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Abstract

Toxicity judgments can depend on who is
judging. We study whether persona prompt-
ing captures this variation by evaluating ten
Indonesian-capable LLMs under four persona
conditions on 7,524 IndoDiscourse posts, each
labeled by at least one female and one male
annotator, comprising 24,655 individual judg-
ments. Persona cues substantially affect tox-
icity predictions, but their effects are model-
specific, show no common direction, and are
small between the two gender personas. Yet
this steerability does not amount to perspec-
tive adoption: switching between gender per-
sonas does not selectively increase label agree-
ment with the corresponding annotator group.
Annotation-level mixed-effects models and
annotator-level permutation tests likewise find
no reliable female–male agreement gap. The
apparent gap obtained from aggregated group
labels instead follows from annotator label rates
and aggregation choices.

1 Introduction

Toxicity judgments depend on perspective: annota-
tors’ identities, beliefs, and lived experiences shape
what they consider toxic (Sap et al., 2022; Kumar
et al., 2021; Al Kuwatly et al., 2020). Accord-
ingly, recent work treats annotator disagreement
not merely as noise, but as evidence of legitimately
different viewpoints (Basile et al., 2021; Cabitza
et al., 2023; Plank, 2022; Uma et al., 2021b). This
perspective has also motivated shared tasks evalu-
ated against disaggregated annotations (Uma et al.,
2021a; Leonardelli et al., 2023; Plaza et al., 2023).

Large language models (LLMs) are increasingly
used as annotators and moderators for subjective
tasks. Persona and sociodemographic prompting
have therefore been proposed as ways to elicit par-
ticular human perspectives (Deshpande et al., 2023;
Beck et al., 2024; Tseng et al., 2024). However,

*Equal contribution.

changing a model’s output under a persona prompt
is not the same as making it agree more with the
human group that persona represents. Even sim-
ilar group-level prediction rates may reflect cali-
bration rather than shared judgments (Santurkar
et al., 2023; Orlikowski et al., 2023). Distinguish-
ing steerability from a genuine change in label
agreement therefore requires annotation-level de-
mographic metadata, which remains rare.

We investigate this distinction using IndoDis-
course (Susanto et al., 2024, 2025), a dataset of
28,448 Indonesian social media texts, keyword-
seeded to surface discourse concerning religious,
ethnic, and LGBT minorities, which releases the
gender of the annotator behind every individual
judgment. This allows us to compare persona-
conditioned model behavior with the judgments
of individually identified annotators in a language
underrepresented in research on model bias and
perspectivism. The setting is also socially conse-
quential: online gender-based violence has risen
sharply in Indonesia, while LGBT communities
face substantial stigmatization in public discourse
(Iqbal and Cyprien, 2021; Jatmiko et al., 2020; Joc-
son and Adihartono, 2020; Dhamayanti, 2022).

We evaluate ten Indonesian-capable LLMs un-
der four prompting conditions (NEUTRAL, CIS-
FEMALE, CIS-MALE, and LGBT) on the both-
genders overlap subset of 7,524 posts, each la-
beled by at least one female and one male an-
notator, comprising 24,655 individual judgments.
RQ1 asks: How does persona conditioning change
model toxicity predictions? Persona condition-
ing produces substantial but model-specific shifts,
while differences between the two gender personas
are small. RQ2 asks: Do model predictions differ
in label agreement with female and male annota-
tors, and does gender-persona prompting selec-
tively increase agreement with the corresponding
group? We find no reliable female–male agreement
gap and no evidence of selective persona matching.
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Figure 1: Overview of the experimental pipeline. We construct a both-genders evaluation subset from IndoDiscourse,
obtain model predictions under four persona conditions, derive semantic content partitions, and conduct statistical
analyses to assess persona steerability, demographic agreement, and robustness (RQ1–RQ3).

RQ3 asks: Are conclusions about demographic
agreement robust to different metrics, aggregation
rules, and statistical specifications? Across the
tested agreement metrics, aggregation rules, and
mixed-effects specifications, we find no reliable
gender difference; the apparent male-favoring gap
under aggregated labels instead depends on label
marginals and aggregation choices.

2 Related Work

Persona and sociodemographic prompting. As-
signing personas can change LLM toxicity judg-
ments and expose demographic stereotypes (Desh-
pande et al., 2023; Tan and Lee, 2025; Tseng et al.,
2024). However, such steerability does not im-
ply that model outputs match the judgments of
the corresponding human group (Santurkar et al.,
2023). Prior work finds that the effects of sociode-
mographic prompting are highly model- and task-
dependent (Beck et al., 2024), while demographic
attributes often explain little annotator-level varia-
tion compared with factors such as annotator sensi-
tivity and item difficulty (Orlikowski et al., 2023;
Hu and Collier, 2024; Alipour et al., 2025). Clos-
est to our work, Magnossão de Paula et al. (2025)
report that models exhibit higher Krippendorff’s
α agreement with female than male annotators
in their setting, finding inconsistent effects across
models and demographics. We test the correspond-
ing question using individual annotations, crossed
post and annotator effects, and annotator-level per-
mutation inference. We extend this question to
Indonesian by separating changes in model predic-
tions from annotation-level label agreement and
testing whether an apparent female–male agree-
ment gap is driven by shared item-level judgments

or by label marginals and aggregation.

Indonesian toxicity detection. Research on In-
donesian abusive language has largely focused
on dataset development and classification perfor-
mance, including gender-based hate speech (Pa-
mungkas et al., 2023; Ibrahim et al., 2023, 2024,
2025) and misogyny detection (Zakaria et al.,
2023). Using the precursor to our corpus, Susanto
et al. (2024) found that adding annotator demo-
graphics to prompts can improve zero-shot accu-
racy. Whether these models actually agree more
with the corresponding annotators, however, has
not been studied for Indonesian.

Perspectivism and learning with disagreement.
Perspectivist approaches treat label variation as
signal rather than noise (Basile et al., 2021; Cab-
itza et al., 2023; Plank, 2022). Works on learn-
ing from disagreement and shared tasks such as
LeWiDi and EXIST increasingly evaluate systems
against soft or disaggregated labels (Uma et al.,
2021b,a; Leonardelli et al., 2023, 2025; Plaza et al.,
2023, 2024, 2025). Individual-level modeling can
preserve minority judgments that majority voting
obscures (Fleisig et al., 2023; Fortuna et al., 2019).

Annotator identity in toxicity annotation. Tox-
icity judgments vary with annotators’ demograph-
ics, attitudes, and cultural backgrounds (Sap et al.,
2022; Al Kuwatly et al., 2020; Wan et al., 2023;
Kumar et al., 2021; Zhou et al., 2023a,b; Lee
et al., 2023, 2024). However, datasets that release
annotator demographics, such as POPQUORN,
D3CODE, and GerMS-AT, remain concentrated
in English and other high-resource languages(Pei
and Jurgens, 2023; Davani et al., 2024; Krenn
et al., 2024). IndoDiscourse extends this type of
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annotation-level metadata to Indonesian (Susanto
et al., 2025), enabling perspectivist evaluation be-
yond high-resource-language settings.

3 Data and Experimental Setup

IndoDiscourse. We use IndoDiscourse (Susanto
et al., 2025), a dataset of 28,448 unique Indone-
sian texts collected from X (Twitter), Facebook, In-
stagram, and fact-checking news articles between
September 2023 and January 2024 around the 2024
Indonesian presidential election. Collection was
keyword-seeded to surface discourse concerning
vulnerable groups, including religious and ethnic
minorities, LGBT communities, refugees, and peo-
ple with disabilities. Each text was independently
annotated for toxicity by more than one annotator.
The public release retains gender demographics
and the complete list of individual annotations for
every post, enabling analyses at both the majority-
vote and individual-annotator levels. An illustrative
dataset record and its annotator-level structure are
provided in Table 3.

Evaluation subset and annotators. Our model–
annotator agreement analyses require posts with
annotations from both genders. We therefore eval-
uate on the both-genders overlap subset: the 7,524
posts (26.4% of the corpus) labeled by at least one
female and one male annotator, comprising 24,655
individual annotations. Within this subset, posts
contain on average 1.74 female and 1.53 male anno-
tations. In 4,789 posts (64%), exactly two distinct
annotators contributed labels; because every post in
the subset has both genders represented, these posts
contain exactly one female and one male annota-
tor. Of these posts, 6,352 have an untied overall
majority label and 1,172 have tied majority votes.
This restriction enables within-post comparisons of
agreement with female and male annotators, but the
resulting agreement rates are conditional on cross-
gender annotation coverage and are not corpus-
wide model agreement rates. Among posts with
an untied majority, the gold toxic rate is 15.7%,
compared with 8.1% corpus-wide.

The annotator pool comprises 16 female and
13 male annotators, contributing 53,660 toxicity
judgments. Within the evaluation subset, they con-
tribute 24,655 judgments: 13,114 from female an-
notators and 11,541 from male annotators (53.1%
female and 46.9% male). Agreement within each
demographic group is low (Krippendorff’s α =
0.31 among female annotators and 0.27 among

male annotators), well below the α ≥ .667 that
Krippendorff (2004) recommends even for tentative
conclusions, indicating substantial within-group
variation. Individual annotators vary in their label-
ing behavior, with toxic-label rates ranging from
0.7% to 44.3%. These observations motivate analy-
ses that preserve individual annotations rather than
treating demographic groups as homogeneous.

Models. We evaluate ten Indonesian-capable
LLMs spanning three training regimes: base,
instruction-tuned, and aligned/preference-
tuned. The models are Aya-23, Aya-Expanse,
Command-A, Gemma3-IT, LLaMA3.1-IT,
LLaMA3.1-Magpie, Qwen3-base, Qwen3-IT,
SahabatAI-IT, and SeaLLMs-v3 (Xu et al., 2025;
Grattafiori et al., 2024; Yang et al., 2025; Gemma
Team, 2024; Nguyen et al., 2024; GoTo Group and
Indosat Ooredoo Hutchison, 2024; Aryabumi et al.,
2024; Team Cohere, 2025). Exact checkpoints and
model details are listed in Appendix B.

Persona-conditioned prompting. Each model
classifies every post under four conditions: NEU-
TRAL, CIS-FEMALE, CIS-MALE, and LGBT. The
neutral prompt contains no identity cue, whereas
each persona prompt asks the model to evaluate the
post from the perspective of the specified identity.
IndoDiscourse records annotator gender but not
cisgender status; persona matching therefore uses
the corresponding recorded gender category. The
LGBT condition represents a marginalized identity
in the Indonesian sociocultural context (Jocson and
Adihartono, 2020; Dhamayanti, 2022). Outputs are
parsed into binary labels, with toxic coded as 1.
Instructions are written in English, since multilin-
gual LLMs often perform better with English than
with target-language prompts (Ahuja et al., 2023;
Lai et al., 2023; Etxaniz et al., 2024); the posts
themselves remain in Indonesian.

The persona prompts share the same task instruc-
tion and output format. For example, the full CIS-
FEMALE prompt is:

Imagine you are evaluating this Indonesian on-
line post from the perspective of a cisgender
woman. A cisgender woman is someone whose
gender identity is female and whose gender iden-
tity matches the sex assigned to her at birth.

Determine whether the post should be classified
as toxic or non-toxic.

Post:
{text}

Respond with exactly one label:
toxic
non-toxic

281



0 10 20 30 40 50
(a) Predicted toxicity rate (%)

Aya-23

Aya-Expanse

Command-A

Gemma3-IT

LLaMA3.1-IT

LLaMA3.1-Magpie

Qwen3-base

Qwen3-IT

SahabatAI-IT

SeaLLMs-v3

gold rate

0.6 0.7 0.8
(b) Macro-F1

NEUTRAL CIS-FEMALE CIS-MALE LGBT

Figure 2: Predicted toxicity rates with 95% bootstrap intervals (a) and macro-F1 against majority-vote gold labels
(b), by model and prompting condition, on posts with untied majority labels (n = 6,352; gold toxic rate 15.7%,
dashed line). Numeric values are in Appendix Tables 5 (performance) and 6 (rates); full-set rates are in Table 7.

The CIS-MALE and LGBT conditions replace only
the identity framing; full prompts, decoding param-
eters, and parsing rules are provided in Appendix A.
The NEUTRAL condition is shorter and also omits
the explicit Indonesian-language cue, so neutral–
persona contrasts may partly reflect prompt-format
differences. By contrast, the CIS-FEMALE and CIS-
MALE prompts are structurally matched apart from
the gender framing, so the direct gender-persona
comparison and persona-matching analysis are not
subject to this particular asymmetry.

4 Analysis and Results

We organize the analysis by research question so
that each statistical procedure is presented together
with the result it supports.

4.1 RQ1: Effects of Persona Conditioning
Analysis. We measure persona steerability as
changes in predicted toxicity rates. For each model,
we compare paired binary predictions across the
four prompting conditions using McNemar’s exact
test (McNemar, 1947). We test all six pairwise
contrasts and apply Bonferroni correction within
each model, treating adjusted p < 0.05 as statis-
tically significant. Given the large evaluation set,
we use the change in prediction rate, measured
in percentage points, as the primary measure of
steerability. We also report accuracy and macro-
F1 against majority-vote gold labels for the 6,352
posts with an untied majority label.

Results. Figure 2 reports predicted toxicity rates
together with classification performance under each

prompting condition. Under NEUTRAL prompt-
ing, nine of the ten models predict toxicity more
often than the gold labels indicate: on the 6,352
posts with a non-tied majority label, their rates
range from 18.7% for Command-A to 41.9% for
Qwen3-base, against a gold toxic rate of 15.7%.
LLaMA3.1-Magpie is the only model below the
gold rate, at 7.2%. Models thus differ substantially
before any persona cue is introduced.1

Command-A, whose predicted rate is closest to
the gold rate under NEUTRAL prompting, also at-
tains the highest accuracy under all four conditions
and the highest macro-F1 under three of the four.
No prompting condition consistently improves ac-
curacy or macro-F1 across models, suggesting that
persona conditioning primarily changes how often
models assign the toxic label rather than consis-
tently improving classification performance.

Persona conditioning changes the predicted tox-
icity rate for every model, with within-model
spreads across the four conditions ranging from 2.6
percentage points for SahabatAI-IT to 23.3 points
for LLaMA3.1-Magpie (between CIS-FEMALE and
LGBT). Relative to NEUTRAL, the LGBT prompt
increases the predicted toxicity rate for five mod-
els and decreases it for five. The largest in-
crease is observed for LLaMA3.1-Magpie, from
7.2% to 27.5%, whereas the largest decreases
are 11.4 points for SeaLLMs-v3 and 9.1 points

1Appendix Table 7 reports the corresponding rates on all
7,524 evaluation posts. The remaining 1,172 posts have tied
majority votes: under NEUTRAL prompting, models classify
them as toxic at a mean rate of 57.6%, or 1.6–2.3 times their
rates on posts with non-tied majority labels.
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Figure 3: Pairwise changes in predicted toxicity rate,
in percentage points (second condition minus first); N,
F, M, and LGBT denote NEUTRAL, CIS-FEMALE, CIS-
MALE, and LGBT. Outlined cells are not significant
under McNemar’s exact test after within-model Bonfer-
roni correction.

for Command-A. Differences between the CIS-
FEMALE and CIS-MALE prompts are smaller, reach-
ing at most 3.9 percentage points. The CIS-MALE

prompt yields the higher toxicity rate for seven of
the ten models, but switching between the two gen-
der personas is never the largest contrast for any
model. The largest changes involve either intro-
ducing a persona or moving into the LGBT condi-
tion; contrasts with NEUTRAL may partly reflect its
shorter format (Section 3).

Figure 3 summarizes the six pairwise compar-
isons for each model. After within-model Bon-
ferroni correction, 54 of the 60 contrasts are sig-
nificant. However, their magnitude and direction
vary substantially across models: the same persona
can increase predicted toxicity for one model while
decreasing it for another. Persona conditioning
therefore reliably changes model predictions, but
does not produce a consistent direction of change
across personas or model families.

4.2 RQ2: Model–Annotator Label Agreement
by Gender

Analysis. We ask, on posts labeled by annotators
of both genders, whether model predictions exhibit
higher label agreement with female or male anno-
tators under each persona condition, and whether
switching between the two gender personas selec-
tively increases agreement with the correspond-
ing annotator group. For each post i, annotator a,

model k, and condition c, we define

agreeiakc = I [ŷikc = yia] ,

where ŷikc is model k’s prediction under condition
c and yia is annotator a’s label. Throughout, la-
bel agreement means exact post-by-post equality
between a model prediction and an individual anno-
tation. We use the narrower term label agreement
rather than alignment, since demographic similarity
in model outputs does not by itself establish shared
perspectives or values (Santurkar et al., 2023; Or-
likowski et al., 2023).

We estimate the mixed-effects logistic regression

logit Pr(agreeiakc = 1) = β0 + β1ma + γk + ui + wa, (1)

where ma indicates that annotator a is male, γk
denotes model fixed effects, and ui and wa are
random intercepts for posts and annotators. These
random effects account for repeated comparisons
involving the same posts and annotators. Because
gender is constant within annotator, a by-annotator
gender slope is not identifiable; as a sensitivity
check, we additionally fit a by-post gender slope,
(1 + male | post) (Appendix H). The odds ratio
exp(β1) measures agreement with male relative to
female annotators: values above 1 indicate greater
agreement with male annotators, and values below
1 greater agreement with female annotators. Model-
specific gender effects are estimated with gender-
by-model interactions, and topic-varying gender
slopes are examined in Appendix I.

We also test whether a persona shifts agreement
toward the group it names. We define the persona-
matching effect as

∆match =
[
AF

F −AM
F

]
−
[
AF

M −AM
M

]
,

where Ac
g is the label agreement rate between pre-

dictions under condition c and annotations from
group g, and F and M denote the CIS-FEMALE and
CIS-MALE conditions. We complement the para-
metric models with annotator-level permutation
inference (pπ), jointly reassigning gender across
the 29 annotators; the persona-matching test ap-
plies the same permutation jointly across the two
conditions. We report permutation-null detection
thresholds alongside observed agreement gaps.

Content-specific analyses. To examine whether
demographic agreement varies by content, we
group posts into semantic clusters using k-means
over multilingual sentence embeddings (Reimers
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Group Corpus Analysis set Gold toxic (%)

Jewish 9,288 2,424 21.2
Disability 7,088 1,582 17.2
Chinese-Indonesian (Tionghoa) 5,575 1,380 7.8
Christian 1,594 702 9.1
LGBTQ+ 919 572 35.2
Rohingya 1,736 134 21.0
Shia 709 85 43.7
Ahmadiyya 144 35 14.3
UNKNOWN 2,263 896 6.3

Table 1: Target-group composition of the full IndoDis-
course corpus and the 7,524-post analysis set. Posts
may have multiple target labels; UNKNOWN denotes the
general election-period collection.

and Gurevych, 2020). We also analyze the target-
group labels provided with IndoDiscourse, which
indicate the community discussed in each post; the
groups differ substantially in size and toxic-label
prevalence (Table 1). We prespecify k = 30 as a
fine-grained semantic partition rather than selecting
k by an internal clustering criterion. As an external
validation, we additionally fit k = 8, matching the
eight seeded target groups apart from UNKNOWN.
On single-label, non-UNKNOWN posts, this eight-
cluster solution obtains an adjusted Rand index of
.573 and purity of .808. Repeating the complete
analysis for k ∈ {8, 12, 16, 20, 24, 30} yields the
same inferential conclusion. Full clustering param-
eters, validation-set construction, and robustness
analyses are provided in Appendix G.1.

Results. We find no systematic difference in
agreement with female versus male annotators.
Across 246,550 post–annotator–model compar-
isons under NEUTRAL prompting, the pooled odds
ratio for agreement with male rather than female
annotators is 0.92 (95% CI [0.74, 1.14], p = .43).
Nine model-specific confidence intervals include 1,
and Aya-23’s nominal effect does not survive cor-
rection. A by-post random-slope sensitivity model
yields a similarly null estimate (OR = 0.94, 95%
CI [0.78, 1.14], p = .55) and converges without
warnings or singularity (Appendix H). Raw agree-
ment is 71.3% with female and 71.2% with male
annotators (∆F−M = +0.07 percentage points;
pπ = .97).

Figure 4 extends the comparison to all prompting
conditions. Pooled female–male gaps range from
+0.07 to +0.34 points, compared with permutation-
based detection thresholds of 3.8–3.9 points. All
four estimates are positive, meaning agreement is
nominally higher with female annotators in every
condition; however, they rest on the same annota-
tors and posts, so the shared sign does not consti-

tute independent evidence of a systematic direction.
No model-specific estimate exceeds its threshold.
These results therefore provide no detectable differ-
ence in agreement by annotator gender, although
the 29-annotator pool cannot rule out small effects.

Matching personas also do not improve agree-
ment with the corresponding group. The paired
persona-matching agreement effect is ∆match =
−0.11 points (detection threshold = 0.47, pπ =
.65), and no model exceeds its own threshold. The
two gender prompts produce different labels on
only 3.6% of posts, capping the attainable effect at
7.2 points; among these flips, the prediction asso-
ciated with the matching persona agrees with the
corresponding annotator group 49.2% of the time.

Finally, we detect no gender difference in model–
annotator label agreement by content. Across
the seven target groups and 27 semantic clusters
large enough for testing, the largest condition-
specific gap is 7.8 points, below its 10.4-point
threshold, and the familywise omnibus test over
all 136 condition–subset gaps is non-significant
(p = .72). Alternative clustering granularities and
mixed-effects specifications yield the same conclu-
sion (Appendices G.3 and I).

4.3 RQ3: Robustness of Demographic
Agreement

Analysis. We examine whether conclusions
about demographic agreement depend on the agree-
ment metric, aggregation rule, or statistical spec-
ification. Raw agreement reflects both item-level
correspondence and similarity in marginal label
rates. We therefore compare the annotation-level
mixed-effects analysis (Eq. 1) with raw agreement,
expected agreement under the marginal label distri-
butions, and Cohen’s κ. For model m and annotator
group g, expected agreement is

Aexp(m, g) = qmrg + (1− qm)(1− rg), (2)

where qm is the proportion of posts that model m
labels TOXIC, and rg is the corresponding toxic-
label rate of annotator group g. Cohen’s κ adjusts
observed agreement for this expected agreement.
We also vary the rules used to aggregate multiple
annotations within each gender group, including
the treatment of tied votes. For the primary RQ2
analysis, annotations are not collapsed into within-
gender group labels, and no tie rule is required
because each annotator’s judgment is modeled in-
dividually. We additionally test alternative mixed-
effects specifications, including a by-post gender
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Figure 4: Female–male annotation-level agreement gaps by model and prompting condition. Gray bars show ±1.96
permutation-null standard deviations (B = 20,000) and are detection thresholds, not confidence intervals; positive
values indicate greater agreement with female annotators. No estimate exceeds its threshold.

slope. Full robustness analyses across agreement
metrics and aggregation rules are reported in Ap-
pendix J, with mixed-effects sensitivity analyses in
Appendices H and I.

Results. The individual-annotation analysis re-
mains null under alternative mixed-effects specifi-
cations, whereas conclusions based on aggregated
group labels are sensitive to label marginals and
aggregation choices. Analyses using within-gender
aggregated labels initially suggest greater agree-
ment with male annotators. Under within-gender
majority voting with ties resolved to TOXIC, raw
agreement is 0.6–2.6 percentage points higher with
the male label for nine of ten models; Cohen’s κ
has the same direction for nine models (Table 2).

This pattern follows from the label marginals.
In the evaluation subset, female group labels have
a higher toxic rate than male group labels (.254
versus .225). Because every model predicts TOXIC

on fewer than half of the posts, expected agree-
ment under independent marginals is consequently
higher with the male group for all ten models. The
direction is not stable: across the full corpus, the
gender ordering of toxic-label rates reverses, while
resolving tied votes as NON-TOXIC also changes
the group ordering. At the individual-annotation
level, where no aggregation or tie rule is required,
the gender difference in toxic-label rates is only 0.7
percentage points and is not significant.

Annotator-level permutation tests likewise find
no reliable difference: model-specific κ gaps have
pπ = .33–.87, and the pooled gap is ∆κF−M =
−.021 (pπ = .72). The conclusion remains
unchanged across alternative metrics, aggrega-

0.00 0.25 0.50 0.75 1.00
|Observed| / detection threshold

Largest topic gap

Group-label gap (pooled)

Δmatch (pooled)

Annotation gap (pooled)

0.75

0.46

0.23

0.09

10.35

3.09

0.47

3.80

Detection
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Figure 5: Observed absolute effects relative to their
matching detection thresholds. The right column re-
ports thresholds in percentage points, using the smallest
across prompting conditions for the pooled annotation
gap. The topic row uses Cluster 15’s own threshold
rather than the median across subsets. Values below 1
remain within the resolution of the corresponding per-
mutation analysis.

tion rules, size-matched panels, and mixed-effects
specifications (Appendix J). Apparent gender dif-
ferences obtained using aggregated group labels
therefore reflect label prevalence and aggregation
choices.

Figure 5 compares the female–male agreement
gap computed over aggregated group labels with
the same gap computed over individual annota-
tions, the persona-matching agreement effect, and
the largest gap within any content subset. Every
observed effect falls below the detection threshold
of the analysis that produced it, but the nulls dif-
fer in strength: the persona-matching analysis has
a detection threshold of about half a percentage
point, whereas topic-level comparisons on small
subsets have thresholds above ten percentage points
(see Appendix Table 17 for all thresholds, standard
deviations, and per-model ranges).
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Raw agreement Expected agreement κ

Model F M F M F M

Aya-23 .702 .698 .547 .552 .342 .326
Aya-Expanse .694 .700 .520 .522 .363 .373
Command-A .798 .820 .635 .651 .447 .485
Gemma3-IT .734 .751 .562 .569 .393 .422
LLaMA3.1-IT .747 .767 .601 .613 .367 .397
LLaMA3.1-Magpie .761 .787 .703 .727 .194 .219
Qwen3-base .652 .664 .520 .522 .277 .297
Qwen3-IT .705 .712 .537 .541 .364 .372
SahabatAI-IT .727 .748 .549 .555 .395 .434
SeaLLMs-v3 .742 .758 .591 .602 .369 .392

Table 2: Agreement between NEUTRAL predictions and within-gender majority labels on the evaluation subset
(n = 7,524), with ties resolved as TOXIC. Expected agreement and κ use the corresponding model and group-label
marginals.

5 Discussion

Our results distinguish three concepts that are often
treated interchangeably in work on persona prompt-
ing: steerability, model–annotator label agree-
ment, and perspective adoption. Persona prompts
clearly steer every model, but the effects are model-
specific. This steerability does not translate into
selective label agreement: on the few posts where
the two gender prompts produce different predic-
tions, the matching persona agrees with the corre-
sponding annotator group 49.2% of the time, close
to the 50% expected in the absence of a directional
persona-matching effect. Changing a model’s pre-
dictions under a persona prompt is therefore not
sufficient evidence that its judgments have moved
toward those of the corresponding human group.

Persona sensitivity is also greater on posts with
lower annotator consensus. On posts with tied ma-
jority votes, the mean within-model spread across
prompting conditions is 17.3 percentage points,
compared with 11.0 points on posts with untied
majority labels (Appendix D). This suggests that
persona conditioning has larger effects on more
contentious items, although it does not explain the
source of human disagreement.

The LGBT condition further illustrates how
model-specific persona sensitivity can be. Between
the structurally matched CIS-FEMALE and LGBT

prompts, LLaMA3.1-Magpie’s predicted toxicity
rate differs by 23.3 percentage points, the largest
within-model spread in the main RQ1 analysis.
More broadly, the size and direction of the LGBT

effect vary substantially across models, showing
that invoking the same identity does not induce a
consistent shift in toxicity judgments.

Apparently higher agreement with an annotator
group can arise from calibration rather than shared
item-level judgments. Agreement with aggregated
female or male labels changes predictably with
the groups’ label marginals and the aggregation
procedure, while analyses that preserve individual
annotations find no detectable difference. Model–
annotator label agreement should therefore be eval-
uated using individual annotations rather than only
aggregated group labels (Orlikowski et al., 2023;
Santurkar et al., 2023).

Our results provide a contrasting case to Mag-
nossão de Paula et al. (2025), who report higher
Krippendorff’s α agreement with female than male
annotators. On IndoDiscourse, annotation-level
agreement is nearly identical (71.3% versus 71.2%
under NEUTRAL prompting), and no condition pro-
duces a detectable difference. Differences in lan-
guage, task, and estimand prevent this from being
interpreted as a direct contradiction; our RQ3 analy-
ses instead show why such comparisons can be sen-
sitive to measurement choices. Aggregated group
labels here produce a male-favoring gap whose di-
rection can reverse under alternative tie-resolution
and aggregation rules. A chance-corrected agree-
ment gap computed over aggregated labels is there-
fore difficult to interpret without the corresponding
annotator base rates.

The statistical resolution of these analyses also
differs across estimands. The data constrain selec-
tive persona matching far more tightly than they
constrain small condition-specific female–male
agreement gaps (Figure 5). This distinction matters
when interpreting the absence of significant effects:
the persona-matching null is comparatively precise,
whereas small demographic agreement differences
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cannot be ruled out.
These findings point to two directions for future

work. First, low within-group agreement (α ≤ .31),
together with a gender difference of only 0.7 per-
centage points in individual toxic-label rates, sug-
gests that gender alone explains little of the ob-
served variation in these judgments. Annotator
attributes more closely related to the targeted con-
tent, such as religion or personal connection to the
targeted communities, may therefore be more infor-
mative candidates for persona matching, but testing
this requires datasets that record such attributes at
the annotation level. Second, the large and model-
dependent shifts under the LGBT persona motivate
testing identity-matched prompting with datasets
that provide sexual-orientation and gender-identity
metadata at the annotation level.

Reporting recommendations. Three practices
follow for evaluating model–annotator label agree-
ment.

1. Preserve individual annotations. Group-
aggregated labels can make similarity in label
rates look like post-by-post agreement.

2. Report label marginals and multiple mea-
sures. Report each group’s toxic-label rate
alongside agreement, and let chance-corrected
agreement accompany raw agreement rather
than replace it.

3. Match inference to the demographic units.
Treat annotators, rather than the far larger
number of model–annotation comparisons, as
the units, and report the resulting detection
threshold.

6 Conclusion

We investigated whether persona prompting steers
Indonesian toxicity judgments and whether it in-
creases label agreement with particular demo-
graphic groups. Across ten Indonesian-capable
LLMs, persona prompts substantially changed tox-
icity predictions but did not reliably move models
toward the judgments of the demographic groups
they named. Annotation-level analyses found no
detectable difference in agreement with female and
male annotators, while apparent agreement differ-
ences based on aggregated group labels were ex-
plained by label marginals and aggregation choices.
In this Indonesian gender-persona setting, persona
prompting behaves as a model-specific steering
mechanism rather than evidence of perspective

adoption. Evaluations of model–annotator label
agreement should preserve individual annotations,
report group base rates, and quantify the effects
their annotator pools can detect. Whether this pat-
tern generalizes to other demographic attributes,
languages, and annotation settings remains open.

Limitations

Our study has several limitations. First, the experi-
ments are conducted on a single Indonesian dataset.
Although IndoDiscourse is currently one of the
few toxicity datasets that provides annotation-level
demographic metadata, the extent to which our
findings generalize to other languages, cultures, or
annotation protocols remains an open question.

Second, we examine only one demographic at-
tribute, annotator gender, because it is the only
demographic variable consistently available for all
annotations. Other characteristics, such as age, po-
litical orientation, religious background, or lived
experience, may explain substantially more varia-
tion in toxicity judgments and deserve future inves-
tigation. Annotator cisgender status is unavailable,
limiting direct persona–annotator matching.

Third, all experiments use deterministic decod-
ing and a single English prompt formulation per
condition. Although this isolates the effect of
persona conditioning from sampling variability,
persona sensitivity under stochastic decoding, al-
ternative phrasings, and Indonesian-language in-
structions remains to be explored. The NEUTRAL

prompt is also shorter than the persona prompts
and lacks their Indonesian-language cue, so neutral–
persona contrasts may partly reflect prompt format;
the gender-persona comparisons are unaffected.

Finally, our analysis evaluates agreement with
existing human annotations rather than the correct-
ness or desirability of those judgments. We there-
fore do not argue that any demographic group pro-
vides a normative standard for toxicity moderation,
nor that agreement with a particular group neces-
sarily implies better moderation decisions. Future
work should test additional annotator attributes,
languages, and prompt formulations using datasets
with richer annotation-level demographics.

Ethics Statement

We analyze the publicly released IndoDiscourse
dataset (Susanto et al., 2025), which contains of-
fensive language; examples are used solely for
research. IndoDiscourse is distributed under the
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Apache License 2.0, and we follow the dataset au-
thors’ additional ethical-use guidance that the data
should be used for research rather than surveil-
lance or profiling. The dataset’s annotators were
recruited with informed consent, compensated,
and supported with workload protections, as doc-
umented by its authors. Annotator demographic
information is used only in aggregate or through
anonymized identifiers; no personally identifying
information is accessed or released.

Persona conditioning simulates identity descrip-
tors as probes of model behavior; we do not
claim that persona-conditioned outputs represent
the views of the corresponding communities, and
we caution against such interpretations. Given the
stigmatization of LGBT communities in Indonesia,
we note that prompts referencing LGBT identity
substantially change several models’ toxicity pre-
dictions (Section 4.1), which may pose a harm risk
if such models are used in deployed classifiers. We
therefore avoid reproducing slurs or targeted con-
tent in the paper.

All model checkpoints are used in accordance
with their respective licenses and provider terms.
We do not redistribute third-party datasets or model
weights. We release only our prompts, analysis
code, and derived model predictions, subject to
the applicable licenses and terms of the underlying
resources, at https://github.com/antoniakrm/
indodiscourse-persona-agreement.
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A Prompts and Inference Details

Prompts were written in English, following evi-
dence that multilingual LLMs often perform better
with English instructions than with target-language
ones (Ahuja et al., 2023; Lai et al., 2023; Etxaniz
et al., 2024), and all four conditions share the same
task instruction and label options; they differ only
in the framing that precedes the post.

Neutral condition.

You are evaluating an online post.

Determine whether the post should be classified
as toxic or non-toxic.

Post:
{text}

Respond with exactly one label:
toxic
non-toxic

Persona conditions. Each persona condition re-
places the opening line with an identity statement
and a one-sentence definition:

CIS-FEMALE: “Imagine you are evaluating this
Indonesian online post from the perspective of a
cisgender woman. A cisgender woman is some-
one whose gender identity is female and whose
gender identity matches the sex assigned to her at
birth.”

CIS-MALE: “Imagine you are evaluating this In-
donesian online post from the perspective of a cis-
gender man. A cisgender man is someone whose
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gender identity is male and whose gender identity
matches the sex assigned to him at birth.”

LGBT: “Imagine you are evaluating this Indone-
sian online post from the perspective of an LGBT
individual. LGBT refers to people whose sexual
orientation, gender identity, or gender expression
differs from heterosexual or cisgender norms, in-
cluding lesbian, gay, bisexual, and transgender
people.”

The remainder of the prompt (task instruction, post,
label options) is identical to the NEUTRAL condi-
tion. Note that the NEUTRAL condition carries no
corresponding definition sentence; see Section 3.

Decoding. For local Hugging Face mod-
els, greedy decoding was used (T = 0,
do_sample=False) with a maximum of 50
new tokens for instruction-tuned and preference-
tuned models and 5 for base models. For the
Cohere API (command-a-03-2025), temperature
was 0 with max_tokens=5. Each prompt–persona
pair was run once (n = 1).

Output parsing. Raw generations were mapped
to {toxic, non-toxic} by a rule-based parser that (i)
strips chat-template markers, (ii) normalises punc-
tuation and markdown, and (iii) resolves the label
by the first occurrence of toxic or non(-)toxic, in-
cluding the Indonesian equivalents beracun and
tidak beracun. Generations containing no label to-
ken at all fall back to non-toxic. This fallback fired
on 619 of 300,960 generations (0.21%), of which
117 were explicit refusals and the remainder were
truncated or discursive answers. The affected gen-
erations were concentrated in the LGBT condition
(371 of 619) and in Aya-23 (487) and LLaMA3.1-
IT (117); the remaining 15 came from Qwen3-base
(9), Aya-Expanse (3), and LLaMA3.1-Magpie (3).
Excluding rather than assigning these outputs to
non-toxic changes the largest affected rate from
50.33% to 52.31% (Aya-23 under LGBT; +1.98
percentage points) and reverses none of the ten
LGBT-versus-NEUTRAL contrasts.

B Data and Model Details

B.1 IndoDiscourse Record Structure

IndoDiscourse stores each post together with par-
allel lists of anonymized annotator IDs and anno-
tation labels. Annotator demographics are stored
separately and linked through these IDs. Table 3
illustrates this structure.

Field Example

text “Le klian setuju ga sama ada nya Ro-
hingya di Indonesia, apa mreka msh
ada di Aceh sampe skrng”
(‘Do you all agree with Rohingya be-
ing in Indonesia? Are they still in
Aceh now?’)

annotators_id List of anonymized annotator IDs
toxicity Parallel list of binary toxicity judg-

ments (1 = toxic, 0 = non-toxic)
polarization Parallel list of binary polarization

judgments (1 = polarized, 0 = non-
polarized)

gender Retrieved from the annotator meta-
data using annotator_id

Table 3: Illustrative IndoDiscourse record structure. An-
notation lists correspond position-wise to anonymized
annotator IDs, with demographic attributes stored sepa-
rately.

B.2 Model Details

Details on the specific model checkpoints used in
our experiments are summarized in Table 4. All
models are executed locally via Hugging Face, with
the exception of Command-A, which is accessed
through the Cohere API.

Name Checkpoint

Aya-23 aya-23-8B
Aya-Expanse aya-expanse-8b
Command-A command-a-03-2025
Gemma3-IT gemma-3-12b-it
LLaMA3.1-IT Llama-3.1-8B-Instruct
LLaMA3.1-Magpie Llama-3.1-8B-Magpie-Align-v0.1
Qwen3-base Qwen3-8B-Base
Qwen3-IT Qwen3-8B
SahabatAI-IT gemma2-9b-cpt-sahabatai-v1-instruct
SeaLLMs-v3 SeaLLMs-v3-7B-Chat

Table 4: Model checkpoints used in all experiments. All
models are run locally through Hugging Face except
Command-A, which is served through the Cohere API.
See Section 3.

C Classification Performance Across
Prompting Conditions

Table 5 reports classification performance under
each prompting condition. Command-A achieves
the highest accuracy under all four conditions and
the highest macro-F1 under three of the four, and no
prompting condition consistently improves classifi-
cation performance across models. This supports
the conclusion that in our setting, demographic
persona prompting primarily changes model pre-
dictions rather than overall classification quality.

292



NEUTRAL CIS-FEMALE CIS-MALE LGBT

Model Acc F1 Acc F1 Acc F1 Acc F1

Aya-23 0.73 0.66 0.68 0.62 0.70 0.63 0.63 0.57
Aya-Expanse 0.73 0.66 0.71 0.65 0.70 0.64 0.73 0.66
Command-A 0.89 0.80 0.89 0.78 0.89 0.80 0.88 0.73
Gemma3-IT 0.79 0.71 0.84 0.75 0.85 0.76 0.77 0.69
LLaMA3.1-IT 0.81 0.72 0.85 0.72 0.84 0.72 0.79 0.69
LLaMA3.1-Magpie 0.85 0.64 0.85 0.58 0.86 0.65 0.79 0.69
Qwen3-base 0.68 0.61 0.82 0.71 0.82 0.71 0.72 0.63
Qwen3-IT 0.74 0.67 0.78 0.70 0.77 0.69 0.79 0.71
SahabatAI-IT 0.78 0.71 0.76 0.69 0.77 0.70 0.75 0.68
SeaLLMs-v3 0.80 0.71 0.87 0.74 0.87 0.74 0.87 0.76

Table 5: Zero-shot and persona-conditioned toxicity classification on the evaluation subset, against majority-vote
gold labels with ties excluded (n = 6,352 texts, gold toxic rate 15.7%): accuracy and macro-F1 per persona
condition. Bold marks the highest value within each column, underline the second highest.

D Predicted Toxicity Rates on the Full
Evaluation Set

The main RQ1 analysis (Section 4.1) is reported
on the 6,352 posts with a non-tied majority label
so that model prediction rates and the gold toxicity
rate are computed on the same set of posts. Table 7
reports the corresponding toxicity rates on the full
evaluation set (n = 7,524), including the 1,172
posts with tied majority votes. These prediction
rates are used by the annotation-level agreement
analyses in Sections 4.2 and 4.3.

The tied-majority posts are substantially more
contentious than the remainder of the evaluation set.
Under NEUTRAL prompting, models classify these
posts as toxic at a mean rate of 57.6%, correspond-
ing to 1.6–2.3 times their rates on the posts with
non-tied majority labels. Persona effects are also
larger on this subset. For example, LLaMA3.1-
Magpie’s range across prompting conditions in-
creases from 23.3 percentage points in the main
analysis to 43.5 percentage points on the tied posts.
Averaged across the ten models, the within-model
spread across the four conditions is 17.3 percent-
age points on the 1,172 tied posts, compared with
11.0 points on the 6,352 posts with untied majority
labels.

E Per-Class Metrics

Table 8 reports toxic-class precision and recall, per-
class F1, and Cohen’s κ against the aggregated gold
labels, measured directly from the raw predictions.
Gold labels are the within-post majority vote over
all annotators with perfect-disagreement ties ex-
cluded, giving n = 6,352 texts at a gold toxic rate
of 15.7% (Section 3); 1,172 of the 7,524 evaluation
posts are ties and contribute to no cell of this ta-

ble. Two failure profiles are visible here and in the
per-model confusion matrices of Figure 6. Eight of
the ten models over-flag: toxic-class recall between
0.71 and 0.92 at precision between 0.31 and 0.44,
giving Cohen’s κ between 0.29 and 0.45. This
is the source of the over-prediction noted in Sec-
tion 4.1. LLaMA3.1-Magpie inverts the trade-off
(precision 0.58, recall 0.27), and Command-A is
the only model strong on both (0.62 / 0.73), which
lifts its κ to 0.60.

F Persona-Matching Agreement Effect on
Flipped Posts

Table 10 reports the persona-matching agreement
effect for each model, together with the analysis re-
stricted to posts on which the CIS-FEMALE and CIS-
MALE prompts produce different predictions. On
flipped posts, ∆flip

match = 4CorrWin − 200 when
both quantities are expressed in percentage points.
The flipped-post analysis is therefore an inferen-
tial reparameterisation of the corresponding-gender
win rate, rather than independent evidence.

G Semantic and Topic-Level Analyses

G.1 Semantic Clustering

Independently of the target-group meta-
data, we embed all 28,448 post texts using
sentence-transformers2. We L2-normalize the
embeddings and fit standard k-means with 10 ini-
tializations and random seed 20260722. Clustering
is performed once on the full corpus, without using
model predictions, persona conditions, toxicity
annotations, or target-group labels.

2https://huggingface.co/sentence-
transformers/paraphrase-multilingual-MiniLM-L12-v2

293



Model NEUTRAL CIS-FEMALE CIS-MALE LGBT

Aya-23 36.49 ± 0.60 43.32 ± 0.61 41.07 ± 0.63 46.98 ± 0.64
Aya-Expanse 40.65 ± 0.60 43.04 ± 0.61 44.11 ± 0.60 40.32 ± 0.60
Command-A 18.66 ± 0.49 13.85 ± 0.44 15.62 ± 0.46 9.59 ± 0.38
Gemma3-IT 32.49 ± 0.60 24.98 ± 0.54 22.78 ± 0.52 33.55 ± 0.59
LLaMA3.1-IT 25.25 ± 0.54 15.46 ± 0.45 19.35 ± 0.48 26.51 ± 0.54
LLaMA3.1-Magpie 7.19 ± 0.33 4.17 ± 0.25 7.65 ± 0.35 27.46 ± 0.56
Qwen3-base 41.94 ± 0.61 21.32 ± 0.52 23.76 ± 0.54 36.02 ± 0.59
Qwen3-IT 37.56 ± 0.58 33.03 ± 0.57 34.68 ± 0.57 31.94 ± 0.58
SahabatAI-IT 34.29 ± 0.59 36.84 ± 0.59 36.32 ± 0.58 36.11 ± 0.59
SeaLLMs-v3 27.08 ± 0.53 14.15 ± 0.43 14.20 ± 0.43 15.73 ± 0.45

Table 6: Predicted toxicity rates (%) and bootstrap standard errors by model and prompting condition on posts with
untied majority labels (n = 6,352; gold rate 15.7%). These values are plotted in Figure 2; full-set results are in
Table 7.

Model NEUTRAL CIS-FEMALE CIS-MALE LGBT

Aya-23 40.46 ± 0.55 47.43 ± 0.57 45.08 ± 0.55 50.33 ± 0.59
Aya-Expanse 45.93 ± 0.57 48.35 ± 0.58 49.43 ± 0.58 45.14 ± 0.57
Command-A 22.47 ± 0.49 16.23 ± 0.43 18.69 ± 0.45 11.04 ± 0.35
Gemma3-IT 37.41 ± 0.54 29.53 ± 0.51 27.01 ± 0.49 38.08 ± 0.55
LLaMA3.1-IT 29.52 ± 0.51 18.70 ± 0.45 23.31 ± 0.48 30.69 ± 0.52
LLaMA3.1-Magpie 8.64 ± 0.33 5.05 ± 0.25 9.24 ± 0.33 31.49 ± 0.54
Qwen3-base 46.03 ± 0.57 24.65 ± 0.50 27.39 ± 0.52 39.53 ± 0.56
Qwen3-IT 42.49 ± 0.57 38.04 ± 0.55 39.91 ± 0.55 37.03 ± 0.54
SahabatAI-IT 39.93 ± 0.56 42.70 ± 0.57 42.20 ± 0.56 41.39 ± 0.56
SeaLLMs-v3 31.41 ± 0.54 16.64 ± 0.43 16.69 ± 0.44 18.42 ± 0.45

Table 7: Percentage of posts classified as TOXIC under each prompting condition on the full evaluation set
(n = 7,524), with bootstrap standard errors from 1,000 resamples. Unlike Table 6, these results include the 1,172
posts with tied majority votes.

Model Ptox Rtox F1tox F1non κ

Aya-23 .351 .814 .490 .820 .347
Aya-Expanse .356 .921 .514 .809 .371
Command-A .616 .731 .668 .931 .600
Gemma3-IT .419 .865 .564 .862 .447
LLaMA3.1-IT .444 .713 .547 .883 .438
LLaMA3.1-Magpie .582 .266 .365 .918 .296
Qwen3-base .310 .827 .451 .778 .288
Qwen3-IT .369 .882 .521 .826 .384
SahabatAI-IT .414 .903 .568 .856 .449
SeaLLMs-v3 .425 .732 .538 .874 .423

Table 8: Toxic-class precision and recall, per-class F1,
and Cohen’s κ against aggregated gold labels (NEUTRAL
condition), measured on the evaluation subset with
perfect-disagreement ties excluded (n = 6,352, gold
toxic rate 15.7%). All values independently recomputed
from the released predictions.

We use k = 8 as an external-validation setting
because the dataset contains eight seeded target
groups apart from UNKNOWN. Because adjusted
Rand index requires a single reference partition,
we exclude rather than collapse the 836 posts carry-
ing multiple target-group labels, and also exclude
the 2,263 UNKNOWN posts. This leaves 25,349

single-label seeded posts. On this subset, the k = 8
assignments obtain an adjusted Rand index of .573
and purity of .808, where purity is the proportion
of posts assigned the majority target-group label
within each cluster, summed across clusters. Multi-
label posts remain members of every applicable
group in the separate target-group analyses.

Our primary semantic analysis uses k = 30
as a prespecified finer-grained partition; k = 8
serves only as the cardinality-matched validation
setting. We repeat the complete analysis for k ∈
{8, 12, 16, 20, 24, 30} and obtain the same inferen-
tial conclusion across granularities (Appendix G.3).

G.2 Topic-Level Agreement Gaps

To test whether the pooled demographic null masks
topic-specific effects, we repeated the item-level
agreement analysis within each sufficiently large
content subset. We considered the seven dataset-
defined target groups and the 27 semantic clusters
obtained from the k-means partition (k = 30), re-
taining only subsets with at least 100 evaluation
posts. For each subset, we recomputed both the
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Agreement and annotator permutation Crossed-effects model

Model AF AM ∆ SD0 Thresh. pπ OR 95% CI p

Aya-23 68.68 67.42 +1.26 1.66 3.26 .476 0.848 [0.724, 0.993] .040
Aya-Expanse 68.42 67.67 +0.75 2.51 4.92 .781 0.896 [0.568, 1.415] .639
Command-A 78.50 78.40 +0.11 2.49 4.87 .970 0.885 [0.700, 1.117] .304
Gemma3-IT 72.01 72.24 -0.22 2.42 4.75 .932 0.929 [0.658, 1.311] .675
LLaMA3.1-IT 73.47 73.72 -0.25 1.85 3.63 .907 1.026 [0.947, 1.112] .524
LLaMA3.1-Magpie 75.61 75.97 -0.37 3.41 6.68 .917 0.897 [0.545, 1.479] .671
Qwen3-base 63.63 63.98 -0.35 2.10 4.11 .879 0.929 [0.687, 1.257] .633
Qwen3-IT 69.44 68.60 +0.84 2.52 4.94 .762 0.841 [0.559, 1.264] .405
SahabatAI-IT 71.04 71.71 -0.67 2.66 5.22 .843 0.943 [0.661, 1.346] .748
SeaLLMs-v3 72.26 72.62 -0.36 2.07 4.06 .875 1.035 [0.962, 1.114] .360

Pooled 71.31 71.23 +0.07 1.96 3.84 .972 0.917 [0.739, 1.138] .431

Table 9: Agreement with individual annotations under NEUTRAL prompting. AF and AM are percentages and ∆ =
AF −AM is in percentage points. SD0, the detection threshold (1.96 SD0), and pπ come from reassigning gender
jointly across the 29 annotators (B = 20,000). Odds ratios are from agree ∼ male + (1 | post) + (1 | annotator);
values below one indicate lower odds of agreement with male annotators. Aya-23 is nominally significant in the
parametric model (p = .040) but not after correction for ten models, and its permutation gap remains below its
threshold.

All posts Flipped posts only

Model Flips, n (%) Corr. win (%) ∆match SD0 Thresh. pπ ∆flip
match SD0 Thresh. pπ

Aya-23 477 (6.3) 47.6 −0.53 0.36 0.71 .150 −9.43 6.64 13.01 .157
Aya-Expanse 155 (2.1) 49.5 −0.00 0.18 0.35 .970 −2.15 8.60 16.86 .799
Command-A 225 (3.0) 48.3 −0.20 0.51 1.00 .700 −6.88 15.89 31.15 .676
Gemma3-IT 248 (3.3) 48.6 −0.20 0.35 0.69 .583 −5.48 9.83 19.28 .582
LLaMA3.1-IT 383 (5.1) 51.2 +0.22 0.69 1.35 .765 +4.82 14.45 28.31 .741
LLaMA3.1-Magpie 315 (4.2) 47.8 −0.36 0.85 1.67 .685 −8.83 19.16 37.55 .663
Qwen3-base 410 (5.4) 50.3 +0.08 0.52 1.02 .869 +1.20 9.64 18.90 .906
Qwen3-IT 255 (3.4) 49.6 −0.12 0.41 0.80 .764 −1.79 13.49 26.45 .904
SahabatAI-IT 130 (1.7) 52.6 +0.15 0.15 0.30 .339 +10.37 10.10 19.79 .312
SeaLLMs-v3 146 (1.9) 47.9 −0.15 0.21 0.41 .485 −8.24 11.64 22.81 .487

Pooled 2,744 (3.6) 49.2 −0.11 0.24 0.47 .648 −3.13 6.55 12.84 .643

Table 10: Persona-matching agreement effect in percentage points. ∆match =
[
AF

F −AM
F

]
−
[
AF

M −AM
M

]
(Sec-

tion 4.2). Positive values indicate that each gender persona selectively increases agreement with the corresponding
annotator group. “Flips” counts posts on which the two gender prompts produce different predictions; “Corr. win”
is the corresponding-gender win rate on those posts, with 50% indicating no directional advantage. The right
panel recomputes the effect on flipped posts. SD0 is the standard deviation of the joint annotator-permutation null,
detection threshold = 1.96 SD0, and B = 20,000.

female–male agreement gap and the corresponding
annotator-level permutation null using the same
procedure as in the main analysis.

Table 11 summarizes the analysis, while Ta-
bles 12 and 13 report the complete target-group and
semantic-cluster results under all four prompting
conditions, together with the topic-specific ∆match

tests.

None of the 136 condition–subset agreement
gaps reaches p < .05 even pointwise (minimum
p = .068; joint pFWER = .72). The largest abso-
lute gap is 7.80 percentage points for Cluster 15
under NEUTRAL prompting, below its 10.35-point
threshold (p = .127). Likewise, none of the 34
topic-specific ∆match estimates is significant (mini-
mum p = .166; joint pFWER = .93). The largest is

−0.90 points for LGBTQ+ content, below its 1.26-
point threshold. Ahmadiyya and Shia are shown
descriptively but excluded from inference because
they contain fewer than 100 posts; the three sub-
threshold semantic clusters are omitted.

G.3 Robustness Across Clustering
Granularities

The absence of topic-specific demographic effects
is not specific to the choice of k = 30. We
repeated the complete subset analysis for k ∈
{8, 12, 16, 20, 24, 30}.

Figure 7 visualizes every standardized cluster-
level agreement gap across clustering granularities
together with the corresponding annotator-level sig-
nificance threshold. Table 14 summarizes the same
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Analysis Tests Min. p Max. |∆| Thresh.max pmax pFWER

Condition-specific agreement gaps 136 .068 7.80 10.35 .127 .72
Topic-specific ∆match 34 .166 0.90 1.26 .166 .93

Table 11: Content-specific demographic agreement across prompting conditions. The first row comprises female–
male agreement gaps within each of four conditions and 34 tested content subsets (4 × 34 = 136); the second
comprises the paired persona-matching agreement effect within each subset. Min. p is the smallest pointwise
permutation value. Thresh.max and pmax belong to the cell giving Max. |∆|, whereas pFWER is the omnibus
maximum-statistic test over both content partitions. Effects and thresholds are in percentage points. The 7.80-point
maximum is Neutral Cluster 15—the same topic-level observation reported in Table 17—whose own threshold is
10.35; the minimum p = .068 comes from a different cell (CIS-FEMALE, Cluster 9).

Subset n NEUTRAL CIS-MALE CIS-FEMALE LGBT ∆match

Ahmadiyya† 35 -4.22 / 5.74 / .15 -5.11 / 5.77 / .08 -4.76 / 5.81 / .11 -5.85 / 6.46 / .08 +0.35 / 0.66 / .32
Disability 1,582 -2.73 / 4.12 / .21 -3.09 / 4.13 / .15 -2.93 / 3.92 / .15 -2.19 / 3.81 / .29 +0.16 / 0.56 / .59
Jewish 2,424 -1.39 / 4.79 / .68 -1.29 / 4.48 / .64 -1.69 / 4.52 / .51 -1.69 / 4.45 / .55 -0.40 / 1.10 / .50
Christian 702 +1.47 / 4.14 / .53 +1.72 / 4.64 / .54 +1.90 / 4.64 / .48 +1.17 / 3.65 / .62 +0.18 / 0.55 / .56
LGBTQ+ 572 +6.25 / 8.65 / .15 +5.87 / 9.18 / .21 +4.97 / 8.39 / .25 +6.84 / 11.48 / .27 -0.90 / 1.26 / .17
Rohingya 134 +2.27 / 5.46 / .43 +1.18 / 4.25 / .62 +1.21 / 4.07 / .57 +0.72 / 3.82 / .73 +0.03 / 2.29 / .94
Shia† 85 -5.47 / 10.43 / .32 -6.29 / 10.04 / .22 -5.48 / 9.13 / .25 -6.26 / 10.58 / .25 +0.81 / 1.60 / .33
Chinese-Indonesian 1,380 -3.03 / 7.02 / .45 -2.20 / 6.53 / .57 -2.13 / 6.57 / .57 -2.13 / 6.52 / .59 +0.06 / 0.56 / .87
UNKNOWN 896 +0.61 / 3.30 / .73 +1.74 / 3.96 / .41 +1.75 / 4.09 / .42 +1.09 / 3.29 / .53 +0.01 / 0.47 / .98

Table 12: Item-level agreement by prompt condition for dataset-defined target groups. Each analysis cell reports
observed effect / detection threshold / pointwise p. For the four prompt conditions, the effect is the female–male
agreement gap; ∆match is the paired CIS-FEMALE–CIS-MALE difference-in-differences. Effects and thresholds
are in percentage points; the detection threshold is 1.96 SD0, and p is pointwise under one joint annotator-gender
permutation (B = 20, 000). No pointwise test reaches .05; across both content partitions, familywise omnibus tests
give p = .72 for the 136 condition–subset gaps and p = .93 for the 34 topic-specific persona-matching agreement
effects. †Subsets below 100 posts are descriptive only.

analysis numerically.
Across the six clustering granularities, 102 se-

mantic clusters were tested. Together with the
seven dataset-defined target groups, this gives 109
tested content subsets in total. Only one of the 109
reached nominal significance (p = .04 at k = 16),
Cluster 8 of the k = 16 partition—a religious-
discourse cluster, consistent with chance under mul-
tiple testing. No clustering granularity produced a
significant familywise maximum gap (p ≥ .52) or
dispersion statistic (p ≥ .35).
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Subset n NEUTRAL CIS-MALE CIS-FEMALE LGBT ∆match

Cluster 0 198 +1.54 / 5.59 / .60 +1.24 / 6.35 / .71 +1.24 / 6.48 / .72 +0.95 / 6.53 / .78 +0.01 / 0.63 / 1.00
Cluster 1 149 +0.64 / 7.04 / .86 -0.59 / 7.43 / .88 -0.85 / 7.56 / .84 +0.75 / 6.07 / .82 -0.26 / 1.17 / .66
Cluster 2 259 -4.05 / 6.80 / .27 -4.54 / 5.68 / .12 -4.05 / 5.75 / .17 -2.02 / 6.73 / .59 +0.48 / 1.37 / .50
Cluster 3 303 -0.06 / 5.85 / .98 +0.08 / 6.02 / .98 +0.21 / 5.66 / .95 -0.34 / 5.85 / .91 +0.13 / 0.51 / .62
Cluster 4 194 -4.01 / 9.59 / .46 -2.70 / 8.48 / .57 -2.46 / 8.05 / .59 -2.88 / 8.23 / .58 +0.25 / 1.13 / .69
Cluster 5 194 -3.09 / 7.78 / .48 -3.04 / 10.05 / .59 -3.11 / 9.78 / .57 -2.94 / 8.35 / .52 -0.06 / 0.87 / .87
Cluster 6 327 -0.39 / 5.62 / .89 -2.10 / 4.73 / .40 -2.37 / 4.33 / .30 -0.14 / 6.34 / .96 -0.27 / 0.94 / .58
Cluster 7 279 -1.04 / 4.77 / .67 +0.92 / 5.28 / .74 +0.37 / 6.04 / .91 +0.28 / 5.49 / .92 -0.54 / 1.42 / .48
Cluster 8 203 +1.32 / 4.39 / .56 +1.88 / 4.82 / .46 +1.56 / 4.71 / .53 +1.23 / 4.21 / .58 -0.32 / 0.71 / .38
Cluster 9 283 -3.46 / 4.20 / .11 -3.43 / 3.91 / .09 -3.33 / 3.58 / .07 -4.11 / 5.04 / .11 +0.10 / 0.78 / .81
Cluster 10 228 -0.18 / 5.91 / .95 -0.22 / 5.79 / .94 -0.24 / 5.86 / .94 -0.19 / 6.28 / .95 -0.02 / 1.15 / .98
Cluster 12 213 +0.27 / 4.10 / .90 +1.58 / 4.29 / .48 +1.38 / 4.46 / .56 +1.54 / 3.75 / .44 -0.20 / 1.19 / .74
Cluster 13 299 +3.25 / 6.54 / .35 +2.39 / 6.24 / .46 +2.13 / 5.64 / .46 +2.08 / 5.82 / .50 -0.26 / 1.43 / .72
Cluster 14 349 +1.39 / 5.15 / .61 +2.34 / 4.72 / .34 +2.88 / 4.97 / .27 +2.47 / 4.50 / .29 +0.54 / 1.13 / .37
Cluster 15 242 -7.80 / 10.35 / .13 -4.73 / 8.39 / .30 -4.35 / 8.27 / .34 -4.24 / 7.26 / .28 +0.39 / 0.70 / .30
Cluster 16 170 -0.52 / 7.11 / .89 -0.73 / 6.85 / .84 -0.48 / 6.40 / .89 -1.11 / 7.31 / .79 +0.26 / 1.51 / .75
Cluster 17 398 -1.58 / 4.56 / .52 -1.62 / 6.35 / .63 -1.86 / 6.59 / .59 -1.72 / 6.86 / .64 -0.25 / 1.06 / .65
Cluster 18 388 +1.64 / 12.37 / .80 +2.06 / 9.69 / .69 +1.48 / 8.32 / .73 +0.94 / 11.47 / .87 -0.58 / 1.72 / .52
Cluster 19 273 +1.28 / 5.09 / .64 +1.15 / 4.64 / .64 +1.18 / 4.49 / .62 +1.25 / 4.31 / .58 +0.03 / 0.42 / .91
Cluster 20 231 -2.14 / 5.68 / .46 -2.09 / 5.51 / .45 -2.19 / 5.58 / .43 -1.97 / 5.56 / .49 -0.10 / 0.63 / .73
Cluster 21 549 -2.49 / 5.34 / .39 -2.10 / 6.36 / .56 -2.65 / 7.13 / .51 -2.47 / 6.56 / .51 -0.55 / 1.54 / .50
Cluster 22 405 +5.74 / 10.72 / .31 +5.59 / 10.99 / .35 +4.89 / 10.03 / .37 +6.51 / 13.65 / .42 -0.70 / 1.44 / .38
Cluster 23 316 +2.22 / 7.62 / .67 +2.97 / 6.85 / .44 +3.05 / 7.11 / .44 +1.85 / 4.43 / .45 +0.08 / 0.54 / .81
Cluster 25 275 +3.65 / 6.07 / .25 +2.93 / 5.51 / .31 +2.80 / 5.37 / .32 +2.68 / 5.57 / .35 -0.12 / 0.56 / .65
Cluster 27 139 -3.19 / 7.64 / .42 +0.10 / 6.29 / .98 +0.31 / 6.90 / .93 -0.84 / 7.04 / .82 +0.22 / 1.23 / .77
Cluster 28 206 -5.27 / 7.26 / .16 -5.93 / 8.09 / .18 -6.22 / 7.96 / .15 -5.43 / 7.22 / .15 -0.29 / 0.82 / .51
Cluster 29 235 -1.26 / 7.31 / .73 -0.82 / 6.74 / .81 -1.09 / 6.68 / .75 -0.66 / 6.61 / .85 -0.27 / 0.65 / .42

Table 13: Item-level agreement by prompt condition for the tested k = 30 semantic clusters. Each analysis cell
reports observed effect / detection threshold / pointwise p. For the four prompt conditions, the effect is the female–
male agreement gap; ∆match is the paired CIS-FEMALE–CIS-MALE difference-in-differences. Effects and thresholds
are in percentage points; the detection threshold is 1.96 SD0, and p is pointwise under one joint annotator-gender
permutation (B = 20, 000). No pointwise test reaches .05; across both content partitions, familywise omnibus tests
give p = .72 for the 136 condition–subset gaps and p = .93 for the 34 topic-specific persona-matching agreement
effects. The three clusters below the 100-post threshold are omitted.

k Subsets Max |∆| SD0 Min p pfw pdisp

8 7 3.1 2.3 .25 .74 .51
12 11 3.7 2.5 .33 .82 .64
16 15 6.0 2.6 .04 .52 .35
20 19 6.1 2.8 .06 .72 .41
24 23 6.1 2.9 .06 .76 .63
30 27 7.8 3.1 .10 .53 .56

Table 14: Robustness across semantic clustering gran-
ularities. For each value of k, we report the number
of tested clusters, the largest absolute agreement gap
(percentage points), the median null standard deviation,
the smallest per-cluster p-value, and the familywise
maximum-gap and dispersion tests. The single nom-
inally significant cluster at k = 16 does not survive
either familywise test. These tests are computed sep-
arately for each granularity and therefore differ from
the omnibus test across prompting conditions and both
content partitions (pFWER = .72; Table 11).
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Figure 6: Per-model confusion matrices, NEUTRAL
condition, on the evaluation subset with perfect-
disagreement ties excluded (n = 6,352; gold toxic rate
15.7%)—the same basis as Table 8. Cells are shaded
by row-normalised proportion and labelled with that
proportion and the raw count. Diagonal entries are per-
class recall. The upper-left cell is non-toxic recall, so
lower values indicate over-flagging.
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Figure 7: Standardized agreement gaps, |∆|/SD0, for
all 109 tested content subsets: the seven target groups
(left) and the 102 semantic clusters across k-means gran-
ularities, where SD0 is the annotator-level permutation-
null standard deviation. The dashed line marks the two-
sided 5% threshold; a single cluster at k = 16 exceeds
it, consistent with chance under multiple testing.
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H By-Post Random-Slope Sensitivity

To test whether the pooled RQ2 result depends
on assuming a constant gender effect across posts,
we refit Eq. 1 with a correlated by-post random
intercept and gender slope, (1 + male | post),
while retaining the annotator random intercept. The
model converged without warnings and was not
singular. The male fixed effect remained small
and non-significant (β = −0.06, SE = 0.10, OR
= 0.94, 95% CI [0.78, 1.14], p = .55), compared
with β = −0.09, OR = 0.92, 95% CI [0.74, 1.14],
p = .43 in the primary random-intercept model.
The by-post model estimated SD = 2.50 for the
post intercept, SD = 1.46 for the gender slope, and
an intercept–slope correlation of −0.31. Because
4,789 of 7,524 posts (64%) contain exactly two dis-
tinct annotators, we do not interpret the slope vari-
ance as substantive evidence of post-level gender
heterogeneity; this analysis is used only to assess
the stability of the pooled fixed gender effect.

I Topic-Specific Gender Slopes

Finally, we examined whether the demographic
effect varies systematically across semantic clus-
ters in the mixed-effects model. Table 15 com-
pares two extensions of Eq. 1 at each granularity
k ∈ {8, 12, 16, 20, 24, 30}; the k = 30 row corre-
sponds to the main semantic partition. Allowing
the gender effect to vary across clusters produces a
significant random slope at every granularity when
annotator-by-cluster variation is omitted. Once
annotator-specific topic variation is included, the
slope variance lies on the zero boundary for five of
the six granularities (fits flagged as singular). At
k = 20, where the naive slope variance is largest,
the controlled fit is non-singular and the remain-
ing slope is non-significant (χ2 = 0.21, p = .65).
The fixed gender effect is null across all twelve
fits (OR = 0.91–0.94, all p > .48). The appar-
ent topic-specific demographic effect is therefore
explained by individual annotators responding dif-
ferently across topics rather than by a stable inter-
action between topic and annotator gender.

J Agreement Metrics and Aggregation
Robustness

Section 4.3 reports Cohen’s κ under the primary
aggregation rule, where annotations are aggregated
separately within each gender using majority vote
and ties are resolved as TOXIC. To verify that the
conclusions do not depend on these choices, we

Topic slope only + annotator×cluster

k SDmale|c χ2 p SDmale|c χ2 p

8 .066 15.05 < .001 .000 0.00 1.00
12 .080 25.61 < .001 .000 0.00 .997
16 .128 102.78 < .001 .000 0.00 .998
20 .161 165.67 < .001 .070 0.21 .650
24 .149 122.97 < .001 .000 0.00 1.00
30 .138 97.95 < .001 .000 0.00 .997

Table 15: Topic-varying gender slopes across cluster-
ing granularities. Both specifications extend Eq. 1;
likelihood-ratio tests compare each with its counterpart
without the cluster-level gender slope (df = 2 and 1).
Boundary tests on variance components are conserva-
tive. The topic slope is significant at every k but not
once annotator-by-cluster variation is modeled.

repeat the analysis across five agreement statistics
and four aggregation conventions. Every combina-
tion is evaluated against the same annotator-level
permutation null.

The agreement statistics are raw agreement, Co-
hen’s κ, Gwet’s AC1, the log odds ratio (lnOR),
and a discordance statistic computed only on posts
where the female and male panels disagree. The
aggregation conventions are: (i) ties resolved as
TOXIC, (ii) ties resolved as NON-TOXIC, (iii) posts
containing tied panels removed, and (iv) ties re-
solved as TOXIC after restricting to posts where the
two panels have equal size.

Across all 20 pooled specifications, the observed
gap remains within the central 95% of the corre-
sponding permutation null (Table 16). None of
the 200 underlying model-specific tests reaches
p < .05 (smallest uncorrected p = .065). Chang-
ing the aggregation rule has a larger effect than
changing the agreement statistic: prevalence-robust
statistics yield somewhat larger standardized gaps
under the published aggregation rule, but these re-
main non-significant, while changing the tie rule
substantially changes the observed gap. This sup-
ports the interpretation that the apparent group-
level differences arise primarily from calibration
and label aggregation rather than stable demo-
graphic agreement.

K Permutation Detection Thresholds

Several of our findings are nulls, so for each esti-
mand we report an approximate two-sided 95% de-
tection threshold under the annotator-level permu-
tation null, computed as 1.96SD0 (Table 17). This
quantity is a significance-based detection threshold
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Stat. Convention Obs. SD0
|Obs.|
SD0

p

Raw ties→tox −.014 .016 0.90 .35
ties→non −.007 .018 0.38 .69
ties dropped −.010 .017 0.57 .57
size-matched −.017 .022 0.77 .54

κ ties→tox −.021 .057 0.36 .72
ties→non −.020 .066 0.30 .76
ties dropped −.028 .069 0.40 .70
size-matched −.035 .095 0.37 .76

AC1 ties→tox −.032 .025 1.29 .16
ties→non −.009 .025 0.36 .65
ties dropped −.014 .025 0.56 .51
size-matched −.032 .033 0.97 .35

lnOR ties→tox −.263 .198 1.33 .15
ties→non −.094 .250 0.38 .65
ties dropped −.162 .255 0.64 .47
size-matched −.328 .289 1.13 .28

Disc. ties→tox −.081 .063 1.29 .16
ties→non −.024 .067 0.36 .68
ties dropped −.047 .075 0.63 .48
size-matched −.094 .092 1.02 .36

Table 16: Robustness to agreement statistic and aggrega-
tion rule. “Obs.” is the pooled female–male agreement
gap across the ten models, SD0 is the standard deviation
of the annotator-level permutation null, and p is two-
sided. Every pooled specification and every underlying
model-specific test is non-significant.

rather than a minimum detectable effect from a sta-
tistical power calculation. The effective resolution
is determined primarily by the 29 annotators rather
than the much larger number of post–annotator ob-
servations.

Every observed effect falls below the detection
threshold of the analysis that produced it. Res-
olution varies by more than an order of magni-
tude across estimands: the persona-matching anal-
ysis has a detection threshold of about 0.5 percent-
age points, whereas topic-level comparisons on
small subsets have thresholds above ten percentage
points. Together with the permutation analyses,
this indicates that the absence of significant demo-
graphic agreement is consistent with the statistical
resolution of the available annotator pool rather
than evidence that demographic effects cannot ex-
ist.

Estimand SD0 Thresh. Obs.

∆κ, pooled .057 .111 .021
∆κ, per model .029–.085 .057–.167 .039
Group-label gap, pooled 1.58 3.09 1.42
Group-label gap, per model 1.40–4.99 2.74–9.78 2.64
Annotation gap, pooled cond. 1.94–2.00 3.80–3.92 0.34
Annotation gap, model×cond. 1.66–3.99 3.26–7.83 1.26
Annotation gap, by topic† 3.08 6.03 7.80
∆match, pooled 0.24 0.47 0.11
∆match, per model 0.15–0.85 0.30–1.67 0.53

Table 17: Permutation-null detection thresholds; all ef-
fects except ∆κ are in percentage points. Threshold
= 1.96 SD0; ranges span prompting conditions or mod-
els as indicated, and Obs. is the largest absolute esti-
mate in that row. † The by-topic row is the annotation-
level gap with models pooled; SD0 is the median across
the 136 prompting-condition–content-subset tests. Its
7.80-point maximum is Neutral Cluster 15, whose own
threshold is 10.35 points (Table 11).
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