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Abstract—Grammatical error classification plays a crucial
role in language learning systems, but existing classification
taxonomies are often adopted without rigorous validation, which
can lead to inconsistencies and unreliable feedback. In this paper,
we revisit previous classification taxonomies for grammatical
errors by introducing a systematic and quantitative evaluation
framework. Our approach examines four complementary aspects
of taxonomy quality, namely exclusivity, coverage, consistency,
and usability. To support this evaluation, we construct a high-
quality grammatical error classification dataset annotated with
multiple classification taxonomies and evaluate them under our
proposed evaluation framework. Experimental results reveal
clear drawbacks and limitations of existing taxonomies. Overall,
our contributions aim to improve the precision and effectiveness
of error analysis, providing more understandable and actionable
feedback for language learners.

Index Terms—Classification Taxonomy, Evaluation Frame-
work, Large Language Model, Grammatical Error Classification

I. INTRODUCTION

Errors are an inevitable aspect of language acquisition, serv-
ing as critical indicators of learners’ linguistic development
and providing valuable insights for educators and intelligent
language learning systems [1]–[4]. In Error Analysis (EA), the
systematic identification, categorization, and interpretation of
learner errors play a pivotal role in improving personalized
instruction, generating automated feedback, and enabling ef-
fective language assessment [5]–[8]. Central to this process is
the use of grammatical error classification taxonomies [9]–
[11], which organize learner errors according to linguistic
or cognitive principles. These taxonomies have been widely
adopted in applications such as grammatical error correction
(GEC) [12]–[14] and automated essay scoring (AES), signif-
icantly enhancing error detection [15], [16], correction [17],
and feedback generation [18], [19].

A well-designed grammatical error classification taxonomy
allows language learners to better understand the nature
and causes of their errors, facilitating targeted improvements
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in their linguistic competence [20]. However, existing tax-
onomies are often developed based on empirical assumptions
or ad-hoc practices, without rigorous validation [21], [22].
This lack of systematic evaluation has led to issues such as
overlapping categories, insufficient coverage of error types,
and limited applicability in real-world educational contexts.

To address these challenges, this paper revisits grammatical
error classification taxonomies by systematically assessing
their quality and utility. Specifically, we introduce a multi-
metric evaluation framework that examines four key dimen-
sions: ❶ Exclusivity ensures that error categories are mutually
exclusive, with clearly defined boundaries to minimize overlap
and ambiguity; ❷ Coverage measures the extent to which a
taxonomy captures both common and rare error types, en-
suring comprehensive representation; ❸ Consistency assesses
whether instances within the same category exhibit coherent
and stable semantic characteristics, reflecting internal category
coherence and clear distinction from other categories rather
than fragmented groupings; ❹ Usability evaluates how reliably
the taxonomy can be applied in both human annotation and
model-based classification settings.

To validate our evaluation framework, we construct a high-
quality grammatical error dataset annotated with multiple
classification taxonomies. The dataset is created through a
collaborative annotation process combining large language
models (LLMs) and human annotators, ensuring both scal-
ability and annotation reliability. Using this dataset, we
systematically evaluate four widely used error classification
taxonomies—POL73 [23], TUC74 [24], BRY17 [22], and
FEI23 [11]—which represent diverse design philosophies and
category structures (see Fig. 1). Through performance compar-
isons, annotator agreement analyses, and an ablation study on
error type merging, we demonstrate the necessity of systematic
evaluation for grammatical error classification taxonomies. In
summary, our contributions are as follows:

• We propose a novel multi-metric evaluation framework
for grammatical error classification taxonomies, spanning
exclusivity, coverage, consistency, and usability.

• We construct a high-quality grammatical error dataset anno-
tated with multiple taxonomies, leveraging a collaborative
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Fig. 1: Overview of four representative error classification taxonomies. Each subfigure visualizes the category organization.

annotation process involving LLMs and human experts.
• We conduct a comprehensive empirical comparison of four

widely used taxonomies, revealing systematic trade-offs in
their design and practical applicability.

II. RELATED WORK

Grammatical error classification has long been studied in
second language acquisition, learner corpus research, and
grammatical error correction. Prior work has proposed di-
verse taxonomies motivated by linguistic description, surface
error patterns, cognitive perspectives, and practical anno-
tation needs. Representative examples include linguistically
grounded taxonomies such as POL73 [23] and TUC74 [24],
surface-operation-based schemes such as ERRANT [22], and
cognitively motivated frameworks like FEI23 [11], as well as
corpus-driven annotation frameworks including the Cambridge
Learner Corpus [25] and CLEME [26]. In this work, we
focus on four taxonomies widely used in empirical studies,
annotation practice, and benchmark evaluation.

POL73 [23] classifies errors by affected linguistic compo-
nents (e.g., morphology, syntax, and vocabulary), representing
an early descriptive, component-based taxonomy.

TUC74 [24] defines a hierarchical taxonomy grounded in
English sentence structure, modeling errors as violations of
syntactic dependencies and clause-level relations.

BRY17 [22], implemented in the ERRANT framework,
adopts a surface-operation-based taxonomy combining edit
operations and part-of-speech categories.

FEI23 [11] proposes a cognitively motivated taxonomy
that organizes grammatical errors across different levels of
linguistic processing, enabling interpretable error analysis.

Despite their widespread adoption, these taxonomies differ
substantially in category granularity, conceptual boundaries,
and operational definitions, making analytical conclusions
highly taxonomy-dependent. However, most existing studies
adopt them from prior work with little explicit scrutiny of
their structural assumptions, boundary clarity, or practical
reliability, motivating the need for a systematic evaluation
framework for controlled and comparable taxonomy analysis.

III. METHODOLOGY

Given a dataset D of English learner texts, our goal is
to quantitatively evaluate n error classification taxonomies
{F1, F2, . . . , Fn}, where each taxonomy Fi consists of m



predefined error types {ET1, . . . , ETm}. We evaluate tax-
onomies along four complementary dimensions: Exclusiv-
ity, Coverage, Consistency, and Usability. Exclusivity and
Usability are evaluated based on error classification outputs
produced by large language models. Coverage is computed
from a manually annotated dataset via statistical analysis.
Consistency is assessed by measuring the semantic coherence
and separability of error types in an embedding space.

A. Exclusivity
The error types in a taxonomy should be mutually exclusive,

meaning that each error instance belongs to a single category.
Overlapping error types introduce instability and inconsis-
tency in error analysis, reducing classification reliability. In
practice, if a model assigns high confidence to multiple
categories for the same instance, it indicates that the taxonomy
lacks clear boundaries. To quantify exclusivity, we analyze
LLM-generated confidence scores. Since raw estimates are
often noisy or overconfident, we adopt a robust estimation
scheme that combines three complementary strategies: (1) Top-
k prompting, which elicits multiple plausible error types with
confidence scores; (2) self-random sampling, which repeats the
same prompt under fixed decoding settings (e.g., temperature
and top-p) to estimate uncertainty from stochastic sampling
within the truncated probability distribution; and (3) average-
confidence aggregation, which averages confidence scores
across multiple samples to improve stability [27].

Specifically, a sample is considered classified under an error
type if its confidence score exceeds the predefined threshold
τ . Following prior work on confidence elicitation, we set τ =
0.7, which provides a conservative balance between filtering
low-confidence predictions and retaining sufficient coverage
across models. We define the Overlap to quantify the degree
of category overlap for a sample x as follows:

Overlap(x) = |{Ŷ (x)
i | C(x)

i > τ}|, (1)

where Ŷ
(x)
i denotes the i-th predicted error type for a given

sample x, and C
(x)
i represents its confidence score. A higher

Overlap(x) indicates that multiple error types are assigned to
the same sample, suggesting a violation of exclusivity.

The Exclusivity Score is computed as the average instance-
level exclusivity over the dataset D:

Exclusivity(F ) =
1

|D|
∑
x∈D

{
1− Overlap(x)−1

k−1
, Overlap(x) > 0,

0, Overlap(x) = 0,

(2)
where k denotes the number of candidate error types elicited
by the Top-k prompting strategy, which is fixed to k = 3 in all
experiments. Exclusivity indicates whether the classification
taxonomy maintains clear distinctions between error types.
A lower score indicates substantial category overlap and
ambiguous boundaries, whereas a higher score reflects clearer
and more reliable taxonomic distinctions

B. Coverage
Coverage measures the proportion of error instances in D

that can be assigned to predefined categories. Let |U | denote

the number of such errors (excluding “Other”) and |D| the total
number of error instances. The Coverage Score is defined as:

Coverage(F ) =
|U |
|D| . (3)

A higher Coverage indicates that the taxonomy captures a
larger proportion of observed errors, reflecting greater com-
pleteness of error type representation.

C. Consistency

A high-quality error classification taxonomy should exhibit
both strong internal coherence within each error type and
clear separation between different error types, ensuring clear
category boundaries. To quantify these complementary prop-
erties, we define Intra-Type Consistency (ITC) and Inter-Type
Separability (ITS) based on embedding-space representations
of error instances. Specifically, we represent each error in-
stance in a continuous embedding space by mapping erroneous
and corrected sentences into a shared semantic space using
the pretrained Qwen3-Embedding-8B model [28]. Given an
erroneous sentence xerror and its corrected counterpart xcorrect,
we define the error embedding of a sample x as:

v(x) = Embedding(xcorrect)− Embedding(xerror), (4)

which explicitly encodes the transformation from the erro-
neous form to the corrected form. All error embeddings are
L2-normalized prior to similarity computation.

Let Dj denote the set of error instances associated with the
j-th error type ETj in taxonomy F . The centroid of error type
ETj is defined as:

µj =
1

|Dj |
∑
x∈Dj

v(x), (5)

followed by L2-normalization, such that µj represents the
mean direction of error embeddings for ETj .

a) Intra-Type Consistency: Intra-type consistency mea-
sures the compactness of error instances within the same error
type. For each ETj , we compute:

ITCj =


1

|Dj |
∑
x∈Dj

cos
(
v(x), µj

)
, |Dj | > 1,

0, |Dj | = 1,

(6)

where cos(·, ·) denotes cosine similarity.
The overall Intra-Type Consistency of taxonomy F is de-

fined as a weighted average over all error types:

ITC(F ) =
m∑

j=1

|Dj |
|D| ITCj . (7)

b) Inter-Type Separability: Inter-type separability evalu-
ates the separability between different error types based on the
pairwise distances between their centroid embeddings. Given
the centroids {µj}mj=1 of all error types in taxonomy F , the
distance between two error types ETi and ETj is defined as:

d(i, j) = 1− cos
(
µi, µj

)
, (8)

where cos(·, ·) denotes cosine similarity.



The global Inter-Type Separability of taxonomy F is then
computed as the average pairwise distance:

ITS(F ) =
2

m(m− 1)

∑
1≤i<j≤m

d(i, j). (9)

c) Interpretation: By normalizing both error embeddings
and centroids, the proposed metrics capture taxonomy con-
sistency in terms of structural coherence based solely on
directional similarity. Higher ITC(F ) indicates more compact
intra-type clusters, while higher ITS(F ) reflects clearer sep-
aration between error types. Together, these metrics quanti-
tatively characterize taxonomy structure in terms of internal
coherence and inter-type separation.

D. Usability

We argue that a usable error taxonomy should be ef-
fective for both automated models and human annotators.
Accordingly, we assess usability from two complementary
perspectives: model-level usability and human-level usability.

a) Model-level Usability: Model-level usability reflects
whether a taxonomy can be reliably learned and applied by
LLMs, supporting robust automatic error analysis. We quantify
this aspect using Macro F1 and Micro F1 scores:

Macro F1 =
1

m

m∑
i=1

2 · P (ETi) ·R(ETi)

P (ETi) +R(ETi)
,

Micro F1 =
2 · P (D) ·R(D)

P (D) +R(D)
,

(10)

where P (·) and R(·) denote precision and recall, respectively.
A higher Macro F1 indicates that the taxonomy enables bal-
anced model performance across both frequent and infrequent
error types, while a higher Micro F1 reflects robustness under
large-scale error detection. Together, these metrics characterize
the effectiveness of a taxonomy in supporting stable and
scalable model-based error classification.

b) Human-level Usability: Human-level usability cap-
tures how intuitively and consistently a taxonomy can be
applied by human annotators. A usable taxonomy should
minimize ambiguity in category definitions and yield high
inter-annotator agreement. We therefore assess this aspect
using inter-annotator agreement, as detailed in Section V-C.

IV. EXPERIMENTAL SETTINGS

A. Dataset and Annotation

1) Dataset Overview: We use a dataset derived from the
Cambridge English Write & Improve (W&I) and LOCNESS
corpora [29], re-annotated using ERRANT [22]. After prepro-
cessing, the dataset contains 487 instances, each corresponding
to a single grammatical error. Each instance is annotated under
four representative taxonomies: POL73, TUC74, BRY17, and
FEI23. All data are anonymized and contain no sensitive
personal or identifiable information of any kind.

2) Data Preprocessing: Sentences containing multiple
grammatical errors may introduce ambiguity in classification.
To address this, each sentence with n > 1 errors is de-
composed into n instances, each retaining one error while
correcting the others. This process is implemented using
ERRANT [22] with CLEME [26], [30]. As a result, each
instance contains a single well-defined error, enabling more
reliable and interpretable classification.

3) Annotation Approach: We adopt a collaborative annota-
tion framework combining LLMs with human expertise [31].
In the first stage, an LLM generates preliminary annotations,
which are refined by the authors through prompt optimization
to align with taxonomy definitions. In the second stage, two
professional linguists independently re-annotate the data, and
disagreements are resolved through discussion with the authors
to reach consensus. This multi-stage process ensures reliable
and consistent annotations across taxonomies.

B. Model Details

We evaluate different grammatical error taxonomies using
a diverse set of state-of-the-art LLMs, including DeepSeek-
V3.2 [32], Qwen3-235B-A22B-Instruct [33], Doubao-1.5-
Pro [34], GPT-5-mini [35], GPT-4o [36], Claude-Sonnet-
4.5 [37], and Grok-4-Fast [38]. These models exhibit strong
capabilities in text understanding, reasoning, and fine-grained
classification. All models are evaluated under a unified task
formulation and output format defined by our framework.

V. EXPERIMENTAL RESULTS

A. Comparative Analysis of Taxonomies

We systematically assess the rationality of different er-
ror classification taxonomies along four complementary di-
mensions—Exclusivity, Coverage, Consistency, and Usabil-
ity—as summarized in Table I. The results reveal that sys-
tematic design differences lead to distinct empirical behaviors,
closely tied to how error types are defined and operationalized.

Exclusivity: Ambiguous boundaries undermine mutual
exclusivity. Taxonomies with overlapping linguistic criteria
exhibit lower exclusivity, as errors may plausibly fit multiple
categories. POL73 and TUC74 contain conceptually adjacent
or partially redundant categories, leading to frequent ambigu-
ity. In contrast, BRY17 defines error types via edit operations
and part-of-speech constraints, enforcing a single dominant
interpretation and achieving higher exclusivity.

Coverage: Surface-oriented categories improve empiri-
cal coverage. Coverage depends on whether frequent surface-
level error phenomena are explicitly modeled. POL73 and
TUC74 lack categories for spelling, orthography, and punc-
tuation, resulting in lower coverage. By contrast, BRY17 and
FEI23 explicitly include such errors through surface-oriented
or word-level categories, achieving substantially higher cover-
age. This indicates that empirical completeness depends more
on modeling frequent errors than on theoretical granularity.

Consistency: Structural granularity shapes coherence.
Consistency reflects a trade-off between ITC and ITS. Fine-
grained taxonomies such as BRY17 achieve strong intra-



TABLE I: Performance comparison of classification taxonomies. Higher values indicate better performance in all metrics.

Model Exclusivity ↑ Coverage ↑ Consistency (ITC / ITS) ↑ Usability (Macro / Micro F1) ↑

POL73 TUC74 BRY17 FEI23 POL73 TUC74 BRY17 FEI23 POL73 TUC74 BRY17 FEI23 POL73 TUC74 BRY17 FEI23

DeepSeek-V3.2 0.699 0.393 0.737 0.655

0.698 0.160 0.980 0.924 0.215 / 0.894 0.158 / 0.950 0.288 / 0.931 0.221 / 0.824

0.333 / 0.487 0.068 / 0.082 0.573 / 0.780 0.595 / 0.741
Qwen3-235B-A22B-Instruct 0.794 0.533 0.861 0.733 0.318 / 0.448 0.103 / 0.090 0.530 / 0.758 0.518 / 0.731
Doubao-1.5-Pro 0.569 0.208 0.709 0.668 0.093 / 0.351 0.043 / 0.092 0.228 / 0.530 0.302 / 0.690
GPT-5-mini 0.752 0.250 0.928 0.853 0.562 / 0.534 0.315 / 0.119 0.626 / 0.821 0.645 / 0.772
GPT-4o 0.535 0.463 0.632 0.471 0.291 / 0.472 0.048 / 0.092 0.565 / 0.739 0.598 / 0.704
Claude-Sonnet-4.5 0.697 0.219 0.796 0.771 0.507 / 0.546 0.224 / 0.099 0.750 / 0.850 0.678 / 0.799
Grok-4-Fast 0.630 0.184 0.760 0.640 0.486 / 0.542 0.278 / 0.107 0.643 / 0.819 0.668 / 0.799

Average 0.668 0.321 0.775 0.685 0.698 0.160 0.980 0.924 0.215 / 0.894 0.158 / 0.950 0.288 / 0.931 0.221 / 0.824 0.370 / 0.483 0.154 / 0.097 0.559 / 0.757 0.572 / 0.748

TABLE II: Ablation Study on the Impact of Merging Error Categories (GPT-5-mini). Taxonomies labeled with Fusion indicate
error classification taxonomies after category merging.

Taxonomies Exclusivity ↑ Coverage ↑ Consistency (ITC/ITS) ↑ Usability (Macro/Micro F1) ↑
POL73 0.752 0.698 0.215/0.894 0.562/0.534
POL73 (Fusion) 0.743 0.723 0.212/0.889 0.443/0.501

TUC74 0.250 0.160 0.158/0.950 0.315/0.119
TUC74 (Fusion) 0.414 0.405 0.158/0.942 0.256/0.103

BRY17 0.928 0.980 0.288/0.931 0.626/0.821
BRY17 (Fusion) 0.900 0.982 0.284/0.927 0.422/0.667

FEI23 0.853 0.924 0.221/0.824 0.645/0.772
FEI23 (Fusion) 0.859 0.986 0.213/0.830 0.584/0.711

TABLE III: Cohen’s Kappa Scores for Inter-Annotator Agree-
ment across taxonomies.

Annotator Pair POL73 TUC74 BRY17 FEI23
Annotator 1 & 2 0.691 0.692 0.808 0.714
Annotator 2 & 3 0.813 0.661 0.851 0.824
Annotator 1 & 3 0.636 0.547 0.734 0.651

Average 0.713 0.633 0.798 0.730

type consistency through similar surface edit patterns, but
show moderate inter-type separability due to closely related
categories. Conversely, TUC74 achieves stronger inter-type
separability via structural organization, at the cost of reduced
intra-type consistency. This suggests that consistency depends
on balancing surface specificity and structural abstraction.

Usability: Operational clarity outweighs theoretical ex-
pressiveness. Taxonomies requiring abstract linguistic judg-
ments are harder to apply consistently in practice. POL73
and TUC74 rely on fine-grained linguistic interpretation, often
reducing annotation reliability. In contrast, BRY17 and FEI23
adopt operationally transparent definitions aligned with surface
edits or processing levels, enabling more consistent annotation
and higher Macro and Micro F1 scores overall. This highlights
operational clarity as a key determinant of usability in practice.

Overall, these findings show that taxonomies encode funda-
mentally different assumptions about error types. Operation-
based and cognitively motivated taxonomies demonstrate
stronger empirical robustness, while linguistically detailed
taxonomies provide richer descriptions at the cost of lower
exclusivity, consistency, and usability. These results highlight
the need for principled, quantitative evaluation of taxonomy
quality, as proposed in this work.

B. Ablation Study: Impact of Error Category Fusion

To further validate the proposed evaluation metrics, we
conduct an ablation study by selectively merging error cat-
egories within each taxonomy and examining the impact of
reduced granularity on Exclusivity, Coverage, Consistency,
and Usability. Results are summarized in Table II.

For POL73, merging verb-phrase subcategories into a coarse
Verb Phrase category slightly improves coverage but degrades
exclusivity, consistency, and usability, indicating increased
ambiguity from over-aggregation. For TUC74, consolidating
omission-related categories into Missing Parts improves cov-
erage and exclusivity, while consistency and usability show
limited gains, suggesting residual internal heterogeneity. For
BRY17, merging function-word categories reduces exclusivity,
consistency, and usability with minimal change in coverage,
highlighting the sensitivity of its fine-grained, operation-based
design. For FEI23, merging spelling, contraction, and or-
thography errors into a Single-word Level category increases
coverage but reduces consistency and usability, indicating the
importance of fine-grained distinctions.

Overall, category fusion tends to improve coverage but often
harms exclusivity, consistency, and usability by increasing
intra-category heterogeneity. Taxonomies that are already well
balanced in granularity and operational clarity, such as BRY17,
are particularly sensitive to fusion. These results show that the
proposed metrics respond predictably to controlled structural
changes, supporting their validity.

C. Annotator Agreement Analysis

We evaluate inter-annotator agreement (IAA) as part of
Usability using Cohen’s Kappa [39]:

κ =
po − pe
1− pe

, (11)



where po is the observed agreement and pe is the expected
agreement by chance. We randomly sample 100 instances
and ask three graduate students in English linguistics to
independently assign one error type per taxonomy. Pairwise
Kappa scores are computed, and results are reported in Ta-
ble III. Results show a consistent ranking across taxonomies:
BRY17 achieves the highest agreement, followed by FEI23
and POL73, while TUC74 performs worst. This trend aligns
with usability and overall performance in Table I, suggesting
that taxonomies easier for humans to apply also perform better,
supporting the validity of the usability metric.

VI. CONCLUSION

In this work, we propose a systematic framework for eval-
uating grammatical error classification taxonomies along four
complementary dimensions: Exclusivity, Coverage, Consis-
tency, and Usability. These metrics operationalize key princi-
ples of effective taxonomies, including clear category bound-
aries, sufficient coverage, semantic coherence, and practical
applicability. Experiments on a multi-taxonomy annotated
dataset show that widely used taxonomies differ substantially
across these dimensions, revealing trade-offs between struc-
tural granularity and operational clarity. We further show that
usability is a coherent and informative property, consistently
aligned with both model performance and human annota-
tion agreement. These findings remain stable across multiple
LLMs, indicating that the proposed framework provides robust
and model-agnostic insights. While our approach leverages
LLMs and embedding-based representations, interpretability
is addressed at the taxonomy level by focusing on structural
properties rather than model-specific behavior. Limitations
include the relatively small dataset size, potential data con-
tamination from public corpora, and the focus on a limited
set of English taxonomies. Overall, this work highlights the
importance of multi-dimensional taxonomy evaluation and
provides a principled foundation for future taxonomy design,
with potential extensions to broader classification systems.
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