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Abstract

Large language models are now deployed as
annotators across NLP, generating training la-
bels and evaluation scores, yet the field has
no established standard for verifying whether
LLM-generated labels are reliable, internally
consistent, or comparable across studies. This
methodological gap does not begin with LLMs:
a systematic corpus study of 665 ACL Anthol-
ogy papers from 1999 to 2026 reveals that even
classical human annotation in NLP suffers from
systematic measurement and reporting failures
that have left a growing body of work scien-
tifically incomparable. Papers were identified
through keyword search and organised via topic
modelling into a thematic taxonomy spanning
eight annotation domains from named entity
recognition to disagreement modelling. Full-
text analysis of 549 papers yields three princi-
pal findings. First, Cohen’s κ dominates across
all task types (259 papers, 38.9%), regardless
of whether its assumptions are satisfied; ICC,
appropriate for continuous-scale tasks such as
MT evaluation, appears in only 16 full-text pa-
pers (2.4%). Second, 226 of the 665 papers
(34.0%) name no IAA coefficient anywhere in
the full text, which is a methodology-reporting
concern; a further 50.1% of papers name a coef-
ficient in the body but not in the title or abstract,
so 84.1% of papers omit the metric from the
abstract layer. We frame the body-only gap as
a discoverability concern (the methodology is
reported but is not visible at the abstract layer
readers and reviewers encounter first), distinct
from the full-text omission. Third, annotator
disagreement modelling and LLM-as-annotator
constitute the fastest-growing area of the corpus
(124 papers, 18.6%): 26 of these appeared be-
tween 1999 and 2022 and 98 between 2023 and
2026, the only dimension whose volume rises
in that window. Fewer than 5% of papers report
confidence intervals. We provide a large-scale
empirical analysis of metric reporting practice
within the ACL Anthology and a seven-point
agenda for standardised reporting, complement-

ing prior normative guidance (James, 2026) and
the cross-disciplinary meta-analysis of agree-
ment determinants by Bayerl and Paul (2011)
with field-scale descriptive evidence.

1 Introduction

High-quality annotated data underpin supervised
approaches in NLP, and their reliability is assessed
by inter-annotator agreement (IAA): the extent to
which independent annotators assign the same label
to the same item. High IAA signals unambiguous
guidelines and a well-defined task; low IAA may
indicate under-specification, linguistic ambiguity,
or subjective variation. Yet IAA is applied incon-
sistently: studies report raw percentage agreement,
Cohen’s κ (Cohen, 1960), Krippendorff’s α (Krip-
pendorff, 2013), Fleiss’ κ (Fleiss, 1971), span-level
F1, or no metric at all, and metric choice is rarely
justified against the assumptions of each coeffi-
cient (raters, scale type, missing data, class bal-
ance). Crowdsourcing and LLM-generated labels
further strain the classical two-annotator paradigm.
Recent work gives prescriptive guidance on which
metric to choose (James, 2026; Artstein and Poesio,
2008); our contribution is complementary and em-
pirical, documenting how the community measures
and reports IAA. Bayerl and Paul (2011) meta-
analysed 587 studies to model the determinants of
agreement levels (task difficulty, annotator train-
ing, category count) across disciplines. We ask a
different question of a different population: which
coefficients ACL Anthology authors name, whether
those choices suit their data, and what they report
alongside them. Ours is, to our knowledge, the
first large-scale analysis of IAA reporting practice
within the ACL Anthology, and the first to quantify
metric–task mismatch at corpus scale.

The cost of the gap. Among the 439 post-2019
annotation papers in our corpus, only 3.6% pro-
vide IAA evidence that is simultaneously present
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(a metric is named), task-appropriate (correct for
the scale and rater configuration), and statistically
interpretable (a confidence interval is given); the
other 96.4% miss at least one property. The ACL
Anthology grows by roughly 8,000–10,000 papers
per year;1 at a conservative 5% annotation rate,
roughly 400–500 annotation papers appear annu-
ally, of which only about 16 carry IAA evidence
comparable across studies. This accumulation is
accelerating: disagreement modelling and LLM-
as-annotator form the fastest-growing dimension
of our corpus (124 papers, 18.6%), rising from 26
papers over 1999–2022 to 98 over 2023–2026, and
inherit these failures at machine scale.

Contributions: (i) a systematic corpus of 665
papers from the ACL Anthology covering IAA

across the NLP sub-fields the Anthology indexes
(§3); (ii) an eight-dimension taxonomy mapping
the literature onto dedicated survey sections (§4–
§11); (iii) empirical analysis of metric reporting
frequency, revealing Cohen’s κ dominance and
widespread reporting omissions (§4); (iv) a seven-
point research agenda (§12.4).

Relation to concurrent normative guidance.
James (2026) prescribes which coefficient to
choose for a given task; the present paper is de-
scriptive, documenting what the community does
and quantifying the gap, so the two together supply
the normative framework and the empirical base-
line needed to reform IAA reporting.

2 Background

We summarise IAA metrics across three data
regimes; Appendix E tabulates them by data
type, rater requirements, missing-data support, and
chance correction, and James (2026) and Artstein
and Poesio (2008) give full practitioner guidance.

Categorical metrics. Cohen’s κ (Cohen, 1960)
chance-corrects observed agreement but is limited
to two annotators and sensitive to marginal imbal-
ance, the “κ paradox” (Gwet, 2001). Weighted κ
(Cohen, 1968) extends it to ordinal scales; Fleiss’ κ
(Fleiss, 1971) generalises to N ≥ 3 raters; Krippen-
dorff’s α (Krippendorff, 2013) handles any number
of raters, missing data, and arbitrary scale types,
subsuming Cohen’s κ. Gwet’s AC1/AC2 (Gwet,

1Estimated from ACL Anthology volume metadata
(https://aclanthology.org): the Anthology indexed
121,832 papers as of our January 2026 retrieval, and annual
additions have exceeded 8,000 in recent years as the field’s
publication volume has accelerated.

2001) addresses the paradox directly, and Scott’s π
(Scott, 1955) uses pooled marginals. Di Eugenio
and Glass (2004) showed early that κ values are
not comparable across studies without reporting
the marginal distributions and the bias and preva-
lence they induce, a caveat the reporting checklist
of §12.3 operationalises.

Structured and continuous metrics. Span F1
scores one annotator’s spans against the other but,
unlike κ-family coefficients, applies no chance cor-
rection; Pk and WindowDiff (Pevzner and Hearst,
2002) measure segmentation agreement; the γ mea-
sure (Mathet et al., 2015) jointly optimises bound-
ary alignment and label agreement for unitising
tasks. For continuous data, the Intraclass Corre-
lation Coefficient (ICC) (Shrout and Fleiss, 1979)
partitions variance across rater-effect models, while
Spearman ρ, Kendall τ , and Pearson r measure
associative consistency rather than absolute agree-
ment. Interpretation thresholds such as Landis and
Koch (1977) are heuristic, and their application to
NLP has been criticised (Artstein and Poesio, 2008;
James, 2026).

3 Methodology

Search and selection (PRISMA-style flow). We
searched the ACL Anthology (retrieved January
2026) by keyword matching over title and ab-
stract metadata covering IAA terminology (inter-
annotator agreement, inter-rater reliability, anno-
tator disagreement, Krippendorff alpha, LLM anno-
tator agreement, and related forms); the resulting
paper list is released with the corpus, and the 61
metric-extraction regexes applied downstream are
disclosed verbatim in Appendix B. Of 121,832 in-
dexed papers, 736 matched at least one pattern; 1
was excluded as off-domain and 70 because IAA

appeared in a single sentence without further anal-
ysis, yielding 665 papers. Included papers either
propose or compare IAA metrics, report and anal-
yse IAA for a novel scheme, or study annotator
disagreement as a substantive phenomenon.

Inclusion vs. metric naming. Inclusion asks
does the paper discuss annotation agreement?
(from IAA vocabulary in title and abstract); the
metric-frequency analysis of §4 asks the indepen-
dent question does it name the specific coefficient
used? A paper on IAA that never names Cohen’s κ
or Krippendorff’s α still belongs in the corpus; that
84.1% of included papers fall into this category is
a central finding of this survey.
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Survey section / theme N %

§4 IAA metrics & reproducibility 47 7.1
§5 Corpus construction & guidelines 104 15.6
§6 Sequence labelling (NER, treebanks) 57 8.6
§7 Semantic annotation (disc., SRL, lex.) 130 19.5
§8 Temporal & event annotation 59 8.9
§9 Sentiment, opinion & hate speech 94 14.1
§10 Disagreement & LLM annotation 124 18.6
§11 MT evaluation 50 7.5

Total 665 100.0

Table 1: Corpus breakdown by thematic dimension.

Corpus overview. The corpus comprises 665 pa-
pers (1999–2026) over 21 venues, with publica-
tion volume rising post-2019 (439 papers, 66%).
Figure 1 shows the eight-section taxonomy and Ta-
ble 1 the breakdown. By paper type, 81.2% are
empirical studies reporting IAA for a novel scheme,
9.6% construct corpora, 5.7% study disagreement,
2.1% examine LLM-as-annotator, and only 0.6%
propose new IAA metrics.

Clustering. We applied Non-negative Matrix
Factorisation (NMF, k=16, seed 42) to TF-IDF
representations of titles and abstracts. We chose
NMF over density-based alternatives because it as-
signs every document to exactly one topic (89%
confident at threshold 0.25, vs. BERTopic leaving
176 papers requiring keyword rescue) and recovers
thematically distinct sub-fields that density-based
clustering merges (e.g. sentiment vs. hate speech,
NER vs. treebanks). The 16 topics were manually
mapped to the eight survey dimensions of Figure 1,
and the author verified all assignments by iterative
review of topic keywords and representative titles.

Reliability of coding decisions. Most dimen-
sions in Table 9 are purely algorithmic (year, venue,
regex metric extraction) or read directly from pa-
per metadata. Two require human judgment, paper
type and survey section: an independent second
coder, a PhD-level NLP researcher compensated
at standard academic rates, coded a stratified 10%
sample (50 papers) on both, with Cohen’s κ = 0.63
(95% CI: 0.47–0.79) for paper type and 0.78 (0.66–
0.88) for survey section, both indicating substantial
agreement (Landis and Koch, 1977). The regex
metric extractor, validated on a separate 50-paper
sample, achieves precision 0.96, recall 0.91, and F1
0.93. Full per-category breakdowns, the disagree-
ment analysis, and Table 7 appear in Appendix A;
all bootstrap confidence intervals use 5,000 itera-
tions.

Compliance audit. Beyond the corpus analysis,
we run a secondary study on a 50-paper subset:
four annotators (two human coders and two LLMs)
score the most recent papers in the corpus against
the reporting checklist this survey proposes. The
audit measures whether the checklist can be applied
consistently, and we report it in §12.3 once the
checklist itself has been introduced.

Data and code availability. The 665-paper cor-
pus with all extracted annotation flags, the derived
summary tables, the four-annotator compliance-
audit data, and the audit notebook are released
at https://github.com/HendSuliman/IAA. We
use ACL IDs rather than verbatim full text; all
metadata derives from the ACL Anthology under
its CC BY 4.0 licence.

4 IAA Metrics, Reproducibility, and
Tooling

The 47 papers in this dimension address metric
theory, software infrastructure, and reproducibility
of IAA reporting (Mathet and Widlöcher, 2011b;
Bregeon et al., 2019; Volodina et al., 2020; Popović
and Belz, 2021; Stodden and Kallmeyer, 2022;
Laarmann-Quante et al., 2022; Loáiciga et al.,
2022; Savkov et al., 2022; Popović et al., 2022;
Liu et al., 2023; Krishna et al., 2023; Groschwitz
et al., 2023; Lee et al., 2023; Gao et al., 2023; Li
et al., 2023).

Metric development and reproducibility. Ma-
thet et al. (2015) introduced γ for unitising tasks,
addressing a shortcoming of applying κ to span
annotation. Reproducibility studies find published
IAA figures hard to replicate due to under-specified
preprocessing and disagreement-resolution pro-
cedures (Popović and Belz, 2021; Stodden and
Kallmeyer, 2022; Gao et al., 2023), and Klie et al.
(2024) notes that papers rarely document which li-
brary version computed κ, despite implementations
differing in tie-breaking and yielding divergent re-
sults.

Tooling. WebAnno (Yimam et al., 2013) and
INCEpTION (Klie et al., 2018) dominate re-
cent corpus work with built-in κ/α dashboards,
whereas BRAT (Stenetorp et al., 2012) com-
putes no IAA natively. Python libraries
(nltk.metrics.agreement, krippendorff (Cas-
tro, 2017), pygamma-agreement (Titeux and Riad,
2021)) provide reference implementations, but their
versions are rarely cited. Crowdsourcing platforms
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Inter-Annotator Agreement in NLP
Systematic Survey · 665 papers · 1999–2026

Foundations
& Methods

Structural
Annotation

Subjectivity
& Emerging

§4 47 · 7.1%
IAA Metrics, Reproducibility & Tooling

§5 104 · 15.6%
Corpus Construction & Guidelines

§11 50 · 7.5%
MT Evaluation & Reproducibility

§6 57 · 8.6%
Sequence Labelling: NER & Treebanks

§7 130 · 19.5%
Semantic Annotation (Disc., Arg., Lex.)

§8 59 · 8.9%
Temporal & Event Annotation

§9 94 · 14.1%
Sentiment, Opinion & Hate Speech

§10 124 · 18.6%
Disagreement, Bias & LLM-as-Annotator

Figure 1: Taxonomy of the 665-paper corpus across eight survey dimensions, derived via NMF (k=16; TF-IDF,
unigrams+bigrams). NMF was preferred over density-based methods because it assigns all documents without
outliers (89% confident coverage) and naturally recovers finer distinctions that motivate separate survey sections:
sentiment vs. hate speech, disagreement modelling vs. LLM-as-annotator, and NER vs. dependency treebanks.
Three colour-coded branches group the eight sections thematically: Foundations & Methods (teal) covers metric
theory, corpus construction, and MT evaluation; Structural Annotation (violet) covers sequence labelling, semantic
annotation, and temporal relations; Subjectivity & Emerging (orange) covers sentiment/hate speech and the field’s
fastest-growing frontier, annotator disagreement and LLM-as-annotator. Each box shows the section number, paper
count, and corpus share.

lack native IAA computation, and majority-vote
thresholding is commonly substituted for formal
agreement, a practice criticised by Artstein and
Poesio (2008) and Klie et al. (2024).

Metric frequency and reporting norms. Ta-
ble 2 shows named metric frequencies across the
corpus. Cohen’s κ is the most-cited metric at both
scanning levels: 259 papers name it in full text
(38.9% of the 665-paper corpus), though only 43
name it in the abstract (6.5%, 95% CI: 4.8–8.6%).
Krippendorff’s α appears in 157 full texts (23.6%)
but only 36 abstracts (5.4%); Fleiss’ κ in 114 full
texts, 28 abstracts.

Temporal trend in reporting quality. Report-
ing has improved: the share of papers naming no
coefficient in full text falls from 76.5% (1999–
2009) to 58.3% (2010–2018) to 20.0% (2019–
2026; Cramér’s V = 0.42). It varies by venue
(χ2(6) = 123.2, p < 0.001): Findings papers are
3.6% unnamed against 62.6% for workshop papers.
Abstract length does not explain the gap: a logis-
tic regression predicting metric-naming from ab-
stract word count and year leaves word count non-
significant once year is controlled (β = −0.20 vs.
year β = 1.14), so the venue effect reflects review-
process compliance, not formatting constraints.

Across the corpus (full text parsed directly for
549 papers, and assessed from the abstract for the
remaining 116 where no machine-readable PDF
was available), 226 of the 665 papers (34.0%)
name no specific coefficient anywhere in the text

examined. The abstract-level rate is 559 papers
(84.1%); that is, 50.1% of authors name the metric
in the body but not in the title or abstract. We frame
the body-only gap as a discoverability concern:
the methodology is reported, but it is not visible
to automated indexing, meta-analytic screening,
or citation-tracking tools that operate over titles
and abstracts. We do not suggest that reviewers
should assess reliability from abstracts; the full
text is and remains the appropriate basis for that
judgement. The gap is distinct from, and less severe
than, the full-text omission: it concerns where a
metric is reported rather than whether it is reported.
Confidence intervals appear in only 29 of the 665
papers (4.4%) (Reichenheim, 2004; James, 2026).
See Appendix F for the full metric× task matrix.

Naming versus reliability evidence. “No coeffi-
cient named” is a measurement-vocabulary signal,
not a direct reliability-evidence signal: a paper
that reports “annotators agreed on 87% of items”
or “two coders cross-checked all annotations” pro-
vides reliability evidence without naming a coeffi-
cient. The 34.0% full-text figure should therefore
be read as an upper bound on the share of papers
that report no reliability evidence of any kind; an
unknown subset of those papers describe agree-
ment numerically or procedurally in language that
a coefficient-name scan does not capture. A named,
chance-corrected coefficient is the prerequisite for
cross-study comparison, and its absence is what
the 34.0% figure measures and what the reporting
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Abstract scan Full-text scan†

Metric N % N %

Cohen’s κ 43 6.5 259 38.9
Krippendorff’s α 36 5.4 157 23.6
Fleiss’ κ 28 4.2 114 17.1
Percentage agreement 6 0.9 77 11.6
Span F1 (as IAA proxy) 4 0.6 36 5.4
CrowdTruth 1 0.2 37 5.6
MACE 0 0.0 27 4.1
Dawid–Skene 0 0.0 17 2.6
ICC 0 0.0 16 2.4
Gwet’s AC1/AC2 0 0.0 16 2.4
Scott’s π 0 0.0 16 2.4
Gamma (γ) 1 0.2 12 1.8
Correlation (ρ/r/τ ) 0 0.0 5 0.8
WindowDiff 0 0.0 4 0.6
IRT / Rasch 0 0.0 1 0.2

No coefficient named* 559 84.1 226 34.0
* Full-text (primary): papers naming no coefficient any-
where in the full paper (549 parsed, 116 fallback to abstract).
Abstract (secondary): papers omitting the coefficient from
title and abstract (what readers see without the full paper).
The 2.5× gap (34.0% vs 84.1%) measures the abstract-level
under-reporting burden.
† Full-text scan: 549/665 PDFs successfully downloaded
and parsed (82.6%). The 116 fallbacks divide as follows:
∼34 pre-2010 papers are scanned image PDFs with no ex-
tractable text layer; ∼31 have no Anthology abstract and
were assessed from title only; ∼6 are hosted outside the
Anthology (JEPTAL-RECITAL, MT Summit); ∼51 failed
with HTTP errors during the Colab session (timeouts, tran-
sient 503s). Fallback papers were scanned on title+abstract
(same as abstract column). Bias assessment: ∼34 pre-2010
scanned PDFs constitute all papers from that period, so the
1999–2009 full-text rates are identical to abstract rates, so
there is no additional bias. HTTP failures (∼51) are dis-
tributed across all years (7.7% of post-2019 papers) and
do not confound period comparisons. Specialised methods
such as MACE, ICC, Dawid–Skene, Scott’s π, and Gwet
appear only in full text, validating the abstract-level omis-
sion documented here.

Table 2: IAA metric frequency across the 665-paper
corpus. Full-text column is the primary analysis
(549/665 papers parsed at full-text level; 116 fall back
to abstract). Abstract-level counts are provided to quan-
tify the reporting gap: what readers see without the full
paper. Methods such as ICC, MACE, Dawid–Skene,
Gwet, and Scott’s π are entirely absent from abstracts
but present in full text. The 2.5× gap between 34.0%
(full text) and 84.1% (abstract) measures the abstract-
level under-reporting burden.

checklist in §12.3 targets.

5 Corpus Construction and Annotation
Guidelines

The 104 papers in this dimension address
annotation-scheme design and reference-corpus
production across languages and genres (Gagliardi,
2018; Stymne and Östman, 2020; Papay and Padó,

2020; Farzana et al., 2020; Marcińczuk et al., 2020;
Proisl et al., 2020; Baledent et al., 2022; Gec-
chele et al., 2022; Schaefer and Stede, 2022; Gold
et al., 2023; Aracena et al., 2024; Anisimova and
Zikánová, 2024; Elmadani et al., 2025; Habash
et al., 2025; Antunes et al., 2025; Brants, 2000).
Recommended practice is to pilot guidelines, com-
pute IAA, and iterate before full-scale annotation,
targeting κ ≥ 0.67 (Artstein and Poesio, 2008).
Multilingual and low-resource settings add com-
plexity: translated guidelines may introduce am-
biguity and smaller pools weaken IAA estimates,
with Arabic, Nordic, Slavic, and South Asian cor-
pora recurring throughout. Crowdsourced corpora
increasingly replace expert annotation, but ma-
jority voting discards the disagreement structure
needed to model annotator variation (Aroyo and
Welty, 2015); agreement-with-justification designs
(Pavlick and Kwiatkowski, 2019) improve quality
but remain rare.

6 Sequence Labelling: NER, Treebanks,
and Parsing

The 57 papers span NER across fifteen-plus lan-
guages and domain genres (newswire, biomedi-
cal, archaeology, biography) and syntactic tree-
bank construction (Friedrich et al., 2020; Thomp-
son et al., 2020; Jørgensen et al., 2020; Brandsen
et al., 2020; Ruppenhofer et al., 2020; Luoma et al.,
2020; Hahn et al., 2012; Bhat et al., 2014; Sol-
berg et al., 2014; Agić et al., 2014; Bawden et al.,
2014; Nguyen et al., 2016). Agreement for broad
NER types (PER, ORG, LOC) is typically high
(κ > 0.85) but drops sharply for fine-grained and
nested entities, largely independent of annotation
platform, suggesting the difficulty is intrinsic to
entity definition. For dependency treebanks, La-
belled Attachment Score is the de facto measure
despite not correcting for chance. Cohen’s κ pre-
dominates here even with three or more annotators,
where Fleiss’ κ or Krippendorff’s α would be more
appropriate.

7 Semantic Annotation: Discourse, SRL,
and Lexical Semantics

This is the largest thematic dimension (130 papers),
reflecting the difficulty of semantic tasks where
interpretation of abstract categories is most vari-
able (Mathet and Widlöcher, 2011a; Mathet et al.,
2015; Bourgonje and Stede, 2020; Dhanwal et al.,
2020; Peng et al., 2020; Trott and Bergen, 2021;
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Goldin et al., 2025; Prévot et al., 2025; Fu et al.,
2025; Mírovský et al., 2010; Iñurrieta et al., 2016;
Moon et al., 2018). Discourse annotation in the
tradition of Rhetorical Structure Theory (Mann
and Thompson, 1988) and PDTB-style schemes
frequently falls below κ = 0.70 for fine-grained
relation inventories, and the γ measure has gained
traction because uncertain span boundaries make κ-
on-fixed-spans inappropriate (Mathet et al., 2015).
PropBank SRL schemes achieve higher agreement
than FrameNet, whose larger frame inventory is
more ambiguous (Lo and Wu, 2013). In word-sense
annotation, annotators may agree a word is ambigu-
ous yet disagree on the sense, and distributional
sense-difficulty models correlate with disagree-
ment (Zaśko-Zielińska and Piasecki, 2018; Ped-
ersen et al., 2018; Danieli et al., 2016; Schlechtweg
et al., 2018; Camacho-Collados et al., 2017).

8 Temporal and Event Relation
Annotation

The 59 papers cover TimeML-style annotation of
events, time expressions, and temporal relations
(Pan et al., 2006; Verhagen et al., 2006; Puşcaşu
and Barbu Mititelu, 2008; Ljubešić et al., 2010;
Matsuyoshi et al., 2010; Morante and Daelemans,
2012; Bitterman et al., 2020; Goel et al., 2020;
Vallurupalli et al., 2022; Lee et al., 2022; Tam-
mewar et al., 2022). Event identification achieves
relatively high agreement (κ ≈ 0.75–0.90), while
temporal relation classification is harder (κ ≈ 0.50–
0.70), reflecting the combinatorial explosion of re-
lation types and pervasive vagueness in temporal
expressions, a pattern replicated across English,
Hindi, and Portuguese corpora. These patterns mo-
tivate schemes that distinguish clear from uncer-
tain relations or let annotators flag underspecified
cases rather than forcing a choice (Verhagen et al.,
2006); corpus papers also report annotator fatigue,
with agreement dropping after the first 100 tokens
(Tammewar et al., 2022).

9 Sentiment, Opinion, Stance, and Hate
Speech

The 94 papers annotate inherently subjective phe-
nomena (Mohanty et al., 2020; Øvrelid et al., 2020;
Assimakopoulos et al., 2020; Titeux et al., 2020;
Chakravarthi, 2020; Chakravarthi et al., 2020; Bar-
beria et al., 2025; Parent et al., 2025; Zaghouani
and Biswas, 2025; Domínguez et al., 2016; Plank
et al., 2014; Stoyanov and Cardie, 2008). Coarse

polarity typically achieves κ > 0.75, but fine-
grained emotion schemes (six or more classes) of-
ten fall below κ = 0.50, raising the question of
whether the taxonomy reflects real distinctions or
annotator interpretation. Hate-speech annotation
is among the most contested tasks in NLP: annota-
tors of different demographic, political, or cultural
backgrounds diverge on the same item, and inter-
group agreement is often lower than intra-group
agreement, yet most studies pool annotators with-
out demographic stratification (Saeidi et al., 2021;
Spinde et al., 2021; Valizadeh et al., 2021). These
findings motivate distributional labelling that pre-
serves disagreement and releases all annotations.

10 Annotator Disagreement, Bias, and
LLM-as-Annotator

This is the fastest-growing dimension (124 papers,
18.6%), reflecting a field-wide re-evaluation of
what annotation disagreement means and how it
should be handled. The growth is recent and steep:
26 of the 124 papers appeared between 1999 and
2022 against 98 between 2023 and 2026, with 47
in 2025 alone, more than half the corpus’s peak-
year volume (91 papers; Figure 2a). Every other
survey dimension contracts over the same window
(Meaney, 2020; Amidei et al., 2020; Aralikatte and
Søgaard, 2020; Pamulapati et al., 2020; Aroyo and
Welty, 2015; Goot et al., 2020; Huang et al., 2020;
Asakura et al., 2020; Han et al., 2021; Klie et al.,
2024; James, 2026). The classical view treats dis-
agreement as noise to adjudicate away; an emerg-
ing consensus treats it as a signal of linguistic com-
plexity or social variation to preserve and model
(Plank, 2022). Probabilistic models such as MACE
(Hovy et al., 2013) and CrowdTruth (Aroyo and
Welty, 2015) decompose item difficulty from an-
notator reliability without a gold standard, and
several papers link systematic annotation differ-
ences to annotator age, gender, and cultural back-
ground (Saeidi et al., 2021; Spinde et al., 2021;
Valizadeh et al., 2021). Since 2022, a growing
body of work examines LLMs as annotators (Klie
et al., 2024; Occhipinti, 2024; Periti et al., 2024;
Sánchez-Montero et al., 2024; Arzt and Hanbury,
2024; Terryn and Lhoneux, 2024): LLMs match
crowdworkers on well-defined classification but
diverge on subjective phenomena, and their agree-
ment with humans varies with prompt phrasing
(James, 2026). Human–LLM agreement is itself an
IAA problem and should be quantified with chance-
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corrected coefficients, not raw accuracy.

11 Machine Translation Evaluation

The 50 MT evaluation papers occupy a distinct
niche: human evaluation of translation quality
is itself an IAA problem, since evaluators may
rank the same output differently (Castilho, 2020a;
Fonteyne et al., 2020; Castilho, 2020b; Popović,
2021; Castilho, 2021; Grundkiewicz et al., 2021).
For continuous Direct Assessment scores, ICC and
Spearman ρ are more appropriate than Cohen’s
κ, yet this is rarely acknowledged, a concrete in-
stance of the one-size-fits-all κ pattern of Table 2.
Document-level evaluation adds holistic coherence
judgements that resist decomposition into item-
level labels, requiring segment-level aggregation or
a unitising metric such as γ.

12 Discussion

12.1 Metric Appropriateness Analysis

A named coefficient is necessary for reporting but
not sufficient for appropriate measurement: a pa-
per that names Cohen’s κ but uses it on continuous
Direct-Assessment scores has reported a metric,
but the wrong one. This subsection quantifies the
gap between the metric a task should use (per the
assumptions in §2 and the practitioner guides of
James (2026) and Artstein and Poesio (2008)) and
the metric corpus papers use, on the 439 papers in
our corpus that name at least one coefficient. The
appropriateness framework (the metric each anno-
tation setting should use, and the less-appropriate
choices observed in the corpus) is given in Ap-
pendix C, Table 10; Table 3 reports the corpus
frequencies.

Three patterns dominate (Table 3). Unweighted
κ on ordinal labels is the most prevalent mis-
use, in 67 papers (15.3% of metric-naming papers)
and present in every survey section, peaking in §9
(24%) and §11 (23%) where ordinal scales are com-
mon. Cohen’s κ on continuous DA scores occurs
in 16 of 31 metric-naming MT papers (52%), the
sharpest single-domain finding. Raw accuracy for
human–LLM agreement appears in 22 LLM-as-
annotator papers (5.0%), and pairwise κ with >2
annotators in a further 18 (4.1%). Across all five
patterns, an estimated 25.5% of metric-naming
papers exhibit at least one detectable misuse.

Misuse pattern Denominator N %†

Cohen κ used pairwise
with >2 annotators

all metric-
naming papers

18 4.1

Cohen κ on continu-
ous DA scores

metric-naming
MT papers
(§11)

16 52

Unweighted κ on ordi-
nal labels

all metric-
naming papers

67 15.3

Fixed-span κ on unitis-
ing tasks

all metric-
naming papers

11 2.5

Raw accuracy for hu-
man vs. LLM agree-
ment

all metric-
naming papers

22 5.0

Pooled lower bound all 439 metric-
naming papers

112 25.5

Table 3: Misuse frequencies from automated detection
across the corpus. Counts are lower bounds: a paper
is flagged only when the task type and metric choice
are both unambiguously inferable from text. A single
paper may appear in multiple rows. The pooled bound
deduplicates and expresses the fraction of all 439 metric-
naming papers that exhibit at least one detectable misuse
pattern. † percentages are within each row’s denomina-
tor (column 2); the MT figure (52%) is the fraction of
§11 metric-naming papers rather than of the full corpus.

12.2 Cross-Cutting Findings

1. Cohen’s κ dominates all task types. In full text
κ (259 papers, 38.9%) is the most-named coef-
ficient in every survey section, ahead of Krip-
pendorff’s α (157) and Fleiss’ κ (114), and is
used regardless of whether its assumptions hold;
ICC appears in only 16 papers despite suiting
continuous MT and emotion tasks (§12.1).

2. 34.0% name no coefficient in full text; 84.1%
omit it from the abstract layer. The 34.0%
body-level rate is a methodology-reporting con-
cern and an upper bound on papers with no re-
liability evidence of any kind, since agreement
is sometimes reported numerically or procedu-
rally without naming a coefficient. The 50.1-
point body-to-abstract gap is a discoverability
concern: the methodology is reported but is in-
visible to title/abstract triage.

3. Confidence intervals are almost never re-
ported (under 5% of papers), making inter-
study comparison unsound (Reichenheim, 2004;
James, 2026).

4. Annotator metadata is routinely omitted:
compensation is reported in 18% of classical
annotation papers, selection criteria in 11%, and
session duration in under 5%, though crowd-
sourced and LLM papers disclose compensation
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Item Why it matters

Annotation task type Determines suitable metric
Label scale
(nom./ord./cont./span)

Determines metric family

Number of annotators Cohen vs. Fleiss vs. α
Double-annotated
item count

Needed to interpret reliability

Metric name and vari-
ant

Avoids ambiguity

Library / implementa-
tion version

Supports reproducibility

Raw agreement Sanity check
Chance-corrected
agreement + CI

Controls expected agreement

Per-label agreement
breakdown

Reveals minority-label issues

Annotator selection
criteria

Supports bias analysis

Compensation and
session duration

Enables annotator-effect study

Adjudication proce-
dure

Explains gold-label construction

Individual labels re-
leased

Enables disagreement modelling

Table 4: Per-paper minimum reporting checklist for
ACL submissions. Pair with Table 6 for the setting-
indexed metric recommendations.

far more often (58% and 64%).

5. Disagreement is underutilised as a signal:
most pipelines adjudicate away minority labels,
discarding genuine ambiguity (Plank, 2022).

6. Cross-lingual IAA is under-theorised: no prin-
cipled framework compares κ across typologi-
cally distinct languages.

12.3 A Reporting Checklist for ACL
Submissions

Combining the metric-selection guidance of §12.1
with the reporting gaps documented in §12.2 yields
a concrete checklist for authors and reviewers. Ta-
ble 6 maps annotation settings to recommended
metrics and minimum reporting items, and Ta-
ble 4 gives a complementary per-paper checklist,
indexed by manuscript content and intended as a
final pass an author or reviewer can run against a
completed draft. Each item is phrased as a surface-
verifiable fact, for the reasons the compliance audit
below makes clear.

Compliance audit. To test whether the check-
list can be applied reliably, four annotators scored
the 50 most recent papers in the corpus (37 from
2025, 13 from 2026) on the 13 items of Table 5:
two human coders working independently from the
item definitions, and two LLMs (Claude Opus 4.8

and GPT-4o, accessed via aiXplain) given the same
rubric. The audit is a measurement study of the
checklist itself, not a ranking of annotators.

No pair of annotators agrees well. The two hu-
mans reach Cohen’s κ = 0.26 (95% bootstrap CI:
0.20–0.33), below the κ = 0.36 of the two LLMs;
human–LLM pairs span 0.06–0.42. Mean compli-
ance estimates vary by a factor of three across an-
notators (48.9% and 36.3% for the humans, 45.1%
and 16.8% for Claude Opus 4.8 and GPT-4o), with
the human estimates bracketing most of the LLM
range. Since two humans applying the same rubric
to the same 50 papers agree only fairly, the low
LLM–LLM agreement cannot be read as evidence
that LLMs in particular are poor compliance anno-
tators: the unreliability is a property of the task as
operationalised, not of the annotator type.

Splitting the items sharpens this. On the nine
objectively checkable items (a coefficient is named
or it is not; a CI is present or absent) the two hu-
mans reach κ = 0.23, against κ = 0.18 on the
four judgment-laden items (C05, C09, C10, C12),
where a coder must decide whether a prose descrip-
tion of adjudication, annotator selection, compensa-
tion, or expertise counts as reported. Agreement is
therefore weak across the board and weakest where
the items require interpretation, and per-paper an-
notator notes attribute most disagreements to par-
tial reporting, such as an adjudication procedure
mentioned in passing without detail.

We draw two conclusions. First, the compliance
figures in Table 5 support only a range, and we
report the average recent ACL annotation paper as
satisfying somewhere between one in six and one in
two of the minimum reporting items. All four anno-
tators nonetheless agree on the qualitative picture:
the least-reported items are confidence intervals
(C03), raw agreement (C04), and session duration
(C11), none of which require additional data col-
lection, while the metric name and label scale are
reported most often. Second, and for the checklist
itself more consequential, reporting compliance
cannot currently be audited reliably by any annota-
tor type at this granularity. A checklist intended for
reviewers must therefore be operationalised so that
each item is a surface-level, verifiable fact rather
than a judgement, and we phrase the items of Ta-
ble 6 to that standard.

12.4 Open Challenges and Research Agenda
The findings above motivate a seven-point agenda.
(1) Confidence intervals: report a 95% CI with
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Human LLM

Item Checklist element H1 H2 Cl. GPT

Objectively checkable items
C01 Metric named 78 72 78 36
C02 Annotator count stated 62 34 84 26
C03 CI reported 2 6 10 2
C04 Raw agreement reported 12 18 14 6
C06 Label scale specified 72 46 60 30
C07 Library / version cited 22 16 26 8
C08 Per-label breakdown 34 24 40 2
C11 Session duration 28 8 16 4
C13 Data / labels released 50 30 68 36

Judgment-laden items
C05 Adjudication described 82 82 56 16
C09 Annotator selection 54 38 46 8
C10 Compensation stated 52 24 18 8
C12 Expertise described 88 74 70 36

Mean (13 items) 48.9 36.3 45.1 16.8

Table 5: Checklist compliance rates (%) for the 50 most
recent papers in the corpus (2025–2026), scored inde-
pendently by two human coders (H1, H2) and two LLMs
(Claude Opus 4.8, GPT-4o via aiXplain) on all 13 items.
No annotator pair agrees well: human–human κ = 0.26
(95% CI: 0.20–0.33), LLM–LLM κ = 0.36, human–
LLM 0.06–0.42. Estimates span a factor of three, so
the audit supports a range rather than a point estimate,
and shows that compliance at this granularity cannot be
audited reliably by any annotator type under the present
item definitions (§12.3).

Annotation setting Recommended
metric

Minimum reporting

2 annotators, nominal
labels

Cohen’s κ + raw
agreement

Marginals, CI,
double-coded n

>2 annotators, nomi-
nal

Krippendorff’s α or
Fleiss’ κ

Rater count, missing-
data handling

Ordinal labels Weighted κ / α ordi-
nal

Weighting scheme
stated

Span / unitizing γ + Span F1 Boundary-matching
policy

Continuous ratings ICC (specify vari-
ant) + CI

ICC type, rater model

Subjective / crowd Distributional
labels + MACE or
CrowdTruth

Annotator metadata,
label distributions

LLM as annotator Human vs. LLM κ
or α

Prompt version, tem-
perature, model ID

Table 6: Operational reporting checklist indexed by
annotation setting. For each setting, name the recom-
mended metric and report all minimum items. Pair with
Table 4 for the per-paper checklist.

every IAA estimate (Reichenheim, 2004). (2) Re-
porting standard: a four-annotator audit of the
50 most recent corpus papers puts mean checklist
compliance at 17–49% (Table 5); adopt the metric
name and parametrisation, annotator count, double-
annotated item count, per-category breakdown, CI,

and selection procedure (Hallgren, 2012; James,
2026), and define each item so that a reviewer can
verify it from the surface text. (3) One-size-fits-all
κ: 52% of metric-naming MT papers use κ where
ICC suits continuous DA scores; justify metric
choice against task assumptions and co-report per-
centage agreement. (4) Discarded disagreement:
release all individual annotations, not only adjudi-
cated gold labels. (5) Unmeasured LLM agree-
ment: human–LLM agreement is an IAA problem
and must be measured with chance-corrected coef-
ficients rather than raw accuracy. (6) Annotator
metadata: report annotator count, compensation,
and ethics review status alongside every IAA statis-
tic, since annotator effects are systematic (James,
2026). (7) Cross-lingual framework: develop
IAA comparison across typologically distinct lan-
guages that accounts for annotation difficulty and
guideline translation.

13 Conclusion

We presented a large-scale empirical survey of IAA

reporting practice in NLP, covering 665 ACL An-
thology papers (1999–2026). Full-text analysis of
549 papers confirms that Cohen’s κ dominates (259
papers, 38.9%) and that 25.5% of metric-naming
papers exhibit at least one detectable misuse, most
often unweighted κ on ordinal labels (15.3%) and,
in MT evaluation, κ on continuous DA scores (52%
of metric-naming MT papers). We separate two
reporting concerns: 34.0% of papers name no coef-
ficient in the full text, an upper bound on the share
reporting no reliability evidence of any kind, and
a further 50.1% name a coefficient in the body but
not the abstract, a discoverability concern. A four-
annotator audit (two humans, two LLMs) of the 50
most recent papers puts mean adherence to the 13-
item checklist between 17% and 49% depending
on the annotator, and no pair agrees well (human–
human κ = 0.26, LLM–LLM κ = 0.36), which
shows that reporting compliance cannot be audited
reliably at this granularity until checklist items
are defined as surface-verifiable facts. The rise
of disagreement modelling and LLM-as-annotator
(18.6% of the corpus) signals that the classical gold-
label paradigm is under empirical pressure. This
survey complements the prescriptive guidance of
James (2026) with field-scale evidence on how IAA

is measured and reported in practice.
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Limitations

Corpus boundary. The search ran over all 121,832
papers indexed in the ACL Anthology, which in-
cludes the Computational Linguistics journal and
TACL; the corpus contains five CL journal papers
and seven TACL papers. Excluded is work pub-
lished outside the Anthology: IEEE and speech
venues (Interspeech, ICASSP), computer vision
(CVPR), clinical and health-informatics journals,
and linguistics journals. The corpus may also un-
derrepresent non-English-medium communities.

Search vocabulary and title/abstract match-
ing. Two boundaries limit recall. First, the search
vocabulary matches inter-annotator and inter-rater
but not inter-coder, so studies using only that term,
including the meta-analysis of Bayerl and Paul
(2011), fall outside the corpus; we release an inter-
coder pattern for future extensions but did not ap-
ply it retroactively, since doing so would change
the corpus the reported figures describe. Second,
matching on title and abstract rather than full text
is a precision–recall trade-off: full-text matching
returns thousands of papers that mention κ once
in passing, the pattern our manual exclusion step
removed 70 papers for, but it would also recover
papers that analyse agreement without flagging it in
the abstract. Some older Anthology entries lack ab-
stract metadata and are invisible to a title+abstract
search. The corpus is therefore best read as papers
that foreground IAA, not as every Anthology paper
that measures it.

Scope of the metric-appropriateness claims.
Two claims in §12.1 have different exposure to
venue selection. The misuse findings (25.5% of
metric-naming papers; 52% of metric-naming MT
papers applying κ to continuous DA scores) are
within-paper mismatches between a paper’s own
data type and its own metric choice, so they can-
not be produced by which venues were sampled.
The prevalence figures are bounded by venue selec-
tion, and we scope them accordingly: ICC appears
in 2.4% of full texts in the ACL venues sampled,
not in NLP at large. ICC is standard in clinical
reliability studies, and the corpus contains only
seven clinical or biomedical papers (three Clinical
NLP workshop papers plus BioNLP, SMM4H, and
CLPsych entries), none of which names ICC. That
this community is nearly absent from the Anthol-
ogy is itself the point: clinical reliability work is
published elsewhere, so we scope the prevalence
claim rather than generalising it, and an extension

to JAMIA or BMC Bioinformatics would likely
raise ICC counts.

Clustering. The NMF parameters, including
the choice of k=16 topics, were fixed by inspect-
ing topic coherence; alternative settings yield dif-
ferent but equally valid taxonomies. Full-text
vs. abstract-level metric scan. Table 2 reports
metric frequency at two levels: full text (primary;
549/665 papers, 82.6%) and abstract (secondary;
all 665 papers). The 116 fallback papers could
not be parsed from PDF (scanned images, exter-
nal venues, network errors) and contribute to the
abstract column only; this is conservative. Abstract-
level counts are additionally reported because that
is what readers and reviewers encounter without
the full paper; the 84.1% abstract gap is a dis-
tinct policy-relevant finding alongside the 34.0%
full-text figure. Sensitivity analysis. Best case
(all 116 fallbacks name a metric): unnamed falls
to 18.2%; worst case (none do): rises to 35.6%.
Parsed coverage is 18% (pre-2010), 55% (2010–
2018), 100% (2019–2026). Readers seeking pre-
scriptive metric-selection guidance should consult
James (2026), which this survey is designed to com-
plement. Coder reliability for paper-type classi-
fication. The any metric named dimension is algo-
rithmic and reproducible. The paper-type dimen-
sion was assigned by keyword heuristics and vali-
dated by the independent double-coding reported
in Appendix A.

Compliance audit. The audit covers 50 papers
and four annotators, and its central result is neg-
ative: no annotator pair agrees well enough to
license a point estimate of checklist compliance
(§12.3). The compliance percentages should there-
fore be read as a range whose width reflects annota-
tor disagreement rather than sampling error, and the
item-level agreement figures as diagnostics of the
checklist’s wording rather than as measurements of
the papers.

Ethics Statement

This work surveys existing published research
and introduces no new annotation tasks or human
subjects research. The corpus metadata (paper
IDs, titles, abstracts, venue, year) is derived from
the ACL Anthology and redistributed under the
Creative Commons Attribution 4.0 International
(CC BY 4.0) licence. Code released with this paper
is provided under the MIT Licence. No private or
sensitive data were accessed. The only human con-
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tributor besides the author is an independent second
coder who double-coded a stratified 10% sample
for the inter-coder reliability analysis (Appendix A)
and was compensated at standard academic rates;
the survey involves no other recruitment of human
participants and no collection of personal informa-
tion.
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Coding dimension κ 95% CI n Strength

Algorithmic regex extraction (precision / recall / F1)
Any metric named (full text) P=0.96, R=0.91, F1=0.93 (n=50) high
Per-family P (range) 0.93–1.00 across 15 metric families high
Per-family R (range) 0.88–0.97 across 15 metric families high

Human-coded dimensions (independent coder, n=50)
Paper type (6 cat.) 0.634 0.465 0.789 50 substantial
Survey section (8 cat.) 0.78 0.66 0.88 50 substantial

Per-category κ (paper type): Corpus: 0.87 Disagreement: 0.83 Empirical: 0.77 LLM: 0.57 Methodology: 0.00

Table 7: Reliability of all coding decisions in this survey.
Algorithmic patterns are validated by precision/recall
on an independent 50-paper sample; human-coded di-
mensions are validated by an independent second coder
on a stratified 10% sample. The second coder is a
PhD-level NLP researcher, compensated at standard
academic rates. Bootstrap 95% CI (5,000 iterations).
Raw agreement: paper type 74%, survey section 84%.
Per-category κ for paper type is reported in the bottom
row; the low Methodology score reflects n=3 cell size
rather than genuine unreliability (see text).

A Coding Reliability and Algorithmic
Extraction Validation

This appendix expands the reliability evidence sum-
marised in §3. Table 7 reports the reliability of ev-
ery coding decision in the survey: the algorithmic
regex extractor is validated by precision and recall
on an independent 50-paper sample, and the two
human-coded dimensions are validated by an inde-
pendent second coder on a stratified 10% sample.

Human-coded dimensions. Paper type. Cohen’s
κ = 0.634 (95% CI: 0.465–0.789), indicating sub-
stantial agreement (Landis and Koch, 1977); raw
agreement 74%. Per-category κ: Corpus 0.87, Dis-
agreement study 0.83, Empirical 0.77, LLM anno-
tation 0.57, Methodology 0.00. The low Method-
ology score reflects the small cell size (n=3 pa-
pers) rather than genuine unreliability; the four
disagreements involved boundary cases between
Methodology and Empirical or Corpus, adjudicated
by discussion. The most common confusion pattern
was Corpus vs. Empirical (3 cases), arising when a
paper both releases a dataset and reports model per-
formance; the adjudication rule codes such a paper
as Corpus when the corpus is its named primary
contribution.

Survey section. Cohen’s κ = 0.78 (95% CI:
0.66–0.88); raw agreement 84%. The higher agree-
ment reflects the clearer thematic separation of
NMF-anchored sections relative to paper-type cate-
gories. Disagreements concentrated on the bound-
ary between Semantics (§7) and Disagreement &
LLM annotation (§10) for papers that combine a
semantic annotation scheme with explicit disagree-
ment modelling.

Algorithmic extraction: precision and recall.
The any metric named dimension is derived from
61 regular expressions grouped into 15 metric fami-
lies (Appendix B), applied to title, abstract, and full
text; a paper is flagged for a family if any of its pat-
terns matches, and several patterns require the met-
ric term within a short window of annotation vocab-
ulary to exclude background-section false positives.
We validated the patterns on a 50-paper stratified
sample independent of the inter-coder reliability
sample: two coders read each paper end-to-end
and recorded every metric mention the patterns
should have flagged, with disagreements adjudi-
cated by discussion. Pooled across all 15 fami-
lies, the regex extractor achieves precision = 0.96
(95% CI: 0.91–0.99), recall = 0.91 (95% CI: 0.84–
0.96), and F1 = 0.93. False positives (n=3/76
flagged mentions) were dominated by metric terms
in related-work discussion of prior corpora rather
than the paper’s own measurement; false negatives
(n=9) concentrated on (i) abbreviated forms in ta-
bles (e.g., “κ” alone without “Cohen” or “kappa”
in adjacent text; 6/9) and (ii) non-standard library
names (e.g., statsmodels.stats.inter_rater;
2/9). Per-family precision is uniformly ≥0.93; per-
family recall is lowest for Cohen’s κ (0.88) due to
the abbreviation pattern. Correcting the headline
34.0% “no coefficient named” rate for these error
rates yields a 95% band of 28.4%–33.7%, so the
headline finding is robust to extraction error.

B Metric-Extraction Patterns

Table 8 lists verbatim the regular expressions that
produce the any metric named dimension and ev-
ery per-metric count in this survey (§4). They are
applied case-insensitively to the concatenated title
and abstract (abstract scan) and to the extracted full
text (full-text scan); a paper is flagged for a metric
family if any pattern in that family matches, and
any_metric is the disjunction over all families.
Several patterns bound the distance between the
metric term and annotation vocabulary, which sup-
presses matches in related-work discussion of prior
corpora. The patterns, the extraction notebook, and
the corpus they produce are all released, so every
count in Tables 2 and 11 can be regenerated.

The corpus-selection stage that precedes extrac-
tion, the Anthology query described in §3, is docu-
mented in prose there; its search script is not part
of the release.

597



# Pattern (case-insensitive)

Cohen’s κ
1 cohen.{0,8}kappa
2 cohen.{0,5}k
3 weighted kappa
4 kappa coefficient
5 kappa statistic
6 inter.?annotator kappa
7 k\s*=\s*0\.[0-9]
8 kappa\s*=\s*0\.[0-9]
9 cohen.{0,15}1960

Fleiss’ κ
10 fleiss.{0,8}kappa
11 fleiss.{0,5}k
12 multi.?rater kappa
13 fleiss.{0,15}1971

Krippendorff’s α
14 krippendorff
15 krippendorf
16 a\s*=\s*0\.[0-9].{0,20}(agreement|reliab)
17 reliability alpha

Gamma (γ)
18 \bgamma\b.{0,50}(annotator|agreement|iaa|unitiz|mathet)
19 (agreement|iaa|unitiz).{0,50}\bgamma\b
20 mathet.{0,20}(2015|gamma)
21 pygamma
22 g.measure

Percentage agreement
23 percentage agreement
24 percent.{0,6}agreement
25 raw agreement
26 observed agreement
27 proportion.{0,10}agree
28 pairwise agreement

Span F1
29 \bf[_\-]?1\b.{0,50}(span|overlap|entity|ner\b|srl\b|iaa)
30 (span|overlap|entity|ner\b|srl\b).{0,50}\bf[_\-]?1\b
31 exact match.{0,20}(annotator|agreement)

# Pattern (case-insensitive)

ICC
32 \bicc\b
33 intraclass correlation
34 intra.class correlation
35 shrout.{0,20}fleiss
36 icc\s*\([1-3],[1-2]\)

Gwet’s AC1/AC2
37 gwet
38 \bac1\b.{0,30}(agreement|reliab)
39 \bac2\b.{0,30}(agreement|reliab)
40 kappa.paradox

Correlation
41 spearman.{0,15}(rho|r).{0,30}(agree|reliab|annotati)
42 kendall.{0,15}(tau|t).{0,30}(agree|reliab|annotati)
43 pearson.{0,15}(r\b|correlation).{0,30}(agree|annotator|iaa)

Scott’s π
44 scott.{0,8}(pi|p)\b
45 scott.{0,15}reliability

MACE
46 \bmace\b.{0,30}(annotati|reliab|agreement)
47 multi.annotator competence
48 hovy.{0,10}(2013|mace)

Dawid–Skene
49 dawid.{0,10}skene
50 \bEM\b.{0,15}annotator
51 expectation.maximization.{0,20}annotati

IRT / Rasch
52 \birt\b.{0,30}(annotati|reliab|agreement)
53 item response theory.{0,30}annotati
54 rasch.{0,20}annotati

WindowDiff
55 windowdiff
56 window.diff
57 p_k\b.{0,20}(segmentation|agreement)

CrowdTruth
58 crowdtruth
59 crowd.truth
60 aroyo.{0,15}(2014|2015)
61 cosine.agreement.{0,20}annotati

Table 8: The 61 metric-extraction regular expressions, grouped into the 15 metric families reported in Table 2,
quoted verbatim from the released extraction notebook. Greek letters appear italicised here for typesetting; the
released file preserves the literal characters.

C Supplementary Tables and Figures

Table 9 lists the dimensions coded for each cor-
pus paper (§3); Figure 2 shows the corpus by year
and venue; Table 10 is the metric-appropriateness
framework underlying the misuse analysis of §12.1.

D Metric × Section Cross-Tabulation

Table 11 provides per-section metric counts from
the full-text scan, making all claims in the main
text (including the 34% Cohen’s κ rate in §11 and
the 16% CrowdTruth rate in §10) directly verifiable.

E IAA Metric Overview

Table 12 is a quick-reference companion to the
metric descriptions in §2. For each coefficient it
records the data type the metric supports, whether
it accommodates more than two raters, whether it
tolerates missing annotations, and whether it ap-

plies a chance correction, grouped into categorical,
structured/span-based, and continuous families.

F IAA Metric × Task-Type Matrix

Table 13 cross-references each IAA coefficient
against the annotation task types of the eight-
section taxonomy. For every (metric, task) pair
it records whether the metric is a recommended
primary choice, a usable secondary measure, or
rarely appropriate for that task, operationalising
the metric-appropriateness analysis of §12.1 as a
practitioner look-up table.

G NMF Topic Top Terms

Table 14 shows the six highest-weighted terms for
each of the 16 NMF topics and their mapping to sur-
vey sections. This table allows readers to verify the
topic-to-section assignment and identify potential
confusion cases.
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Figure 2: Corpus statistics for the 665-paper ACL Anthology corpus. (a) Annual publication counts. The post-2019
surge comprises 439 papers (66%) of the corpus, peaking at n=91 in 2025. (b) Top 10 named venues; papers indexed
only under the Anthology’s generic “Workshop” grouping are excluded from this panel. LREC/LREC-COLING
accounts for 81 papers; ACL contributes 57; the Linguistic Annotation Workshop (LAW) contributes 19 dedicated
papers.

Dimension Values / description

Year Integer (1999–2026)
Venue ACL, EMNLP, LREC, LAW, Findings,

Workshop, . . .
Paper type Empirical, Corpus, Disagreement study,

LLM annotation,
Metric proposal, Methodology

Survey section §4–§11 (NMF k=16 topic assignment)
Metric (abstract) Cohen κ, Fleiss κ, Krippendorff α, . . . ,

None
Metric (full text) Same + ICC, Gwet, Scott π, MACE,

Dawid–Skene, . . .
CI reported Binary: yes / no
IAA value Numeric: reported coefficient value if

stated
Annotator count Numeric: n annotators if stated
Gold released Binary: individual labels released be-

yond adjudicated gold

Table 9: Annotation dimensions used to characterise
each corpus paper. NMF topic assignments were ver-
ified by the author through iterative review of topic
coherence and keyword profiles.

Setting Appropriate Problematic use ob-
served

2 annotators, nominal Cohen κ Raw % only
>2 annotators, nom. Fleiss κ, α Cohen κ (pairwise)
Ordinal labels Weighted κ Unweighted κ
Span / unitizing γ, Span F1 Fixed-span κ only
Continuous ratings ICC (specify type) Cohen κ
Ranking tasks Kendall τ , Spearman

ρ
Nominal κ

Subjective / crowd Distributional +
MACE

Adjudicated gold
only

LLM as annotator Human vs. LLM κ/α Raw accuracy

Table 10: Metric appropriateness by annotation setting.
Column 3 lists patterns observed in the corpus where
a less-appropriate metric was used. Frequencies are
quantified in Table 3.
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Section Cohen
κ

Kripp.
α

Fleiss
κ

%
agree

Span
F1

Crowd-
Truth MACE ICC Any

metric N

§4 IAA Metrics 28 (60%) 19 (40%) 12 (26%) 9 (19%) 1 ( 2%) 1 ( 2%) 0 ( 0%) 3 ( 6%) 33 (70%) 47
§5 Corpus Construction 45 (43%) 23 (22%) 15 (14%) 12 (12%) 6 ( 6%) 9 ( 9%) 7 ( 7%) 4 ( 4%) 68 (65%) 104
§6 Sequence Labelling 13 (23%) 5 ( 9%) 8 (14%) 3 ( 5%) 9 (16%) 0 ( 0%) 0 ( 0%) 0 ( 0%) 28 (49%) 57
§7 Semantic Annotation 52 (40%) 30 (23%) 15 (12%) 24 (18%) 7 ( 5%) 2 ( 2%) 3 ( 2%) 2 ( 2%) 78 (60%) 130
§8 Temporal 19 (32%) 3 ( 5%) 11 (19%) 2 ( 3%) 6 (10%) 1 ( 2%) 0 ( 0%) 2 ( 3%) 36 (61%) 59
§9 Sentiment & Hate Speech 42 (45%) 29 (31%) 30 (32%) 12 (13%) 2 ( 2%) 4 ( 4%) 5 ( 5%) 1 ( 1%) 72 (77%) 94
§10 Disagreement & LLMs 43 (35%) 33 (27%) 16 (13%) 11 ( 9%) 4 ( 3%) 20 (16%) 12 (10%) 3 ( 2%) 93 (75%) 124
§11 MT Evaluation 17 (34%) 15 (30%) 7 (14%) 4 ( 8%) 1 ( 2%) 0 ( 0%) 0 ( 0%) 1 ( 2%) 31 (62%) 50

Total (corpus) 259 (38.9%) 157 (23.6%) 114 (17.1%) 77 (11.6%) 36 (5.4%) 37 (5.6%) 27 (4.1%) 16 (2.4%) 439 (66.0%) 665

Table 11: Full-text metric counts by survey section (N = papers with a given metric named anywhere in the full
text; % = fraction of section total). Counts are lower bounds (549/665 papers parsed; see Table 2 footnote). Notable
patterns: Cohen’s κ is used in 34% of §11 MT papers despite ICC being the appropriate choice for continuous DA
scores; CrowdTruth and MACE are concentrated in §10, confirming their role as disagreement-modelling tools.

Metric Data type ≥2
raters

Missing
data?

Chance-
corr.?

Categorical
% agreement Nominal pair – –
Bennett’s S Nominal 2+ – ✓
Cohen’s κ Nominal 2 – ✓
Weighted κ Ordinal 2 – ✓
Fleiss’ κ Nominal 3+ – ✓
Krippendorff α Any 2+ ✓ ✓
Gwet AC1/AC2 Nom./Ord. 2+ ✓ ✓
Scott’s π Nominal 2 – ✓

Structured / span-based
Span F1 Span pair – –
Pk / WindowDiff Segmentation pair – –
Gamma (γ) Unitising 2+ ✓ ✓

Continuous / interval-scale
ICC Continuous 2+ ✓ ✓
Cronbach α Continuous 2+ ✓ ✓
Spearman ρ / Kendall τ Ordinal pair – –
Pearson r Continuous pair – –

Table 12: IAA metric overview. Adapted from James
(2026).
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Survey section / NLP task type

Metric Data type

§4
IAA

Theory
n=47

§5
Corpus
Constr.
n=104

§6
NER &

Treebanks
n=57

§7
Disc. / SRL

Lexical
n=130

§8
Temporal

Events
n=59

§9
Sent. &

Hate
n=94

§10
Disagree.

LLMs
n=124

§11
MT

Eval.
n=50

Categorical data
Percentage agreement Nominal ◦ ◦ ◦ ◦ ◦ • • ·
Bennett’s S Nominal ◦ · · · · · · ·
Cohen’s κ Nominal • • • • • • • ◦
Weighted κ Ordinal ◦ · · · · ◦ ◦ ·
Fleiss’ κ Nominal ◦ ◦ · ◦ ◦ ◦ • ·
Krippendorff’s α Any • ◦ · ◦ ◦ ◦ ◦ ◦
Gwet’s AC1/AC2 Nom. / Ord. ◦ · · · · ◦ · ·
Scott’s π Nominal ◦ · · · · · · ·

Structured and span-based data
Span F1 / Dice Span · ◦ • • ◦ · · ·
LAS (treebanks) Syntactic · ◦ • · · · · ·
Pk / WindowDiff Segmentation ◦ · · • · · · ·
Boundary Edit Dist. Segmentation ◦ · · ◦ · · · ·
Gamma (γ) Unitising • ◦ · • · · · ·

Continuous and interval-scale data
ICC† Continuous ◦ · · · · ◦ · •
Cronbach’s α Continuous ◦ · · · · · · ◦
CCC‡ Continuous ◦ · · · · ◦ · ·
Spearman ρ / Kendall τ Ordinal ◦ · · · · ◦ ◦ •
Pearson r Continuous ◦ · · · · ◦ · ◦

Probabilistic and aggregation models
MACE (Hovy et al., 2013) Nominal · · · · · ◦ • ·
CrowdTruth (Aroyo and Welty, 2015) Nominal · · · · · ◦ • ·
IRT-based measures Nominal ◦ · · · · · • ·

Symbols: • primary (commonly used / expected for this task); ◦ secondary (attested but task-atypical); · absent from corpus for this task.
primary cell; secondary cell.

† ICC = Intraclass Correlation Coefficient (six variants; Shrout and Fleiss, 1979).
‡ CCC = Concordance Correlation Coefficient; LAS = Labelled Attachment Score.

Table 13: IAA metric suitability and observed usage across NLP annotation task types. Section columns
correspond to the eight survey dimensions (§4–§11); n gives the paper count per section. Key empirical finding:
Cohen’s κ appears as the primary metric across all categorical task columns, regardless of whether the task-specific
assumptions hold, a one-size-fits-all reporting norm that this survey documents empirically for the first time across
665 papers (see §12.2). Probabilistic aggregation methods (MACE, CrowdTruth, IRT) are concentrated in §10,
reflecting the emerging disagreement-as-signal paradigm. Qualitative coding (• primary, ◦ secondary, · absent)
reflects expert assessment of metric suitability per task type, validated against empirical usage counts in Appendix D.
Darker shading ( ) marks primary cells; lighter shading marks secondary usage.
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T Section N Top 6 terms

0 §5 57 corpus, annotated, annotated corpus, corpora, guidelines,
annotation

1 §5 47 natural, natural language, language, processing, lan-
guage processing

2 §11 29 translation, machine translation, document level, docu-
ment, evaluation

3 §10 60 disagreement, annotator disagreement, label, annotator
variation

4 §9 36 hate, speech, hate speech, detection, social media, offen-
sive

5 §7 46 sense, word sense, word, disambiguation, sense disam-
biguation

6 §6 36 entity, named, named entity, NER, entity recognition,
recognition

7 §10 64 LLMs, LLM, human, models, language models, large
language

8 §9 58 sentiment, sentiment analysis, analysis, dataset, opinion
9 §6 21 treebank, dependency, dependency treebank, parsing,

syntactic
10 §4 14 bias, 2024, shared task, annotation quality, inter-

annotator
11 §11 21 reproduction, original, human evaluation, MT, simplifi-

cation
12 §7 29 discourse, relations, discourse relations, RST, coherence
13 §4 33 annotator agreement, inter annotator, agreement, metric
14 §7 55 annotation scheme, argument, argumentative, argument

mining
15 §8 59 event, temporal, events, relation, extraction, time

Potential overlap
T0 vs T1 Both §5; T0 centres on annotated-corpus construction, T1 on broader language-resource papers
T8 vs T4 Both §9; T8 is opinion/SA, T4 is hate speech specifically

T10 vs T13 Both §4; T10 has recent bias/shared-task work, T13 IAA theory

Table 14: NMF (k=16) topic top terms and survey-
section mapping. Overlap cases and confusion cases are
noted.
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