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Abstract

LLM judges are often used to score generated
answers, but their decisions may be affected
by surface style rather than semantic correct-
ness. We introduce PolyJudge-Uncertain, a
controlled benchmark for studying multilingual
hedging effects in LLM-as-a-judge evaluation.
The benchmark contains 5,120 short factual
QA instances across English, Hindi, Hinglish,
and Bengali, balancing assertive versus hedged
style and correct versus incorrect answers. A
small pilot suggested a large pointwise penalty
against hedged answers. After repairing mul-
tilingual templates and adding quality-control
checks, this pointwise effect largely disappears:
final pointwise accuracy is 99.8%, with no
meaningful assertive–hedged gap. The robust
remaining effect is pairwise: when two answers
are equally correct and differ only in style, the
judge prefers the assertive answer in 1,276 of
1,280 cases. We interpret this as a protocol- and
task-specific assertiveness preference, not as a
universal bias against hedging. Our findings
highlight benchmark auditing as a central re-
quirement for multilingual judge-bias research.

1 Introduction

Large language models are now routinely used as
evaluators for generation quality, instruction fol-
lowing, preference ranking, and dataset annotation
because they are inexpensive, flexible, and often
correlate reasonably well with human judgments
on many tasks (Liu et al., 2023; Zheng et al., 2023;
Li et al., 2025a; Bavaresco et al., 2025). At the
same time, recent work has shown that LLM judges
are not neutral scoring devices. They can exhibit
position bias, self-preference bias, authority bias,
verbosity bias, formatting bias, and prompt sensi-
tivity, which means that evaluation outcomes may
reflect stylistic or contextual artifacts rather than
the semantic quality of the candidate answer itself
(Chen et al., 2024; Li et al., 2024b; Shi et al., 2025;

Xu et al., 2024; Chen et al., 2025; Jeong et al.,
2025).

A particularly important case concerns epistemic
markers, such as I think, maybe, probably, and
analogous expressions in other languages. These
markers are often desirable from the perspective
of honesty alignment and calibrated uncertainty
communication, because they soften unsupported
claims and can better signal uncertainty to the user
(Geng et al., 2024; Huang et al., 2024; Liu et al.,
2025b,a). However, the recent EMBER benchmark
showed that LLM judges can penalize epistemi-
cally marked answers even when the underlying
content remains correct, raising the concern that
evaluation pipelines may inadvertently reward over-
confident style and punish honest uncertainty ex-
pression (Lee et al., 2025).

This issue becomes even more consequential
outside English. Multilingual LLM-as-a-judge is
already known to be less stable than English-only
evaluation, and fairness work has repeatedly shown
that non-standard language varieties and dialectal
forms can trigger brittle model behavior even when
semantics are preserved (Hada et al., 2024; Fu and
Liu, 2025; Lin et al., 2025; Pan et al., 2025; Hida
et al., 2025). Yet the interaction between hedging,
multilinguality, and code-mixing remains underex-
plored. Real multilingual interaction motivates this
question because users routinely hedge, translit-
erate, and mix registers. At the same time, the
present study does not attempt to simulate the full
pragmatic complexity of natural conversation. In-
stead, it uses controlled minimal pairs to isolate
one evaluation variable: whether epistemic style
changes a judge’s decision when semantic content
is fixed.

In this paper, we introduce PolyJudge-Uncertain,
a controlled multilingual benchmark spanning En-
glish, Hindi, Hinglish, and Bengali. Our start-
ing hypothesis followed prior work: correct but
hedged answers might receive worse judgments



than equally correct assertive answers. However,
our experiments reveal a more nuanced picture. In
a small pilot, we indeed observe a large pointwise
hedging penalty. After carefully repairing multilin-
gual templates and filtering unnatural constructions,
that pointwise effect collapses. What remains is
a much sharper and more stable phenomenon: in
pairwise comparison, the judge overwhelmingly
prefers assertive phrasing over hedged phrasing
even when the two answers are equally correct.

This change in empirical story is itself the main
contribution. Rather than simply extending English
hedging-bias findings to new languages, we show
that multilingual judge-bias claims are highly sensi-
tive to benchmark construction quality. Our revised
benchmark supports a more defensible conclusion:
once template artifacts are controlled, pointwise
multilingual judging can be nearly robust to hedg-
ing, but pairwise LLM judging still treats assertive-
ness as a quality signal and uses it as a tie-breaker
among semantically equivalent answers.

Our contributions are threefold.

1. We introduce PolyJudge-Uncertain, a compact
but carefully controlled multilingual bench-
mark for studying uncertainty expression in
LLM-as-a-judge.

2. We provide an empirical re-assessment of
hedging bias under multilingual template re-
pair, showing that a strong pilot effect was
largely a construction artifact.

3. We identify a robust remaining failure mode:
near-universal pairwise preference for as-
sertive wording among equally correct an-
swers.

2 Related Work

Given our focus on multilingual LLM-judge be-
havior under hedging, we review three strands of
prior work: LLM-as-a-judge and meta-evaluation,
known biases in LLM evaluation, and uncertainty
expression in multilingual settings.

2.1 LLM-as-a-judge and meta-evaluation
LLM-based evaluation has moved rapidly from a
promising idea to a central experimental tool. G-
Eval showed that prompted GPT-4 can align well
with human judgments on several NLG tasks, help-
ing establish LLM-as-a-judge as a viable alterna-
tive to classical metrics (Liu et al., 2023). MT-
Bench and Chatbot Arena further popularized pair-

wise LLM evaluation for open-ended generation
and instruction following (Zheng et al., 2023). Sub-
sequent work broadened the framing from isolated
evaluators to a general research area, synthesizing
evaluator types, prompting strategies, and remain-
ing challenges in robustness and fairness (Li et al.,
2024a, 2025a; Bavaresco et al., 2025).

At the same time, meta-evaluation work has in-
creasingly questioned when LLM judges can re-
place humans and when they cannot. Calderon
et al. (2025) argue that replacement should be justi-
fied statistically rather than assumed, while Wang
et al. (2025) show that richer judgment distribu-
tions can improve inference. This paper fits into
that meta-evaluation tradition: our concern is not
whether the judged answers are good in absolute
terms, but whether the judge itself behaves robustly
when surface style varies and semantics are held
fixed.

2.2 Biases in LLM evaluation
A growing body of work has demonstrated that
LLM judges are susceptible to diverse biases. Chen
et al. (2024) report authority, beauty, misinforma-
tion oversight, and gender-related biases in both
humans and LLMs, with LLM judges showing sub-
stantial vulnerability. Position bias has emerged
as another well-studied failure mode, both in di-
rect pairwise ranking and in more general ranking
settings (Li et al., 2024b; Shi et al., 2025). Other
studies have documented self-preference, auxiliary-
context bias, and sensitivity to formatting and ver-
bosity (Xu et al., 2024; Chen et al., 2025; Wu et al.,
2025; Li et al., 2025b).

Especially relevant for our work, Jeong et al.
(2025) argue that pairwise comparison itself can
amplify biased preferences because it encourages
judges to rely on salient superficial differences.
Our results closely align with that observation,
but identify a new variant of the phenomenon cen-
tered on epistemic stance: once two answers are
semantically tied, assertiveness becomes a near-
deterministic winning cue.

2.3 Uncertainty expression and multilingual
robustness

Uncertainty estimation and calibrated confidence
have become major themes in LLM reliability re-
search (Geng et al., 2024; Huang et al., 2024). Be-
yond numeric confidence, recent work increasingly
studies natural language uncertainty expression,
where models communicate confidence via epis-



temic markers rather than scalar scores (Liu et al.,
2025a,b). This line intersects with longstanding
linguistic work on hedging and epistemic stance,
where markers of possibility or belief reduce com-
mitment to a proposition rather than changing its
propositional content (Lakoff, 1973; Hyland, 2010;
Babrow et al., 1998).

The closest prior work to ours is EMBER, which
explicitly examines whether epistemic markers dis-
tort LLM-based evaluation. Lee et al. (2025) find
that LLM judges show a negative bias toward epis-
temic markers, especially markers of uncertainty,
in both single and pairwise evaluation settings. Our
paper complements EMBER rather than compet-
ing with it. EMBER establishes the phenomenon;
we show that in multilingual settings the pointwise
effect is much more sensitive to benchmark con-
struction than a first pilot suggests.

Finally, our work relates to multilingual and di-
alect fairness studies. Prior work has shown that
multilingual evaluators require calibration against
native-speaker judgments and that low-resource
or non-Latin-script settings are especially brittle
(Hada et al., 2024; Fu and Liu, 2025; Liu et al.,
2024a,b). Separate work on dialect robustness
shows that semantic equivalence does not guaran-
tee equal model behavior under non-standard lan-
guage variation (Lin et al., 2025; Pan et al., 2025;
Yoo et al., 2025). We extend this conversation to
epistemic stance and code-mixed evaluation.

3 Materials and Methods

This section defines the scope of the benchmark,
the controlled generation procedure, the quality-
control checks, and the evaluation protocols. We
emphasize scope because the benchmark is in-
tended as a diagnostic minimal-pair test, not as
a direct model of open-ended multilingual conver-
sation.

3.1 Scope and interpretation

PolyJudge-Uncertain studies a deliberately narrow
setting: reference-guided evaluation of short fac-
tual QA answers. This design gives strong control
over semantic equivalence, but it also means that
the task naturally favors concise answers close to a
canonical reference format. We therefore interpret
pairwise assertive preference as a protocol- and
task-specific answer-format prior rather than as a
universal bias against hedging in all communica-
tive contexts. The benchmark is useful precisely

because it separates semantic correctness from epis-
temic style under controlled conditions; it should
be complemented by more naturalistic dialogue
and long-form generation studies in future work.

3.2 Benchmark design
PolyJudge-Uncertain is built from 320 semantic
seed items covering short factual question answer-
ing. Each seed contains a question, a canonical
reference answer, and a deliberately incorrect al-
ternative answer. We expand every seed into four
language varieties: English, Hindi, Hinglish, and
Bengali. For each language variety, we generate
two discourse styles, assertive and hedged, and
two correctness states, correct and incorrect. This
yields a balanced 320 × 4 × 2 × 2 = 5,120-item
benchmark.

The final benchmark uses canonical single-
sentence templates designed to minimize unin-
tended semantic or pragmatic drift. The key design
decision is that style should vary while proposition
remains fixed. For example, a correct assertive an-
swer and a correct hedged answer should denote
the same underlying fact; only the degree of epis-
temic commitment should differ. This enables a
controlled test of whether judges respond to style
rather than meaning. Figure 1 gives a concrete mul-
tilingual minimal-pair example and summarizes the
benchmark construction pipeline.

3.3 Realization and quality control
The generation procedure formerly summarized
as REALIZE consists of three deterministic steps.
First, the seed question, reference answer, and in-
correct alternative are mapped to language-specific
fields. Second, the candidate answer is inserted
into a language-variety-specific style template.
Assertive realizations use direct answer forms,
while hedged realizations prepend natural epis-
temic markers such as “I think,” “probably,” or
corresponding Hindi, Hinglish, and Bengali ex-
pressions. Third, correctness is controlled only by
substituting the candidate answer: the question, ref-
erence answer, language variety, and style template
remain fixed within a matched group.

The procedure formerly summarized as QUALI-
TYCHECK flags likely construction artifacts before
evaluation. The checks verify that required fields
are present, language and style labels are consistent,
duplicate realizations are not introduced, candidate
answers do not accidentally leak the reference in
the incorrect condition, and length remains within



Figure 1: Concrete example and pipeline for PolyJudge-Uncertain. The same semantic seed is realized across
English, Hindi, Hinglish, and Bengali while varying only answer style and correctness.

the expected range for short-answer QA. For Hindi
and Bengali, the script check allows internationally
shared strings such as digits, chemical formulae,
and proper nouns, but flags unexpected Latin-script
realizations in otherwise native-script templates.
Flagged instances are retained in the main bench-
mark for transparency and analyzed separately in
ablations.

3.4 Pilot and benchmark repair

Before constructing the final benchmark, we ran
a small pilot with 80 items derived from five seed
questions. That pilot showed a large pointwise
penalty against hedged answers. Manual error in-
spection revealed that at least part of the effect was
due to multilingual template issues, especially un-
natural or ambiguous Hindi formulations that could
plausibly be misread by the judge. We therefore
revised the benchmark generation templates to use
simpler, more natural constructions and introduced
the quality-control pass described above.

The revised benchmark has 5,019 approved
items and 101 flagged items. No items were re-
jected outright, but flagged items are tracked so we
can test whether the main conclusions depend on
including them. The final benchmark balance and
quality-control split are summarized in Table 1 and
Figure 3.

3.5 Judge setup

We evaluate a single reference-guided judge, GPT-
4o-mini, using a base prompt in both pointwise
and pairwise settings. In pointwise evaluation, the

Category Count Share

Total items 5,120 100.0%
Unique seed questions 320 —
English 1,280 25.0%
Hindi 1,280 25.0%
Hinglish 1,280 25.0%
Bengali 1,280 25.0%
Assertive 2,560 50.0%
Hedged 2,560 50.0%
Gold-correct 2,560 50.0%
Gold-incorrect 2,560 50.0%
Approved by QC 5,019 98.0%
Flagged by QC 101 2.0%

Table 1: Composition of the final PolyJudge-Uncertain
benchmark.

judge receives a question, a reference answer, and
one candidate answer, then predicts whether the
candidate is semantically correct. In pairwise eval-
uation, the judge receives a question, a reference
answer, and two candidate answers, then chooses
the more correct one or returns a tie. Pairwise an-
swer order is randomized with deterministic seeds
and mapped back to semantic categories before
metric computation, reducing the risk that the main
pairwise effect is merely an A/B position artifact.
Figure 2 illustrates the two evaluation settings.

The experimental decision to keep the judge
fixed is deliberate. Our goal in this paper is not
to compare judge families but to isolate how dis-
course style interacts with evaluation protocol un-
der tightly controlled semantics. This choice limits
generality, and we therefore frame the finding as
a focused case study rather than a universal claim
about all LLM judges.



Figure 2: Evaluation protocols. Pointwise evaluation
tests whether an individual candidate is judged cor-
rect against a reference, while pairwise evaluation tests
which of two matched candidates is preferred. The both-
correct pairwise setting isolates style preference under
semantic equivalence.

Figure 3: Benchmark composition of the final 5,120-
item dataset. This plot reports the empirical distribution
after multilingual expansion and quality-control flag-
ging.

3.6 Evaluation metrics

For pointwise evaluation, we report overall accu-
racy and gold-correct acceptance rate. The lat-
ter is especially important because the motivating
question is whether correct hedged answers are pe-
nalized more often than equally correct assertive
answers. For pairwise evaluation, we report win-
ner rates in three settings: both answers correct,
both answers incorrect, and hedged-correct versus
assertive-incorrect. The first tests style preference
under semantic equivalence; the third tests whether
style can override correctness.

4 Algorithm

Algorithm 1 summarizes the benchmark construc-
tion and evaluation pipeline. The first stage ex-
pands semantic seeds into multilingual assertive
and hedged variants while preserving proposition
identity. The second stage filters or flags unnatural
realizations. The final stage runs pointwise and
pairwise evaluation over matched item groups.

Algorithm 1 PolyJudge-Uncertain construction
and evaluation
Require: Seed set S, language set L, style set

T = {assertive, hedged}, correctness labels
C = {correct, incorrect}

Ensure: Benchmark B, pointwise results Rp, pairwise re-
sults Rpw

1: B ← ∅
2: for all s ∈ S do
3: for all ℓ ∈ L do
4: for all t ∈ T do
5: for all c ∈ C do
6: x← REALIZE(s, ℓ, t, c)
7: q ← QUALITYCHECK(x)
8: Append (x, q) to B
9: end for

10: end for
11: end for
12: end for
13: for all b ∈ B do
14: Rp ← Rp ∪ POINTWISEJUDGE(b)
15: end for
16: for all seed-language groups in B do
17: Create paired comparisons under matched semantics
18: Rpw ← Rpw ∪ PAIRWISEJUDGE(·)
19: end for
20: return B,Rp, Rpw

5 Experiments and Results

5.1 Pointwise evaluation

Contrary to the pilot, the repaired benchmark
shows no meaningful pointwise hedging penalty.
Overall pointwise accuracy on the final benchmark
is 99.80% (5,110/5,120), and the style split is ef-
fectively identical: 99.80% for assertive items and
99.80% for hedged items. Among gold-correct
answers, the judge accepts 99.84% of assertive
responses and 99.92% of hedged responses as cor-
rect.

Table 2 breaks this result down by language va-
riety, and Figure 4 visualizes the same pattern. The
rates are nearly flat. English and Hinglish reach
100% acceptance for both styles; Hindi and Bengali
show only isolated deviations. In other words, once
template naturalness is repaired, there is no longer
evidence that hedged-but-correct answers are sys-
tematically downgraded in pointwise multilingual
evaluation.

The residual errors are concentrated in just three
seed questions. Seven pointwise errors come from
a synonym confound in which the benchmark
marks Luna as incorrect for Moon, two come from
a likely Hindi answer-quality issue in a Thailand-
currency item, and one is an isolated Bengali hallu-
cination. These errors are informative because they
are not hedging-driven; they arise from semantic-



Language variety Assertive correct Hedged correct

English 100.00 100.00
Hindi 99.69 99.69
Hinglish 100.00 100.00
Bengali 99.69 100.00

Macro average 99.84 99.92

Table 2: Gold-correct acceptance rates (%) in pointwise
evaluation on the final benchmark. The pointwise hedg-
ing penalty largely disappears after template repair.

Figure 4: Final pointwise acceptance rates for gold-
correct answers. The assertive and hedged bars are
nearly identical across language varieties.

equivalence ambiguity and benchmark labeling.

5.2 Pairwise evaluation

The central stable effect appears in pairwise eval-
uation. When both candidate answers are correct
and differ only in style, the judge prefers the as-
sertive answer in 1,276 of 1,280 cases (99.69%),
ties four cases, and never prefers the hedged answer.
This pattern holds almost perfectly across language
varieties: 100% assertive preference in English,
Hinglish, and Bengali, and 98.75% in Hindi.

This means that assertiveness remains a near-
universal tie-breaker even after the pointwise hedg-
ing penalty disappears. The judge can correctly
recognize both answers as factually valid in isola-
tion, yet still prefers the more assertive rendering
when forced to rank them comparatively.

Table 3 should be read as three diagnostic com-
parisons. The both-correct row isolates pure style
preference under semantic equivalence. The both-
incorrect row tests whether the judge mostly rec-
ognizes that neither candidate is preferable. The
hedged-correct versus assertive-incorrect row is the
strongest test of whether assertiveness can override
factual correctness; here, an assertive win is a gen-
uine preference reversal. Catastrophic correctness
reversal is nearly absent: the judge selects the as-

Figure 5: Ablation summary showing the collapse of
the pointwise artifact after template repair and the per-
sistence of pairwise assertive preference.

sertive but wrong answer only 2 times out of 1,280
comparisons (0.16%). Thus, assertiveness does not
typically override correctness. Instead, it acts as a
strong secondary preference cue when correctness
is tied.

6 Ablation Studies

The ablations explain why the scientific conclusion
changed between the pilot and the final benchmark.
The pilot contained only 80 items and showed a
much stronger pointwise effect: overall accuracy
was 88.75%, gold-correct acceptance was 95.0%
for assertive answers and only 60.0% for hedged
answers, and pairwise evaluation always preferred
the assertive answer when both answers were cor-
rect. This is the pattern that initially motivated the
project.

However, once multilingual templates were nat-
uralized and quality-controlled at scale, the point-
wise effect collapsed while the pairwise effect re-
mained. Table 4 shows three robustness checks,
and Figure 5 provides a compact visual summary
of the same transition. First, restricting analysis
to the 5,019 approved items leaves the final con-
clusions unchanged. Second, excluding the three
problematic seed questions yields 100% pointwise
accuracy, confirming that the remaining pointwise
errors are construction artifacts rather than hedging
bias. Third, even after excluding those seeds, the
pairwise assertive preference remains at 99.68% in
the both-correct condition. The persistent failure
mode is therefore comparative, not pointwise.

7 Discussion and Future Work

Our results revise the interpretation of uncertainty
bias in LLM-as-a-judge. The strongest reading of
the pilot was that hedged truth is directly penal-
ized even in pointwise correctness evaluation. The



Pairwise setting Assertive wins Hedged wins Tie

Both correct (n = 1,280) 1,276 0 4
Both incorrect (n = 1,280) 116 30 1,134
Hedged-correct vs. assertive-incorrect (n = 1,280) 2 1,277 1

Table 3: Pairwise outcomes on the final benchmark. In the third row, an assertive win corresponds to a preference
reversal.

Setting Size Pointwise acc. Assertive pref. (both correct)

Pilot benchmark 80 88.75 100.00
Final benchmark 5,120 99.80 99.69
Final, approved only 5,019 99.80 99.69
Final, excluding 3 error seeds 5,072 100.00 99.68

Table 4: Ablation summary. “Assertive pref.” is the rate at which the judge prefers the assertive answer when both
candidate answers are correct.

revised benchmark does not support that claim. In-
stead, it supports a narrower but robust conclusion:
assertiveness functions as a tie-breaker in pairwise
judging even when semantic correctness is equal.
This distinction matters in practice. Many modern
evaluation pipelines rely on pairwise comparison
because it is convenient, intuitive, and often more
stable than scalar scoring. Yet our findings sug-
gest that pairwise evaluation may also be uniquely
vulnerable to discourse-style cues.

This interpretation also addresses an important
alternative explanation. Because the benchmark
uses short factual QA, assertive answers may bet-
ter match the canonical answer format expected
by the task. We therefore do not claim that the
result proves a general communicative bias against
hedging. The more precise conclusion is that, in
reference-guided pairwise evaluation of short fac-
tual answers, an LLM judge treats assertive format-
ting as a strong preference cue when correctness
is otherwise tied. This is still practically relevant
because many automatic evaluation settings use
similarly concise references and pairwise compar-
isons.

The paper also carries a methodological warn-
ing. Multilingual robustness research is especially
vulnerable to template artifacts because translation,
transliteration, punctuation, and script conventions
can all create unintended semantic or pragmatic
shifts. A benchmark that appears to reveal fairness
or robustness failures may partly be revealing un-
natural prompt construction. This does not make
multilingual judge-bias research less important; it
makes careful benchmark auditing more essential.

Future work should extend this study in three
directions. First, the benchmark should be ex-

panded to additional languages, scripts, and code-
mixed varieties, especially varieties where hedg-
ing is expressed through discourse particles rather
than clause-level templates; future versions should
also include naturally occurring dialogue or user-
query contexts rather than only templated short
answers. Second, the final benchmark should be
evaluated with multiple judge models and multi-
ple prompt variants, including explicit debiasing
instructions and checklist-style judging (Liu et al.,
2024a,b; Li et al., 2025b). Third, a human evalua-
tion subset should be completed so that the study
can quantify not only judge bias but also judge–
human divergence under hedging. That compar-
ison is especially important given prior evidence
that humans may be substantially less punitive to-
ward epistemic markers than LLM judges (Lee
et al., 2025; Bavaresco et al., 2025; Calderon et al.,
2025).

8 Conclusion

We introduced PolyJudge-Uncertain, a controlled
multilingual benchmark for studying how epis-
temic stance affects LLM-as-a-judge. The original
motivating hypothesis was that hedged answers
would be penalized across languages. Our final ex-
periments refine that picture. After template repair
and quality control, pointwise hedging bias largely
vanishes. The robust remaining phenomenon is
pairwise: when two answers are equally correct,
the judge almost always prefers the assertive one.
This means that the strongest stable failure mode in
our setting is not misjudging hedged truth as false,
but over-valuing assertiveness as a signal of answer
quality.

More broadly, the paper shows that benchmark



construction can qualitatively change the scientific
conclusion. For multilingual meta-evaluation, that
lesson is as important as the final metric values
themselves.

Limitations

This study has several limitations. First, the fi-
nal benchmark uses a single judge model, GPT-
4o-mini, and a single base judging prompt. As a
result, the findings establish a strong case study
rather than a universal characterization of LLM-
as-a-judge. Second, although the benchmark is
multilingual and includes a code-mixed variety, it
covers only four language varieties and focuses on
short factual QA. The results may differ in longer-
form generation, subjective evaluation, or dialogue
settings.

Third, the benchmark intentionally prioritizes
canonical, minimal templates to maximize control.
This is appropriate for causal-style analysis, but
it also means that the study does not capture the
full variability of naturally occurring multilingual
hedging. Fourth, the final rerun does not yet in-
clude completed human validation, explicit debias
prompts, or judge-side calibration experiments, so
the paper is diagnostic rather than intervention-
oriented. Fifth, some benchmark seeds still reveal
how difficult it is to draw a clean line between er-
ror and synonymy in multilingual evaluation, as
illustrated by the Moon/Luna case.

Despite these limitations, we believe the paper
makes a useful contribution because it identifies a
stable effect, explains why an earlier stronger claim
was misleading, and offers a benchmark methodol-
ogy that can be extended in future work.
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