM output as the
end product. We instead use the LLM as a label-
ing engine for a downstream distillation step, in
the spirit of cost-reduction (Wang et al., 2021) and
symbolic knowledge distillation (West et al., 2022).
This separation keeps the deployed scorer deter-
ministic and auditable while retaining the LLM’s
labeling reach. It also connects to weak supervi-
sion, where noisy label sources are combined and
denoised before training (Ratner et al., 2017). Our
backreader and adjudicator play the denoising role
through agent disagreement rather than through a
generative label model.

Data generation and counterfactuals. Coun-
terfactually augmented data improves robustness
by isolating the feature that determines a label
(Kaushik et al., 2019). We apply this idea to writ-
ing codes through minimal edits that flip a single
trait. Persona-conditioned generation supplies con-
trolled variety for rare classes, and construct probes
test whether a model responds to the intended skill
rather than a surface correlate.

Encoders and fine-tuning. We build on Long-
former (Beltagy et al., 2020) for essay-length input
and DeBERTa-v3 (He et al., 2021) for sentence-
level classification, with discriminative learning
rates (Howard and Ruder, 2018) and Optuna (Ak-
iba et al., 2019) for search. ModernBERT (Warner
et al., 2025) was a candidate backbone but did not
improve over Longformer in our setting. Span
labels use the BIO chunking scheme (Ramshaw
and Marcus, 1995), and agreement is reported with
chance-corrected statistics (Cohen, 1960, 1968;
Landis and Koch, 1977) against operational evalua-
tion guidance (Williamson et al., 2012).

3 Assessment Context and Task

The pilot targets one Grade 5 opinion-writing
prompt from a formative administration. From
1,518 available responses we sampled 500, and the
same set was used for every code. The NAVVY
rubric decomposes five writing and language com-
petencies, aligned to widely adopted state stan-
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Figure 1: The labeling and generation pipeline. Two annotator agents label real essays, a backreader verifies every
binary code and span, and an adjudicator resolves flagged disagreements. Synthetic and counterfactual essays
re-enter the same annotation pipeline with no marker of their origin, while construct probes carry labels by design.
Verified labels then train small transformer scorers.

dards, into binary component codes that deliver
targeted feedback (for example, clearly state an
opinion, avoid run-on sentences, and use end punc-
tuation).

This paper concerns 26 component codes whose
labels come from the LLM pipeline rather than
from human raters. These codes admit rule-
like evaluation against an explicit rubric, which
makes them suited to LLM labeling. We do not
treat the competency scores or the components
trained on conventional human labels. Of the 26
codes, 19 had a human-scored sample available
for held-out evaluation, and we report those 19 be-
low. Each code carries an identifier of the form
<standard>-C<n> (for example, W51-C1 is
component 1 of Grade 5 writing standard W.5.1);
Appendix A lists every code with its short name
and full rubric description.

4 Multi-Agent Annotation Pipeline

Figure 1 shows the pipeline. Every agent runs
on Claude Sonnet 4.6 through AWS Bedrock and
is driven by two messages. The system message
fixes the agent’s role, a shared grade-level calibra-
tion block, the rubric definitions, and the output
schema, so it encodes the standard rather than any
one essay. The user message carries the variable
content, namely the instruction, the essay, and any
upstream agent outputs for the review stages. This
split keeps the judgment standard stable and lets
one system prompt serve the whole response set.

Annotators (Agents 1a, 1b). Two annotators di-
vide the work by construct family. The content
annotator handles ten opinion-writing and rhetoric
codes and tags four span types (TOPIC_INTRO,

OPINION_STATED, CONNECTING_WORDS, CON-
CLUSION). The conventions annotator handles six-
teen grammar and mechanics codes and tags nine
span types for errors such as run-ons, fragments,
and capitalization. Each produces a binary decision
per code and, where a code is locatable, a verbatim
span. Spans must match the essay character-for-
character so they can train token-level models. Five
human-labeled essays, selected by greedy coverage
over the code set, seed each annotator as few-shot
exemplars.

Backreader (Agent 2). The backreader reviews
both annotators against the essay. It checks ev-
ery binary decision, verifies span accuracy for the
token-level codes, and enforces cross-code consis-
tency rules (for example, the topic introduction and
the opinion statement must occupy different spans).
It assigns an agreement level and issues explicit
overrides and span corrections. When it issues no
override, the annotation is complete. Otherwise
the case advances to adjudication. The backreader
critiques existing annotations rather than producing
new ones from scratch.

Adjudicator (Agent 3). When the backreader
overrides at least one code, the adjudicator pro-
duces the final, authoritative codes and corrected
spans from the essay and all upstream outputs. Its
decisions are written to the label record.

The pipeline mirrors a human scoring process
whereby every response gets a backread. Disagree-
ment among agents, rather than a single model’s
confidence, is the signal that triggers review.
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5 Generation for Class Balance

Many codes are severely imbalanced in real essays.
Nearly every student uses end punctuation, which
leaves few negative examples for that code. Three
generation procedures supply the missing cases.
Every generated essay passes through the same an-
notation pipeline as the real essays, with no marker
of its synthetic origin, so its labels are produced
under identical standards. A generated essay inher-
its the train, validation, or test assignment of the
real seed essay it was built from, so no synthetic
relative of a validation or test essay can appear in
training.

Synthetic essays. A generator writes new opin-
ion essays in a Grade 5 voice from one of 30 student
personas. Each persona fixes an opening style, or-
ganization, tone, error profile, and length, which
keeps the set varied rather than 30 copies of one
ideal essay. A vocabulary policy and an error tax-
onomy steer the output toward authentic develop-
mental writing.

Counterfactuals. For codes that remain imbal-
anced after the synthetic-essay step, a pair of agents
produces minimal pairs (Kaushik et al., 2019). An
editor agent makes the smallest edit that flips one
code while preserving the student’s stance, voice,
and other traits. A second agent, the verifier, checks
that edit and returns accept, revise, or reject. A re-
vise routes back to the editor up to twice, and a
reject drops the source. This procedure yields tar-
geted negatives or positives without disturbing the
rest of the label vector.

Construct probes. For twelve codes where one
or two sentences isolate the target skill, a genera-
tor writes short snippets that each contain exactly
one deliberate error or one correct demonstration.
The intended label follows from the design of the
snippet. Probes serve both as training data and as a
diagnostic that a model responds to the construct
rather than to essay-length surface features.

Per-code selection. Not every source helps every
code. The three generated types are toggled per
code by the hyperparameter search (§6). Across
the 26 codes, 17 models used counterfactuals, 17
used synthetic essays, and 12 used construct probes,
while five used real essays alone.

Composition. All 26 models share a base of 300
real student essays, drawn from a pool of 450 real

Code Name Real Gen. TrainN

W51-C1 Intro topic 300 132 432
W51-C2 States opinion 300 178 478
W51-C3 Org. structure 300 848 1148
W51-C7 Link opinion 300 84 384
W51-C8 Conclusion 300 209 509
W51-C9 Paragraphs 300 706 1006
W51-C11 Avoid repetition 300 128 428
W54-C1 Writes clearly 300 800 1100
W54-C5 On task 300 839 1139
W54-C6 Appropriate style 300 128 428
L51-C1 Conjunctions 300 134 434
L51-C2 Prepositions 300 – 300
L51-C9 Verb tense 300 – 300
L51-C11 Sentence variety 300 839 1139
L51-C12 Run-ons 300 141 441
L51-C13 Fragments 300 529 829
L51-C14 Grade level 300 800 1100
L51-C15 Proper spacing 300 880 1180
L52-C15 Commas 300 35 335
L52-C16 End punctuation 300 – 300
L52-C17 Capitalization 300 – 300
L52-C18 Quotation marks 300 – 300
L52-C19 Grade level 300 706 1006
L53-C1 Vary for interest 300 848 1148
L53-C6 Formality 300 128 428
L53-C7 Grade level 300 706 1006

Table 1: Training-data composition for the 26 silver-
labeled components. All models share a base of 300
real student essays, drawn from 450 real essays whose
remainder is held out for validation and test. Gen. is
the number of generated records added (synthetic es-
says, counterfactuals, and construct probes), equal to
TrainN−300; counterfactuals were produced from both
real and synthetic essays. Five components trained on
the 300 real essays alone.

essays whose remainder is held out for validation
and test. Table 1 reports, per code, that real base,
the number of generated records the search added
on top of it, and the resulting training size. The gen-
erated share ranges from none (five codes train on
the 300 real essays alone) to roughly three quarters
of the set for the most imbalanced codes.

6 Training and Model Selection

Architectures. Three architectures match three
construct shapes. The token model is Longformer-
base-4096 with a BIO head. It labels each sub-word
and derives an essay-level decision by counting
predicted spans against a per-code threshold. The
sequence model is Longformer-base-4096 with a bi-
nary head that scores the full essay from its pooled
representation. The sentence model is DeBERTa-
v3-base applied to individual sentences, each pre-
fixed with its ordinal position, with a polarity-aware
rule that aggregates the sentence predictions into an
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essay decision. DeBERTa suits short inputs better
than Longformer. The 13 span-bearing codes were
trained under both the token and sequence heads,
and the stronger variant was deployed. Codes with-
out spans were trained as sequence scorers, and a
subset whose skill is isolated by one or two sen-
tences used the sentence model.

Search and selection. Hyperparameters were
tuned with Optuna 3.6 using the TPE sampler
(multivariate=True, group=True). The
space spans modeling choices and data choices
searched jointly. Modeling choices include the
encoder and head learning rates searched indepen-
dently (Howard and Ruder, 2018), the number of
frozen lower layers, the batch size, and the se-
quence length. Data choices toggle the inclusion
of counterfactuals, synthetic essays, and construct
probes, the exclusion of ceiling-saturated records,
and a switch to use only pipeline-verified labels.
One metric governs the whole search, namely Co-
hen’s κ on the validation split. It serves as the
optimization objective, the early-stopping criterion,
and the checkpoint-selection criterion. Holding
these three to one metric is a methodological re-
quirement, since optimizing one metric and select-
ing on another would invalidate the search.

Validation and final test. Hyperparameter
search, early stopping, and model selection used
the silver-labeled validation split, never the human-
scored data. Two further checks sit downstream.
A development held-out split (n=70) carries silver
labels and is withheld from both training and se-
lection. Because its labels come from the pipeline,
it measures how faithfully the model reproduces
the pipeline’s labeling on unseen essays, which is
a read on generalization before any human is in-
volved. Construct probe pairs confirm sensitivity
to the target skill. Separate from both is the human-
scored gold set, which carries expert labels and
is the only source that measures agreement with
humans. We reserved it for a single final evalua-
tion. For each silver-labeled code with human data
available, a 50-essay gold sample was preserved
for that final test and was never used for tuning or
selection.

7 Results

We report on the held-out gold test set described
above. Each code’s 50-essay sample received sin-
gle expert scores. With n=50 and several low-

Code Name Val. (90) Dev (70)

W51-C1 Intro topic 0.853 0.784
W51-C3 Org. structure 0.795 0.771
W51-C8 Conclusion 0.855 0.845
W54-C5 On task 0.917 0.736
L51-C14 Grade level 0.815 0.723
L52-C17 Capitalization 0.779 0.588
L52-C19 Grade level 0.658 0.705
L53-C7 Grade level 0.762 0.818

W51-C2 States opinion 0.917 0.636
L51-C11 Sentence variety 0.782 0.139
L51-C13 Fragments 1.000 0.113
L53-C6 Formality 0.685 0.470

Table 2: Silver-label κ on the validation and develop-
ment held-out splits (selected codes). The top block
holds stable codes. The bottom block holds large
validation-to-held-out drops that flag noisy labels.

prevalence codes, κ estimates carry wide intervals.
A single additional misclassification shifts κ by a
median of about 0.06 across these codes (interquar-
tile range 0.05–0.08) and by as much as 0.15–0.21
for the most imbalanced codes, so we read these
values as directional rather than precise.

Silver generalization gap. Table 2 contrasts κ on
the validation split with the development held-out
split. Performance drops from validation to held-
out, as expected, and the size of the drop is itself
diagnostic. Codes with clear, locatable evidence
(organization, conclusion, and grade level) hold up.
Codes that depend on diffuse judgment (sentence
variety and fragments) fall sharply, which signals
that their silver labels carry more noise than signal.

Construct probes. Across the trained models, 9
passed both probe items, 12 passed one, and none
failed both. Eleven of the partial cases missed
the off-construct (negative) probe, which indicates
a tendency to mark the skill present when it is
absent rather than the reverse. Probes thus localize
a specific failure mode that aggregate agreement
obscures.

Engine–human agreement. Table 3 and Fig-
ure 2 report engine–human κ on the held-out test
set for the 19 silver-trained components with a
human-scored sample. Rule-amenable conventions
reach the top of the range, with quotation marks
at κ=0.92, end punctuation at 0.78, and capital-
ization at 0.71. Several content codes reach sub-
stantial agreement, including organization at 0.83,
paragraphs at 0.79, and writes clearly at 0.78. The
weakest results fall on subjective or diffuse codes,
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Code Name Arch κ EA F1+

L52-C18 Quotation marks Seq 0.922 0.980 0.933
W51-C3 Org. structure Seq 0.827 0.920 0.938
W51-C9 Paragraphs Seq 0.786 0.900 0.921
L52-C16 End punctuation Seq 0.783 0.920 0.947
W54-C1 Writes clearly Seq 0.781 0.900 0.923
L52-C17 Capitalization Seq 0.711 0.860 0.881
L51-C14 Grade level Seq 0.680 0.840 0.857
W51-C2 States opinion Sent 0.623 0.920 0.955
L51-C11 Sentence variety Seq 0.594 0.800 0.833
W51-C1 Intro topic Seq 0.569 0.800 0.844
W51-C8 Conclusion Tok 0.545 0.760 0.769
L51-C12 Run-ons Tok 0.532 0.760 0.760
L51-C13 Fragments Tok 0.458 0.820 0.886
L51-C9 Verb tense Seq 0.432 0.880 0.932
W54-C5 On task Seq 0.408 0.900 0.945
L51-C1 Conjunctions Seq 0.393 0.740 0.822
W51-C11 Avoid repetition Seq 0.369 0.740 0.817
W51-C7 Link opinion Tok 0.330 0.740 0.831
L53-C6 Formality Seq 0.168 0.582 0.568

Table 3: Engine–human agreement on the held-out test
set for the 19 silver-trained components with a human-
scored sample (n=50, except L53-C6 at n=91). Arch
gives the architecture, where Seq is sequence, Sent is
sentence, and Tok is token (BIO). EA is exact agreement
and F1+ is positive-class F1. Three further silver codes
are omitted, namely L52-C15 (no positive instances in
the sample) and L52-C19 and L53-C7 (no human scores
available).

with formality at 0.17, link opinion at 0.33, and
avoid repetition at 0.37. The quotation-marks code
shows that a rule-amenable construct can be scored
at near-human agreement from LLM-generated
training data alone, with no human labels in its
training set.

8 Discussion

Where silver labels suffice. The strongest results
share a profile. The code has a clear operational def-
inition and a discrete, observable manifestation in
the text. Conventions such as quotation marks and
end punctuation, and structural codes such as orga-
nization and paragraphing, clear or approach the
substantial-agreement threshold. For these codes
the rubric is close to a rule, the LLM applies it
consistently, and the trained model recovers that
consistency at a fraction of the serving cost. Back-
reading and adjudication matter here, since they
denoise the labels before they reach the student
model, in the manner of weak supervision (Ratner
et al., 2017).

Where it does not. Two failure patterns recur.
First, subjective constructs set a ceiling that no
label source can lift. Formality is a construct on
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Figure 2: Engine–human κ on the held-out test set, by
architecture. Reference lines mark the Landis–Koch
boundary for substantial agreement (κ=0.61) and the
ETS operational target (κ=0.70). With n=50 and im-
balanced classes, the point estimates are volatile, so we
read κ=0.61 as the more appropriate bar for this pilot.
Rule-amenable conventions cluster at the top, and sub-
jective constructs fall below both lines.

which human judgment is itself unsteady, and the
silver model lands lower still. When the target re-
sists consistent human scoring, neither the LLM
nor the trained model can exceed the signal in the
labels, and these codes need rubric refinement be-
fore they are automatable. Second, codes whose
evidence sits in a narrow region of a long essay,
such as a single linking phrase or a concluding
sentence, present a low signal-to-noise ratio to a
full-essay model. The construct probes expose this
as a bias toward predicting the skill present.

9 Conclusion

A multi-agent LLM pipeline, with explicit back-
reading and adjudication and with targeted gen-
eration for class balance, produces verified silver
labels that train small, deterministic transformers.
On a Grade 5 opinion pilot, silver-only models
reach κ up to 0.92 on rule-amenable conventions
and substantial agreement on several content codes,
while subjective constructs remain bounded by hu-
man agreement. The pipeline extends training cov-
erage to codes whose human labels suffice only for
a small test set, at no added human cost, and points
toward joint modeling across related codes as the
next step.
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Limitations

We read every agreement figure against its base
rate and sample size, and we flag the volatility
of κ at n=50. The validation-to-held-out drop in
Table 2 is a deliberate disclosure, since validation
agreement overstates field performance. The five
annotator exemplars were drawn from the same 50-
essay set later used for human comparison, which
couples seeding to evaluation, and future runs will
seed from non-evaluation data. The pipeline labels
each code independently, so it does not yet exploit
relationships among codes. Results are limited to
one grade, one genre, and one prompt, and transfer
requires fresh rubrics, calibration, and validation.

Ethics Statement

This system produces feedback that real students
and teachers will see. Scores supplement teacher
judgment rather than replace it, and they inform
instruction rather than grades or advancement. We
validate performance against human-scored bench-
marks and document known limitations rather than
aggregate them away, particularly on subjective
and low-prevalence codes. Synthetic and coun-
terfactual essays were used for training only and
were verified through the same pipeline as authen-
tic responses. Demographic subgroup and fairness
analysis is required as the sample grows and was
not available for this pilot.
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A Component Code Descriptions

Table 4 gives the full rubric description for each of
the 26 silver-labeled component codes, alongside
the short name used in the result tables.

Code Name Component description

W.5.1 — Opinion writing
W51-C1 Intro topic Clearly introduce a topic or

text
W51-C2 States opinion Clearly state an opinion
W51-C3 Org. structure Create an organizational

structure
W51-C7 Link opinion Connect opinions and rea-

sons with words, phrases,
and clauses

W51-C8 Conclusion Provide a conclusion that re-
lates to the presented opinion

W51-C9 Paragraphs Format the writing sample
with paragraphs

W51-C11 Avoid repetition Avoid repetition without pur-
pose

W.5.4 — Production of writing
W54-C1 Writes clearly Write clearly
W54-C5 On task Address the assigned task of

the writing assignment
W54-C6 Appropriate style Use a style of writing that is

appropriate to the audience
L.5.1 — Grammar and usage
L51-C1 Conjunctions Correctly use conjunctions
L51-C2 Prepositions Correctly use prepositions
L51-C9 Verb tense Use consistent verb tenses
L51-C11 Sentence variety Use a variety of sentence

types. Avoid overreliance on
simple sentences

L51-C12 Run-ons Avoid run-on sentences
L51-C13 Fragments Avoid the use of fragments
L51-C14 Grade level Write on grade level
L51-C15 Proper spacing Use proper spacing
L.5.2 — Capitalization, punctuation, spelling
L52-C15 Commas Include and use commas

when needed
L52-C16 End punctuation Use end punctuation
L52-C17 Capitalization Capitalize words properly.

Use upper and lower case let-
ters when typing

L52-C18 Quotation marks Correctly use quotation
marks

L52-C19 Grade level Write on grade level
L.5.3 — Knowledge of language
L53-C1 Vary for interest Vary sentences to increase

reader interest
L53-C6 Formality Write more formally and less

conversationally
L53-C7 Grade level Write on grade level

Table 4: The 26 silver-labeled component codes, with
the short names used in Tables 2–3 and their full
rubric descriptions. Codes follow the NAVVY scheme
<standard>-C<n>: the prefix names a Grade 5 writ-
ing (W) or language (L) standard, and C<n> is the com-
ponent index within that standard. Three components
share the name Grade level under different standards
(sentence structure and vocabulary; overall conventions;
and style, tone, and sophistication).
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