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Abstract

Volunteer moderators play a crucial role in sustaining online
dialogue, but they often disagree about what should or should
not be allowed. In this paper, we study the complexity of con-
tent moderation with a focus on disagreements between mod-
erators, which we term the “gray area” of moderation. Lever-
aging 5 years and 4.3 million moderation log entries from 24
subreddits of different topics and sizes, we characterize how
gray area, or disputed cases, differ from undisputed cases. We
show that one-in-seven moderation cases are disputed among
moderators, often addressing transgressions where users’ in-
tent is not directly legible, such as in trolling and brigading, as
well as tensions around community governance. This is con-
cerning, as almost half of all gray area cases involved auto-
mated moderation decisions. Through information-theoretic
evaluations, we demonstrate that gray area cases are inher-
ently harder to adjudicate than undisputed cases and show
that state-of-the-art language models struggle to adjudicate
them. We highlight the key role of expert human modera-
tors in overseeing the moderation process and provide in-
sights about the challenges of current moderation processes
and tools.

1 Introduction
Online communities require moderation to function, with
content decisions determining which voices participate in
public discourse. Volunteer moderators handle the vast ma-
jority of content decisions on Reddit, providing labor that
rivals professional staff in scale (Li, Hecht, and Chancel-
lor 2022a). Their work involves evaluating millions of posts
and comments against community norms, often under time
pressure and with limited resources. Regardless of their de-
cisions, the moderators’ role exposes them to user criti-
cism, creating burnout within volunteer moderation teams
(Schöpke-Gonzalez et al. 2022).

Gray area cases, which require disputation between mod-
erators before adjudication, embody a key tension between
strained moderator resources and the deliberative needs of
community governance. Disagreement indicates that moder-
ators engage with boundary-setting, which fosters commu-
nity growth by establishing precedents and reshaping norms.
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Studies of moderation practices acknowledge the necessity
of effective disagreement management to improve gover-
nance health (Jhaver et al. 2019a; Vaccaro et al. 2021).
Research demonstrates that inherent ambiguity in content
interpretation, rule application, and contextual and sub-
jective factors may create legitimate disagreement among
moderators (Stockinger, Schäfer, and Lecheler 2025). De-
sign approaches to participatory moderation have, there-
fore, emerged to accommodate multiple viewpoints rather
than forcing artificial consensus, valuing disagreement (Falk
et al. 2024; Lam et al. 2022; Gordon et al. 2022).

Despite the importance of disputed cases, we lack an em-
pirical understanding of the extent and nature of the gray
area within existing moderation systems. The opacity of
moderation processes makes it difficult to systematically
evaluate the factors that drive disagreement and assess how
communities adjudicate them. This has implications for the
fairness of the moderation process, since the apparent dis-
cretion of moderator decisions, especially when subject to
dispute, may disproportionately affect vulnerable popula-
tions and erode support of the process (Haimson et al. 2021;
Juneja, Rama Subramanian, and Mitra 2020).

This work addresses these gaps through analysis of a lon-
gitudinal and complete dataset of moderation decisions in
24 subreddits participating in open moderation logging, col-
lected over 5 years. We characterize the gray area by com-
paring disputed cases against undisputed moderation deci-
sions, disaggregated by human versus automated moderator
involvement. First, through statistical analyses, manual cod-
ing, and topic modeling, we find that the gray area is com-
mon (about one in seven cases), that many disputes arise
around ambiguous or sensitive content (e.g., trolling, brigad-
ing, hate/harassment), and that automated removals are fre-
quently reversed by humans, especially as moderator experi-
ence increases. Next, we assess the viability of LLM-based
moderation for gray area cases through in-context learning
and information-theoretic analyses, finding that gray cases
are intrinsically harder and that current models underper-
form on disputed content relative to undisputed cases.

Finally, we show that LLM–moderator alignment on gray
area cases is driven both by local community context and
the inherent complexity of the text, while being significantly
more consistent for removal decisions than for approvals.
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Figure 1: (a) An example showing multiple moderation actions on a single comment. (b) Cases are partitioned into four mutually
exclusive strata by (i) whether there is within-case disagreement defined as more than one unique moderator and more than one
unique action and (ii) whether any moderator is a bot. The case (a) is categorized into “gray bot”.

Highlighting a key component of moderation processes,
this work adds to a growing body of research document-
ing its complexity. By demonstrating the difficulty of gray
area moderation, we expose the shortcomings of current ap-
proaches and tools, while demonstrating the central role of
experienced human moderators in maintaining healthy gov-
ernance. Our findings have implications for addressing the
tensions between moderators’ labor conditions and commu-
nity governance quality. We provide insights for integrating
deliberation in moderator tool design.

The rest of the paper is structured as follows. After con-
textualizing gray area cases in the literature of moderation
practices and the sociotechnical systems in which they are
embedded, we introduce the dataset of moderation logs and
provide an encompassing description of the gray area, com-
paring and contrasting it with undisputed cases. Next, we ad-
dress the crucial issue of automation in moderating the gray
area by providing information-theoretical estimates of the
difficulty of gray area cases and benchmarking state-of-the-
art language models. Finally, we unpack the factors associ-
ated with LLMs’ lackluster performance and discuss them
in light of our novel understanding of the gray area.

2 Related Work
2.1 The Labor of Volunteer Moderation
Platforms increasingly include volunteers in their modera-
tion processes. For example, major social media platforms,
including X and Facebook, have switched away from mod-
eration based on fact-checkers to community-based moder-
ation (Wojcik et al. 2022). Volunteer moderation represents
a critical form of digital labor that sustains online commu-
nities at scale. Matias’s seminal work conceptualized vol-
unteer moderation as “civic labor,” highlighting how unpaid
moderators create and control public discourse for millions
while their contributions remain largely invisible (Matias
2019). Recent quantitative analyses have demonstrated the
economic value of this hidden labor. The value of volunteer
moderation on Reddit alone is estimated to be a minimum of
$3.4 million per year, equivalent to 2.8% of Reddit’s 2019
revenue (Li, Hecht, and Chancellor 2022b).

The nature of moderator work extends beyond simple rule
enforcement. This labor encompasses not only content eval-
uation but also community norm development, conflict res-
olution, and platform governance (Li, Hecht, and Chancel-
lor 2022a; Roberts 2019). Volunteer moderators develop a
sophisticated understanding of their community contexts,
adapting global platform policies to local norms and val-
ues (Seering, Kaufman, and Chancellor 2020; Gilbert 2020;
Weld, Zhang, and Althoff 2024).

Volunteer moderators face growing tensions. Their deci-
sions are often contested (Koshy et al. 2023; Weld et al.
2025), they work under high expectations with little plat-
form support (Schmitz and Samory 2025), and many experi-
ence burnout and turnover (Schöpke-Gonzalez et al. 2022).
Our work highlights difficult moderation cases that may re-
sult from these challenges and points to ways to improve
their working conditions.

2.2 Collaboration in Moderation
Effective moderation requires deliberation. Moderators pos-
sess valuable expertise about local norms and contexts that
automated systems fail to capture (Seering et al. 2019). This
expertise becomes crucial when adjudicating content that
may appear problematic to outsiders but serves legitimate
community functions (Schaffner et al. 2024). Jhaver et al.
demonstrated that seemingly clear community rules require
contextual interpretation, with moderators applying differ-
ent standards based on user history, intent, and community
dynamics (Jhaver et al. 2019b). Linguistic work further indi-
cates that approved and removed comments can look strik-
ingly similar (Samory 2021). Such ambiguities are solved
through collaboration and knowledge passing within moder-
ation teams, which are of increasing interest to the research
community (Koshy et al. 2025; Chen and Zhang 2025).
Yet, we lack empirical insight into how disagreements arise
within teams and how they are resolved—a gap this work
begins to address. Specifically, our work characterizes the
nature of disputed decisions in moderation teams, provid-
ing the empirical foundation needed to design transparency
mechanisms that acknowledge the contestability in content
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moderation. Our work also reveals a significant part played
by automated moderation systems in dispute cases. Next, we
review work outlining the uncertainty introduced by auto-
mated systems in the moderation process.

2.3 Uncertainty in Automated Moderation
Automated content moderation systems have become widely
adopted by major platforms. For example, Meta reports that
about 95% of hate speech content removed on Facebook
and Instagram is proactively detected by AI tools rather
than via user reports.1 On Reddit, Large language mod-
els (LLMs) are increasingly proposed to ease the work-
load of volunteer moderators. When prompted with sub-
reddit rules, they can detect policy violations with high
accuracy (Kumar, AbuHashem, and Durumeric 2024). Es-
pecially, automated moderation systems for Reddit show
promise to identify its variety of community-sensitive norms
(Park et al. 2021; He, May, and Lerman 2023; Zhan et al.
2024; Goyal et al. 2025). However, while classifiers for
harmful language demonstrate high performance on bench-
mark datasets, their effectiveness in practice for moderation
tasks has been questioned (Gillespie 2018; Gorwa, Binns,
and Katzenbach 2020).

Treating disputed cases the same way as straightforward
ones could obscure weaknesses, as previous work warns
against oversimplifying nuanced disagreement (Pavlick and
Kwiatkowski 2019). Annotation difficulty, operationalized
as annotator disagreement, has also been identified as a
confounding factor in human-AI alignment (Alipour et al.
2025). More fundamentally, a central tension lies in the con-
struction of ground truth for training machine learning mod-
els. Much of the computational literature assumes a single
authoritative label for training and evaluation, yet linguistic
and cultural theory suggests that disagreement is often inher-
ent rather than accidental (Cabitza, Campagner, and Basile
2023). In this work, we focus on the political nature of la-
beling by looking at contested cases and show to what extent
gray area content is more challenging for models.

3 Data
Following the approach outlined in Samory (2021), we col-
lect Reddit’s moderation logs, which are records of all mod-
eration actions taken in a community. As part of the Open-
ModLog transparency initiative, subreddits can opt in by
inviting the publicmodlogs account, after which the bot re-
publishes the community’s moderation logs to a public feed
accessible to anyone.

ModLog Data Curation From the raw moderation logs,
we retain only actions corresponding to comment or post
approvals and removals, which we grouped into two general
categories (approve and remove). Other moderation actions,
such as “edit settings” or “sticky” are ignored as they do
not directly signal a sanctioning action taken at a comment
level. To ensure robust statistical power, we selected the top
24 subreddits based on the volume of available moderation

1https://about.fb.com/news/2020/11/measuring-progress-
combating-hate-speech/

data. Specifically, we selected communities with sufficient
activity to yield at least 250 disputed cases per outcome (ap-
prove/remove) alongside equivalent undisputed baselines.
As these communities must opt-in to public logging to be
included, our sample mainly consists of political and contro-
versial subreddits (e.g., r/moderatepolitics, r/conspiracy, r/-
socialism). While this selection is not representative of Red-
dit as a whole, this selection yields a dense dataset of 4.3
million moderation actions. This full longitudinal dataset
is used for the characterization in Section 4, while the bal-
anced subset of 24,000 cases (described in Evaluation Sub-
set) is reserved for model benchmarking in Section 5. The
full list is available in Appendix Figure 7.

To potentially separate human from automated modera-
tion, we flag accounts with usernames containing substrings
such as “auto”, “bot”, or “modlogs”. In total, 850 unique
moderators were identified, of which 783 were classified as
human moderators and 67 as automated moderators. In to-
tal, moderators took 4,272,178 actions with humans taking
55.9% and bots taking 44.1% actions. Note that this number
only points to the “actions” and not individual comments,
which add up to 3.7M. Figure 7 reports bot and human mod-
erator counts per subreddit.

To avoid potential shifts in moderation behavior associ-
ated with LLMs, we discard actions logged after the release
of ChatGPT on November 30, 2022. We refer to the result-
ing dataset as “ModLog”. Figure 6 in the Appendix shows
the temporal distribution of actions.

Gray Area ModLogs Figure 1.a shows an example of
multiple moderation actions made on a single comment.
First, the AutoModerator removes the comment based on a
word filter. This decision is reversed by a human modera-
tor (human mod 1), which is further contradicted by another
human moderator (human mod 2). The comment eventually
gets removed; however, these kinds of contrasting modera-
tion actions exemplify what we call a “gray area”. Simply
put, the comments that are in the gray area in our study have
two or more contrasting moderation decisions made by two
or more unique moderators. A comment and all of its asso-
ciated decisions together constitute a case.

Case Stratification. For each case, we retain the full se-
quence of actions and moderators, along with considering
the last action as the ground truth on the basis that it repre-
sents the final decision that persisted on the platform. We
categorize each case into one of four mutually exclusive
strata based on whether there is within-case disagreement
(multiple distinct actions and moderators) and there are any
bot participants (see Figure 1.b):

• gray-human: more than one unique moderator and more
than one unique action, and all moderators involved are
human (i.e., disagreement among human mods).

• gray-bot: more than one unique moderator and more
than one unique action, and at least one bot among the
moderators.

• undisputed-human: not gray, and with only human
moderator(s) involved.

• undisputed-bot: not gray, and at least one bot is present.
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Moderator Experience Conflict in moderation actions
can come from a variety of factors, including the expertise
of the human moderators. To study how moderator expe-
rience affects gray area dynamics, we augment the dataset
with moderator experience at the time of action, calculated
as the number of days between the action and the moder-
ator’s joining date. The data for joining dates is collected
from multiple sources such as the subreddit front page, mod-
eration page, and wiki from the wayback machine, as well
as other lists curated by Reddit users.2 Within the ModLog,
we identify 783 unique human moderators, of which 465
(60%) overlap with the join-date dataset. Their join dates as
moderators span March 2012 through July 2025. Appendix
Figure 5 reports the distribution of join dates and Figure 7
reports counts of identified moderators per subreddit.

Evaluation subset. One of the core contributions of this
study is to juxtapose disputes in practical moderation deci-
sions with the LLMs’ alignment with the final decision in the
moderation chain. To evaluate language model alignment on
both gray area and undisputed cases, we construct a bal-
anced per-subreddit dataset, “ModLog Sample”. From each
subreddit, we sample 1,000 instances: 250 gray area cases
ending in remove, 250 gray area cases ending in approve,
and an equivalent split for the undisputed cases. We use this
evaluation dataset of 24K samples in Section 5 and Section
6. Before measuring the LLM alignment on this subsampled
dataset, we leverage the entirety of ModLogs to characterize
the moderation rationale and content in the gray area.

4 Characterizing the Gray Area
To characterize the gray area of moderation, we unpack
moderation cases and explore them from multiple angles.
Specifically, we examine the moderation actions that docu-
ment the process of disagreement, the rationales that mod-
erators may provide to justify their actions, and the contents
of the moderated comments.

4.1 Sequences of Moderation Action
Gray area cases account for 13.54% of all moderation ac-
tions (n = 578,251/4,272,178). Within these disputed
cases, 53.86% involve only human moderators (n =
311,465) and 46.14% include at least one bot moderator
(n = 266,786). Analyzing the sequences of moderation
actions that occur to adjudicate each case reveals two dis-
tinct patterns involving the correction of overmoderation
by automated bots and the role of experienced modera-
tors on final labeling decisions.

Bot actions are reversed by human mods. Restricting to
gray areas and classifying moderation action sequences by
the type of the first and last moderator, we observe that the
overwhelming majority are bot → human at 87.00%, fol-
lowed by human→human at 7.79%, bot→ bot at 4.47%,
and human→bot at 0.73%. Because the gray area requires
conflicting actions within a case and we treat the last action
as ground truth, the dominance of bot→human sequences

2https://www.reddit.com/mod/interestingasfuck/moderators/

indicate that human moderators typically reverse or correct
initial bot decisions.

This interpretation is reinforced when examining the dis-
tribution of first actions within disagreements. Among the
first actions taken by bots, 95.49% are removals and only
4.51% are approvals. In contrast, human moderators exhibit
a much more balanced pattern of 68.67% approvals versus
31.33% removals. The asymmetry between these two groups
highlights a systematic tendency of bots to remove content
preemptively, whereas humans are substantially more likely
to reinstate it. By spelling out these dynamics, we can see
that in 93.46% of all bot → human sequences the initial
bot removal was directly followed by a human approval.
We refer to this pattern as overmoderation by bots, where
automated systems disproportionately err on the side of re-
moval, and human moderators subsequently intervene to re-
store content that was judged acceptable. For downstream
analysis, we discard all bot→ bot and human→ bot action
sequences, which are a large minority, and by manual in-
spection, appear as resulting from bot configuration issues.

Experienced human moderators corrected inexperi-
enced ones. To investigate the role of tenure in conflict
resolution, we focused on the subset of disputed cases in-
volving human moderators. We isolated pairs of contradic-
tory actions within these threads, strictly filtering for in-
stances where two distinct human moderators acted on the
same target. Analyzing the tenure difference across 11,587
such pairs shows that the intervening moderator typically
has significantly more experience than the initial actor. On
average, the moderator performing the reversal is 51 days
more senior than the moderator being corrected (95% CI:
[37, 65] days). This significant seniority gap indicates that
the “gray area” of moderation is frequently resolved through
a hierarchy of competence, where experts intervene to rec-
tify decisions made by less experienced peers, thereby main-
taining consistency in community governance.

4.2 Moderation Rationales
Beyond the actions performed on a case, the ModLog
dataset also records reasons provided by moderators, bots,
or humans while approving or removing a comment. Such
moderation rationales are free-text messages added either
during the bot action or during the manual moderation pro-
cess by humans. Out of the 3.7M comments across 24
subreddits in this study, only 594K had interpretable rea-
sons provided in any of the associated moderation actions.
Though somewhat underutilized as a feature of transparency
in moderation, the reasons provided can still expose specific
enforcement dimensions that lead to disputes.

Rationale categories. We use the rule taxonomy provided
by Fiesler et al. to map free-text moderation rationales to
rule categories, using a mixed-methods procedure. In total,
we found 29K unique moderation rationale texts for 594K
comments mentioned above. We group 29K rationales into
472 clusters based on very high (> 0.9) cosine similarity
using word count vectors (Phadke and Mitra 2024). Each
of those 472 clusters was further manually annotated with
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Figure 2: Share of moderation cases by stratum (gray vs.
undisputed) across rule categories. Gray-area cases are rel-
atively overrepresented in trolling, brigading, and doxxing,
while spam, link-only, and formatting violations make up a
larger share of undisputed cases.

rule categories. For instance, rationales such as “high re-
port count” or “removed with 10+ reports” were mapped to
the “Reports” category. Similarly “Possible hate speech” or
“racial slur” were mapped to the “Hate speech” category.
We also added new categories, such as brigading or user-
level removals (due to account age or low karma), that were
not covered in the previous taxonomy (Fiesler et al. 2018).
On Reddit, every comment is part of a larger conversation
thread. We find that almost 40% of the comments entered
the ModLog due to their entire conversation thread being
put under review. This illustrates how varied moderation ac-
tions are, with a substantial portion of moderation actions
tied to the submissions themselves, without accounting for
the comment-level content. To better capture the nuances
of moderation rationales at the comment level, we remove
all comments with submission-level reviews. For the ease
of interpretation, we present broader results in Figure 2 and

subreddit-level results in Appendix Figure 9.

Gray area rationales. Figure 2 displays how comment
moderation is spread across disputed and undisputed cases
belonging to different categories. For example, almost 10%
of the gray area cases belong to the trolling category, while
only 5% of the undisputed ones are. In general, categories
like hate speech (9%), harassment (7%), brigading 3 (8%),
and suicide (1.5% in disputed, with almost no undisputed
cases) make for larger proportions of disputed cases than
the undisputed. This may suggest that disputes in modera-
tion may come from content that requires more context or
subjective interpretation. A closer manual inspection reveals
that many initial automated moderation actions are based
on keywords, which are then reversed upon review. For ex-
ample, a comment saying “fellow europoor here. i think
i’ll keep my body fat percentage up until spring” was ini-
tially removed by AutoModerator for the use of the word
“europoor” caught in the racism keyword filter. Automated
moderation actions based on simplistic keywords, later dis-
puted by human moderators, may point to functional ineffi-
ciencies in the moderation process. In subreddits related to
politics, categories like hate speech make for a lesser propor-
tion of disputes (15%) (Appendix Figure 9). Interestingly,
manual inspection still pointed to blunt hate keyword filters
such as “idiot” or “insane” which are used by AutoModer-
ator to remove comments like “I’m scrolling comments like
an idiot...”. However, these actions are rarely disputed by
human moderators, pointing to different cultures of content
curation and due process across different subreddits.

Undisputed rationales. While categories like hate speech
and harassment see a mixed proportion of gray area across
subreddits, some rationales related to the use of external
links or format are largely undisputed. This is not surprising
given that format requirements such as comment length or
title character limit have straightforward interpretations. For
example, almost 11% of the undisputed cases fall in the for-
mat category as displayed in Figure 2. While most subred-
dits have fewer disputes in comments reviewed for Content
(12% of the undisputed cases), gaming subreddits like r/Ko-
takuInAction see a high proportion of disagreements (61%
in Figure 9), again, likely coming from ineffective keyword
filters. For example, a comment with text “...because they
were already too entrenched in education...” was removed
by AutoModerator with the rationale “Transgender Topic
ban; Matched: ’tren”’. In contrast, Spam, though largely de-
tected based on keywords, sees fewer disputes. This may in-
dicate that most subreddits have relatively accurate spam fil-
ters based on the style, formatting, and links to known spam
rings.

Overall, analyzing moderation rationales across the Mod-
Log reveals that a large share of actions reflect ambigu-
ous or larger interventions—such as wholesale submission
removals—rather than targeted enforcement of specific rule
violations. These actions often provide little clarity on the
exact rationale, highlighting both the limits of transparency

3a group of users going from one subreddit to another to change
or manipulate the discussions
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Category Topic examples Comment example Explanation

Non con-
structive

6: rip, beautiful,
lmaooo, lib; 49:
based, ok, edited,
snapchat

Rip consumeProduct Users commenting with surface-
level reactions or low-effort texts

User com-
plaints

0: ban, rules, rule,
mods; 4: idiots,
cesspool, stupid, site

Why not just explain that then? They were deleting com-
ments that didn’t dox him aswell. I’m pretty sure a simple
”guys stop posting this video is considered doxxing when
you give out his name, and the admins are threatening to
ban us”.

Users criticizing moderation deci-
sions, policies, and tensions with
Reddit’s governance

User inter-
ventions

26: concert, mod, re-
lax, jannies; 28: be-
have, hilarious, tho,
yall

Y’all’s can’t behave Users intervening in discussions to
call out or de-escalate heated con-
versations.

Bots 42: score, submis-
sions, scores, con-
fidence; 18: bloop,
bleep, threads, linked

We are spam filtering all comments by default in response
to increased aggressiveness and unpredictability of “Anti-
Evil Operations” I am a bot, and this action was performed
automatically. Please contact the moderators of this sub-
reddit if you have any questions or concerns.

Content produced by bots, includ-
ing actions performed automatically
and in bulk, user-created automa-
tions, typically to track content,
scores, and censorship.

Moderation
actions

70: evade, removals,
pretext, variations;
69: violating, content,
nz, copyright

[ Removed by Reddit ] [ Removed by reddit on account of
violating the [content policy](/help/contentpolicy). ]

Moderation actions that alter com-
ments or reply to them to provide ex-
planations.

Borderline
content

92: ironic, sus, penis,
cope; 17: cringe, npc,
heroes, epic

Keanu moment Low effort content, spam, attacks,
and content that does not construc-
tively advance the discussion.

General
topics

1: bernie, candidate,
gun, voting; 11:
house, exclusive,
summit, treasury

House Democrats say Facebook, Amazon, Alphabet, Ap-
ple enjoy ‘monopoly power’ and recommend big changes

Discussions about current events,
politics, and finance.

Subreddit
topics

10: iran, iranian,
saudi, iranians; 35:
collapse, suffering,
climate, sustainable

The Message Of The Anunnaki An Incredible Text First
Published In “We are already here, among you. Some of
us have always been here, with you, yet apart from, watch-
ing, and occasionally guiding you whenever the opportu-
nity arose.”

Discussions about the specific topic
of a subreddit.

Table 1: Overview of the thematic categories of gray-area cases, identified via topic modeling and iterative coding.

and the difficulty of interpreting moderation at scale. More-
over, this analysis draws only from the subset of ModLogs
where some rationale is provided. To more fully capture the
dynamics of moderation disputes, we next turn to analyzing
the comment content itself, as described below.

4.3 Moderated Content
To gain an encompassing view of the gray area at scale,
we perform topic modeling of the content that is subject
to dispute. We adapt the BERTTopic (Grootendorst 2022)
approach to identify cross-cutting issues across subreddits.
To do so, we need to remove the topical structure of sub-
reddits from the text of gray area comments, which we
achieve through an adversarial neural network architec-
ture that leverages the adversarial debiasing framework of
(Zhang, Lemoine, and Mitchell 2018) to strip away the sub-
reddit bias, while employing the contrastive learning prin-
ciples of (Oord, Li, and Vinyals 2018) to ensure the re-
sulting embeddings remain topically coherent (we defer the
methodological details for this procedure to the Appendix
A). We then extract topics on the debiased embeddings with
BERTTopic, setting the HDBSCAN algorithm (McInnes
et al. 2017) with a minimum cluster size of 50 and a leaf-
based cluster selection method. We improve topic represen-
tations by removing stopwords that are too frequent or in-
frequent (max df = 0.4, min df = 0.05), using a CT-
FIDF model set to reduce the importance of frequent words

through BM25 weighting, and distinguishing words in the
topics using a MaximalMarginalRelevance model with a di-
versity of 0.5. This procedure yields 116 topics. Then, we
summarize the topics through an iterative coding procedure.
We analyze the words and comments most associated with
each topic, and iteratively refine a set of open codes, which
we consolidate into seven overarching thematic categories
(exemplified in Table 1).

Non-constructive comments Three of the seven themes
are attributable to non-constructive comments, broadly de-
fined. Borderline content—including low-effort posts, ad-
vertisements, and personal attacks—shows the necessity to
balance disruptive behavior with promoting participation.
General discussions of politics, economics, and current
events include hot-button issues that may be difficult to mod-
erate. Subreddit-specific cases, by contrast, reveal how lo-
calized norms condition governance.

User complaints. A prominent category centers on user
complaints directed at policies, moderators, and platform
governance. These complaints manifest users’ distrust of the
moderation system, as individuals question not only the spe-
cific reasons behind removals but also the broader legitimacy
of enforcement, which is depicted as opaque, inconsistent,
or overly punitive. The intentions of moderators themselves
and the state of the platform are often put into question, es-
pecially in the context of alleged shadowbanning incidents.
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User interventions. Alongside criticism, a second pattern
emerges in which users attempt to regulate discourse them-
selves by de-escalating conflicts or calling attention to in-
appropriate behavior. Users may themselves censor others
or self-censor. These interventions may be read as a form
of peer governance where ordinary users uphold the com-
munity norms, while simultaneously blurring the boundaries
between user and moderator roles.

Bots. Another theme involves content generated by bots
that relay moderation decisions. This includes publicly com-
municating automated moderation decisions or human mod-
erators locking threads and removing content in bulk. In
several cases, the latter was publicly justified by modera-
tors as preventive actions to dispel the intervention of “Anti-
Evil Operations,” an account operated by Reddit’s corporate
moderators which can lead, in extreme cases, to shutting
down subreddits and replacing moderators. Besides mod-
eration automations, user-deployed bots appear frequently,
for example, through comments that signal cross-posts. The
scalability of bots, therefore, represents an infrastructural
layer that both alleviates and worsens moderator workload.

Moderation actions. Explicit moderation interventions,
such as removals and removal explanations, constitute an-
other category. These visible signals make enforcement leg-
ible to community members, serving as both a sanction and
a pedagogical tool. However, their presence in the gray area
raises questions about the archiving of moderation cases.

Taken together, these categories reveal the complexity of
gray-area moderation. Gray area moderation may not simply
be a matter of error correction but a constitutive practice that
shapes the conditions of online discourse itself. Next, we in-
vestigate the extent to which computational models succeed
or fail in adjudicating gray area cases.

5 The Difficulty of Gray Area Cases
Gray area cases provide a natural setting to test automated
moderation. They can demonstrate both the potential of ma-
chine learning to support moderators at scale and help es-
timate the limits of automated means in making complex
moderation decisions. Next, we estimate the difficulty of
gray area cases using Pointwise V-Information (PVI) and
compare binary classification performance across 6 LLMs.
We used the subsampled set of 24 balanced moderation logs
described in Section 3 for this analysis.

5.1 Estimating the Difficulty of the Gray Area
Pointwise V-Information (PVI) is a measure of how much
a model family V (e.g., BERT) can reduce the uncertainty
about the true label when given the input, relative to a base-
line that does not use the input (Xu et al. 2020). Following
prior work (Ethayarajh, Choi, and Swayamdipta 2022; Sen
et al. 2023), for instance (xi, yi) we define:

PVIi = log2 pθ(yi | xi) − log2 p̂(yi). (1)

Here, xi is the comment text, yi ∈ {approve, remove} is
the gold label, pθ(y | x) is the model’s predicted probability
of the label given the text, and p̂(y) is the baseline that ig-
nores the input. Intuitively, the first term rewards instances
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Figure 3: Differences in text difficulty (PVI) relative to the
“undisputed human” baseline, with positive values indicat-
ing clearer (easier) text and negative values indicating more
ambiguous (harder) text across quantiles. Shaded areas rep-
resent pointwise 95% bootstrap confidence intervals.

whose text makes the correct label highly probable, and the
second term subtracts what a model could achieve without
seeing the text at all. Higher PVI values indicate easier in-
stances, and negative values indicate hard or misleading in-
stances. We defer methodological details of the finetuning
and cross-validation procedure to Appendix B. We also pro-
vide example comments with their respective PVI values in
Appendix Table 4.

To compare text-based difficulty across case strata (e.g.,
gray-human), we examine how the distribution of PVI varies
by stratum. Let S denote the set of strata and let s⋆ be the
reference stratum (i.e., undisputed-human). For each stratum
s ∈ S and quantile levels T ⊂ (0, 1) we define Qs(τ) a
sample quantile of PVI in stratum s at level τ where τ ∈ T .
Then, for each stratum s, we define the shift function relative
to the reference stratum s⋆ as:

∆s(τ) = Qs(τ) − Qs⋆(τ) (2)

which is expressed in PVI units. Positive values indicate
that, at percentile τ , PVI in s is higher (easier) than in the ref-
erence; negative values indicate lower (harder). We quantify
pointwise uncertainty with a percentile bootstrap at each τ ,
independently resample (with replacement) within stratum s
and within reference, recompute the quantiles and their dif-
ference to form the 95% confidence band. Figure 3 shows
the quantile level on the x-axis against the difference in PVI
at that quantile in y-axis. For example, τ = 0.9 compares
the 90th percentile in stratum s to the 90th percentile in the
reference stratum, which is undisputed-human.

Moderation cases that fall into gray-human and
undisputed-bot are below zero across almost all τ and
have consistently lower PVI relative to undisputed-human.
The gap is largest in the lower tail (τ ≈ 0.05–0.2), shrinks
in the median, then widens again towards the upper tail
(τ ≳ 0.6). Based on the patterns, moderation instances in
these two strata, on the text alone, are harder to predict. On
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Figure 4: Macro-F1 and 95% confidence intervals for differ-
ent models across case strata.

the other hand, in gray-bot, the curve is positive across τ ,
with the largest gap in the lower tail and modest advantages
around the high quantiles. This indicates that cases where
human moderators reverse automoderator actions typically
contain clearer text evidence for the final outcome than
undisputed-human cases.

5.2 LLM Moderation of Gray Area Cases
To assess how well language models align with the final ac-
tions recorded in the ModLog, we evaluate four open-source
models (Llama 8B, Qwen 7B, Llama 70B, Qwen 32B) and
two proprietary models (Gemini Flash and GPT-5 Mini).
Given a subreddit’s name, its description, the set of com-
munity rules, and the comment under review, the model is
asked whether the comment should be approved or removed.
Except where the API lacks controls (e.g., GPT-5 Mini), we
use deterministic decoding (temperature = 0, top p = 1).
We report macro-F1 over the binary labels and 95% boot-
strapped confidence intervals. Full checkpoint details and
additional prompt design, parsing rules, and template-level
analyses are provided in Appendix B.

Per-stratum performance. Echoing our findings on in-
stance difficulty in Section 5.1, the models exhibit two
distinct performance tiers across the strata (Figure 4, Ap-
pendix Table 5). The first tier comprises undisputed-human
and gray-bot, where models achieve their highest macro-
F1 scores. While undisputed-human nominally leads (e.g.,
Llama 70B: 0.61), the gray-bot stratum follows closely, per-
forming nearly on par (e.g., Llama 70B: 0.59). This high per-
formance correlates with the observed positive PVI curves,
suggesting that instances where humans reverse automod-
erator actions often contain clear textual evidence. Con-
versely, the gray-human and undisputed-bot strata form a
lower-performing tier. Scores here are consistently lower
and tightly clustered (e.g., Llama 70B: ≈ 0.51 for both),
reinforcing the observation that these instances are intrinsi-
cally harder to predict based on text alone.

6 Gray Area Unpredictability Factors
To characterize how observable features of a moderation
case—such as text difficulty and moderator experience—
affect the probability that the LLM’s predicted moderation
decision matches the individual moderator’s action, we fit a

Bayesian binomial mixed-effects model. Our analysis cen-
ters on Llama 70B (n = 13, 271) predictions, which is the
best-performing model in our benchmark. We consider only
actions performed by human moderators in the gray-human
and gray-bot strata. The former reflects disagreement among
humans, while the latter captures cases where humans cor-
rected bot actions.

Model specification. Let Yi,j ∈ {0, 1} indicate whether
the model’s prediction matches the specific action taken by
human moderator j for case i. To account for where mod-
eration practices vary by community, we include a random
intercept for the subreddit g[i]. The model is specified as fol-
lows:

logit Pr(Yi,j = 1) = β0 + β1 PVIi
+ β2 experiencei,j

+ β3 actioni,j

+
∑
k

γk topick,i + bg[i] .

(3)

The model estimates the baseline log-odds of alignment (β0)
alongside a subreddit-level random effect (bg) drawn from a
normal distribution N (0, σ2

subreddit). We control for the deci-
sion made by the human moderator using the binary vari-
able actioni,j , which distinguishes between remove (i.e.,
reference category) and approve decisions taken by human
moderators. We standardize continuous predictors—clarity
of the text (PVI) and moderator’s experience—by centering
them and dividing their values by two standard deviations
to make their scales comparable and interpretable. Table 2
summarizes the factors driving alignment between Llama
70B and human moderators by reporting the posterior means
and 95% Credible Intervals (CrIs) of the log-odds coeffi-
cients and, separately, the subreddit-level heterogeneity cap-
tured by the random-intercept SD.

Features that make alignment more (or less) likely.
Textual clarity, measured by the PVI score, is the strongest
positive predictor of alignment (β1 = 0.50). As the text be-
comes clearer and less ambiguous (higher PVI), the likeli-
hood that the model matches the moderator’s decision in-
creases significantly. Moderator experience also exhibits a
positive association with alignment (β2 = 0.12), where we
observe higher agreement for decisions made by more ex-
perienced moderators. In addition, alignment is significantly
higher for removal decisions than for approvals (β3 = 0.16).
Among content topics, subreddit-specific (γ = 0.30) and
general topics (γ = 0.23) show a strong positive effect
with model alignment, potentially because the model lever-
ages the provided community description and rules as con-
text. We also observe a positive effect in the user complaints
topic (γ = 0.16), which is a category defined by users crit-
icizing moderation policies or platform governance. On the
other hand, other topic indicators have their credible inter-
vals overlapping zero and are harder for the model to ad-
judicate in a consistent manner. One of such topics is the
borderline content, which shows no significant alignment ef-
fect, confirming that gray area trolling and subtle behavioral
violations remain a blind spot for language models.
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D.V: alignment Post. Mean 95% CrI

intercept 0.11 [0.08, 0.15]
PVI 0.50 [0.42, 0.57]
experience 0.12 [0.05, 0.19]
action=approve -0.16 [-0.20, -0.12]
topic=subreddit 0.30 [0.22, 0.38]
topic=general 0.23 [0.16, 0.30]
topic=user complaints 0.16 [0.07, 0.25]
topic=mod actions 0.12 [-0.15, 0.38]
topic=borderline/low-effort 0.05 [-0.01, 0.11]
topic=bots -0.03 [-0.21, 0.16]
topic=user initiative 0.07 [-0.22, 0.36]

σsubreddit = 0.28 [0.21, 0.38]

Table 2: Posterior means and 95% credible intervals predict-
ing LLM alignment with human moderator actions. The ref-
erence category for action is remove. Continuous predictors
(difficulty, experience) are standardized. Subreddit random
intercept captures between-subreddit heterogeneity. Bold-
face denotes 95% CrIs that exclude zero.

Between-subreddit heterogeneity. We quantify the vari-
ability in moderation culture across different communities.
The posterior mean of the subreddit standard deviation (SD)
suggests that a typical community shifts the baseline log-
odds by roughly ±0.28. Starting from the baseline intercept
β0 = 0.11, this yields logit−1(0.11 ± 0.28) ∈ [0.46, 0.60],
which indicates that gray area unpredictability is driven as
much by local community norms as it is by the inherent
complexity of the cases themselves. We discuss these im-
plications below.

7 Discussion and Implications
Taken together, our results paint a detailed picture of the
gray area of moderation and its characteristics. Far from be-
ing rare, the gray area affects one in seven moderation cases.
Within it, we see four main types of cases discussed below.

Gray area as contested judgment. Difficult cases put
moderators’ judgment to the test. Such cases often involve
behaviors such as trolling or brigading, where intent is am-
biguous, or carry severe consequences such as doxxing and
suicidal ideation, where interpretations are highly contex-
tual. What counts as contentious also varies across com-
munities, substantiating prior work on cultural differences
in moderation (Chandrasekharan et al. 2018). This sug-
gests that subreddits develop their own moderation practices
and due process, with implications for building transparent
governance tools and for supporting community members
through civic awareness and education.

Gray area as inefficiency. Routine corrections are also
frequent—in fact, more so than difficult calls. Bulk actions,
like reinstating a discussion thread after temporarily remov-
ing its comments, are arguably straightforward decisions
that make up 40% of the moderation log (limited to com-
ment approval and removal actions). Along with these, we
find that automated moderation bots produce 87% of the

gray area, vis-à-vis 44% of total moderation actions. This
is concerning because bots tend to over-moderate, raising
fairness issues when there are too few human moderators
to correct them. In fact, we find that automated moder-
ation actions based on simplistic keywords often require
correction, which are provided inconsistently across com-
munities. More broadly, the volume of routine corrections,
caused in large part by current automation tools available to
moderators, points to functional inefficiencies in the mod-
eration process, a finding which echoes Redditors’—and
specifically, moderators’—demands of improved technical
resources in recent protests against the platform (Schmitz
and Samory 2025). Gray area cases exemplify the misalign-
ment between Reddit’s moderation API, limited to trans-
actional and atomic actions like comment approval and re-
moval, and the need for complex workflows and deliberation
processes that moderators engage in.

Gray area as ambiguity. How to support moderators in
such cases remains an open question. We add to recent work
that shows the limits of LLMs as a primary avenue for auto-
mated moderation (Zhan et al. 2024), and demonstrate that
LLM performance is lackluster on gray area cases, which
are akin to adversarial examples by construction. In particu-
lar, we find that cases that require deliberation among human
moderators are harder to adjudicate through LLMs. We cor-
roborate these findings through information-theoretic mea-
sures, which prove the intrinsic difficulty of such cases and,
therefore, suggest that improvements in model capabilities
may remain insufficient. Instead, sociotechnical designs that
route ambiguous cases to multiple moderators (Koshy et al.
2025), or to more experienced moderators as seen in current
practice, may be more promising.

Gray area as participatory governance. Our results sug-
gest that moderator expertise plays a key role in tackling
gray area cases and determining the final label for a com-
ment. In this sense, contested cases could be read as a site
of power exertion, but also as one of norm-setting, help-
ing onboard less experienced moderators, identifying prece-
dents, and converging on enforcement standards in modera-
tion teams. Literature provides qualitative accounts of these
practices (Gilbert 2020; Stockinger, Schäfer, and Lecheler
2025), which we complement with large-scale empirical
findings. Yet, we find that the gray area cases involve several
stakeholders in the governance process beyond the modera-
tion team—not least, the authors of the moderated content,
who may appeal moderator decisions, as well as the user
community at large, contesting policies and taking an ac-
tive part in norm enforcement. In this light, gray area cases
offer an opportunity for participatory governance, embody-
ing the social conflict that underpins all progress. Making
the work of handling contested cases visible and transparent
can improve online governance and open it to participation.
Supporting such participation is likely to strengthen percep-
tions of fairness and community health (Atreja et al. 2024;
Vaccaro et al. 2021; Jhaver et al. 2019a; Weld et al. 2025).

Limitations Our bot identification and account-state rule
exclusion rely on heuristics and may leave residual cases.
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Tenure estimates for moderators are based on public join-
date traces, and rows with implausible post-action times-
tamps were excluded. Moderator logs also provide only a
partial view of moderation work. As Li, Hecht, and Chan-
cellor note, much of this labor is “invisible,” including ac-
tivities like responding to user messages, coordinating deci-
sions, and debating policies in private channels. Prior quali-
tative work highlights the centrality of these tasks but also
the difficulty of accessing them. Our analysis, limited to
public logs, cannot capture these practices and therefore un-
derrepresents the full scope of moderation. Finally, our data
comes from communities that opted into public moderation
logging. While this follows a more ethical research practice,
it may reflect different transparency norms than other Reddit
communities.

Ethics Statement The gray area of moderation is inher-
ently contested, and we therefore make explicit the ethical
considerations shaping this research. We follow established
guidance for research using online data (Fiesler and Pro-
feres 2018; Proferes et al. 2021; Bruckman 2002). Our anal-
ysis involves content flagged as problematic, including hate
speech, harassment, and personal attacks. Moderation data
may contain offensive or sensitive material, and commu-
nities may legitimately disagree on appropriate standards.
Some content, such as doxxing, carries serious risks if pub-
lished or re-identified, including harm to victims, retaliation
against moderators, or persecution of offenders. To reduce
these risks, we report only anonymized or aggregate results
and do not redistribute raw data or usernames, accepting the
limits this places on replicability. We concur with prior ethi-
cal statements about users’ expectations of privacy and lon-
gitudinal ModLog collection (Samory 2021).

8 Conclusions
This work provides an empirical characterization of the gray
area in content moderation by examining contested cases in
which at least two distinct moderators have expressed con-
trary judgments. We quantify the pervasiveness of disputed
cases at one-in-seven decisions. Our findings provide a topi-
cal analysis of difficult-to-moderate cases, involving behav-
iors where user intent remains ambiguous, such as trolling
and brigading. We also identify routine corrections, expos-
ing significant inefficiencies in the current moderation in-
frastructure. Using Pointwise V-Information, we establish
that gray area cases are inherently harder to adjudicate than
undisputed ones, with state-of-the-art large language mod-
els achieving substantially lower performance on disputed
cases, while moderator experience emerges as central to ef-
fective resolution. These findings suggest prioritizing the
support for deliberative processes among human modera-
tors rather than pursuing automated resolution of contested
cases—an approach our results indicate is fundamentally
limited.
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1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures?
Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made?
Yes

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions?
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(e) Did you describe the limitations of your work?
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(f) Did you discuss any potential negative societal im-
pacts of your work?
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(g) Did you discuss any potential misuse of your work?
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tential negative outcomes of the research, such as data
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sponsible release, access control, and the reproducibil-
ity of findings?
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(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them?
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(a) Did you clearly state the assumptions underlying all
theoretical results?
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the-gray-area. The data will not be released due to eth-
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hyperparameters, how they were chosen)?
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(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
2021)?
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(a) Did you include the full text of instructions given to
participants and screenshots? NA
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Figure 5: Distribution of moderators’ join dates in subred-
dits, used with action timestamps to calculate moderator ex-
perience (in days).
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cal line marks the ChatGPT release on 2022-11-30 (cutoff).
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Figure 8: Sentence-embedding visualization of comments in gray-area before and after subreddit-debiasing. Each point is a
comment, colored by its source subreddit. Left: original embeddings form tight, subreddit-specific clusters. Right: after training
an adversarial network to remove subreddit identity, colors are mixed and community structure is minimized. We use these
debiased representations with BERTTopic to surface cross-cutting issues that span subreddits.

A Debiasing Gray Area Content from
Subreddit-Specific Topics

We summarize the themes of gray area cases through BERT-
Topics, a technique that exploits the informativeness of con-
textualized document embeddings to identify similar clus-
ters. However, since ModLogs pertain to various subred-
dits, the first-order differences between these communica-
tions are the topic and sociolect of the subreddits. To identify
cross-cutting themes, we propose a novel method for gen-
erating a semantically meaningful, yet subreddit-agnostic,
vector space. Our approach is designed to produce a low-
dimensional embedding of comments that clusters by the
core topic, rather than by the subreddit of origin. This
methodology is particularly suited for analyzing gray area
cases, where disputes manifest in the broader context of sub-
reddit discourses.

A.1 Model Architecture
Our architecture consists of two interconnected neural net-
works trained in a competitive, adversarial framework. The
first, a Debiasing Head (D), is a multi-layer perceptron
(MLP) with a linear-ReLU-linear structure, mapping the
high-dimensional initial embeddings (x ∈ R768), computed
using ConversationalBERT, to a lower-dimensional,
debiased representation (z ∈ R128). The second is a Sub-
reddit Classifier (C), also an MLP, which takes the debi-
ased embeddings as input and predicts the original subreddit
label. This classifier serves as the adversary in our training
regime.

A.2 Training Regime
The training process is an iterative optimization of both net-
works, with a loss function composed of four distinct com-
ponents. Our goal is to train D to minimize a composite loss
while simultaneously maximizing the adversarial loss of C.
1. Topic Consistency Loss (Ltopic): We first pre-cluster

a subset of gray area documents using HDBSCAN on
their initial embeddings to derive pseudo-topics. For a
given mini-batch, this loss, formulated as a gray area
InfoNCE objective, pulls the debiased embeddings of
comments from the same pseudo-topic together while

Figure 9: Undisputed (blue) and Gray (red) proportion of
ModLog across different subreddit categories.

pushing them away from all other samples in the batch.
This ensures that topic-level information is preserved
during the debiasing process.

2. Gray Area Separation Loss (Lgray): This is a margin-
based contrastive loss that minimizes the cosine simi-
larity between the debiased embeddings of gray area and
undisputed comments. It serves to create distinct, well-
separated regions in the latent space for these two classes
of documents, facilitating subsequent analysis.

3. Subreddit Debiasing Loss (Lsubreddit): To remove
subreddit-specific signals, we enforce an additional mar-
gin loss. This objective minimizes the cosine similarity
between gray area comments from the same subreddit
but belonging to different pseudo-topics. It forces the
model to ignore subreddit-level linguistic conventions
when they do not correspond to the core topic.
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4. Adversarial Loss (Ladv): This is the central mecha-
nism for disentanglement. The Subreddit Classifier (C) is
trained to accurately predict a comment’s subreddit from
the debiased embedding z. Simultaneously, the Debias-
ing Head (D) is trained to maximize this loss, effectively
learning to produce a representation that is unclassifiable
by C. The loss for the Debiasing Head is thus the nega-
tive of the classifier’s cross-entropy loss.

The total objective function for the Debiasing Head (D) is
a weighted sum of these components, optimized using the
Adam optimizer:

LD = Ltopic + αLgray + βLsubreddit + λLadv (4)

A.3 Evaluation
We evaluate the efficacy of our debiasing approach by com-
paring the classification accuracy of two models: one trained
to predict subreddits from the original embeddings (base-
line) and another from the debiased embeddings. We ob-
serve a substantial decrease in accuracy from the base-
line (from 0.36 to 0.11) towards random chance (0.04 =
1
24 ), which demonstrates the model’s success in removing
subreddit-specific information from the vector space.

This quantitative reduction in subreddit separability is
qualitatively confirmed in Figure 8. As shown in the visual-
ization, the original embeddings (Left) form tight, subreddit-
specific clusters, whereas after adversarial training (Right),
the community structure is dissolved. The resulting colors
are mixed, indicating that the debiased vector space is orga-
nized by semantic topic rather than the source subreddit.

B Difficulty of ModLog Dataset
We study dataset “difficulty” from two complementary an-
gles. First, we estimate instance-level text difficulty using
pointwise V-Information (PVI), which quantifies how infor-
mative a comment is for predicting the gold action. Second,
we describe how we run and score LLM inferences across
models and prompt templates to assess decision robustness.

B.1 Estimating Text Difficulty
PVI (defined in the main text) measures, for each comment,
how much the input reduces label uncertainty compared to
a label-only baseline. Higher values indicate “easier” in-
stances for the model family; negative values indicate hard
or misleading ones.

Finetuning procedure. To estimate pθ(y | x) for PVI, we
fine-tune a RoBERTa-large classifier with 5-fold strati-
fied cross-validation, where in each fold, the model trains
on 80% and predicts on the held-out 20%. We use 3 epochs,
AdamW (learning rate 2×10−5, weight decay 0.01, warmup
ratio 0.06), batch size 32, gradient clipping at 1.0, FP16, and
the default RoBERTa tokenizer with dynamic padding. For
each instance i, log2 pθ(yi | xi) comes from the fold that
did not train on i; the baseline log2 p̂(yi) is the empirical
label prior computed on that fold’s training split. Example
comments with their PVI values by stratum are provided in
Appendix Table 4.

Short name Checkpoint / Version

Llama 8B meta-llama/Llama-3.1-8B-Instruct
Qwen 7B Qwen/Qwen2.5-7B-Instruct
Llama 70B meta-llama/Llama-3.3-70B-Instruct
Qwen 32B Qwen/Qwen3-32B
Gemini Flash gemini-1.5-flash-002
GPT5 Mini gpt-5-mini-2025-08-07

Table 3: Model checkpoints and their short names used
throughout the paper.

B.2 LLM Inference
We run LLMs to predict approve/remove from a subred-
dit’s name, description, rules, and the comment under re-
view. Open-source models are executed on the Aktus AI
NVIDIA GPU clusters; proprietary models are queried via
vendor APIs. We evaluate four open-source models (Llama
8B, Qwen 7B, Llama 70B, Qwen 32B) and two proprietary
models (Gemini Flash and GPT-5 Mini). We use the check-
points listed in Table 3. We design eleven prompt templates
(see Tables 6 and 7) spanning: binary-answer formats, open-
ended justifications, structured JSON outputs, gently action-
biased variants, and role-specific instructions (e.g., “expe-
rienced moderator” vs. “generic annotator”). We apply a
lightweight post-processor to recover a binary decision, and
when remove is chosen, the violated rule index. Outputs that
simultaneously indicate both actions (approve, remove) are
marked conflicting; responses from which no decision can
be reliably extracted are unknown. We use coverage to de-
note the fraction of responses that yield a valid, unambigu-
ous action label.

Prompt variants. Across 11 prompt variants tested on
open-source models, JSON-output templates achieve the
highest coverage (See Figure 10) and in 3 out of 4 mod-
els, the highest macro-F1 across models (See Figure 11). We
also noticed that the prompt sensitivity decreases with mod-
els scale. For example, the standard deviation of macro-F1
across prompts drops from ≈ 0.073 in Qwen 7B to ≈ 0.032
in Qwen 32B. Based on these results and to contain API
costs, we use the json2 template when querying the pro-
prietary model APIs.
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Figure 10: Coverage across prompt templates, measured as
the share of generated responses that could be parsed into
final actions.
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Stratum Content PVI Final Action

Gray Human Fuck your pedo sympathizing crap. Go ahead and ban me so i never have to look at this faggotry
again

0.906 remove

A while back, I attempted to find the depositions related to Avery’s 1985 wrongful conviction and
the lawsuit that followed. I was informed that, contrary to what had been advertised, access to the
depositions was limited to donors, and that every donor was completely satisfied with how everything
was handled. I was also told to...

0.856 approve

I was skeptical at first, but in the end, it turned out to be a worthwhile experiment. -2.887 remove

Glad to see things are climbing back up! Been buying during my downtime at work. -2.412 remove

Gray Bot Yeah, give it a shot. I think it’s great, but like anything, you should experience it yourself and make
up your own mind. That line comes from a backstage feature, which is more playful and lets the
characters speak more freely about their thoughts. It’s not really meant to match the main story’s
tone, which is dark and pretty bleak, and the script reflects that. Also, if you’re playing on PS4...

0.945 approve

It’s definitely not too late, but I’d only recommend it if you’ve got friends who play chess in real life. If
there’s a local chess club or Meetup nearby, check it out and see if it clicks for you. Trying to learn
chess purely online is tough and honestly, not that fun. In the U.S., most players tend to be kids/young
guys...

0.938 approve

THE SPIRIT OF A PATRIOT STILL LINGERS OVER OUR ENEMIES: John Mitch was his name, and
he was slain by a bitch, a whore, and a witch. May she face trial, hang for it, and rot forgotten in a
ditch #jesuslovesu

-2.744 approve

Damn, I love lichess and chess.com, just about as much as chess24 and whatever competitor you
want to throw in. Mods can go to hell.

-2.333 remove

Table 4: Sample of cases categorized as Gray Human or Gray Bot, with corresponding PVI scores and final actions.

Model Undisputed Human Undisputed Bot Gray Human Gray Bot

F1 95% CI F1 95% CI F1 95% CI F1 95% CI

GPT5 Mini 0.59 [0.59, 0.60] 0.39 [0.37, 0.41] 0.42 [0.40, 0.43] 0.56 [0.55, 0.57]
Gemini Flash 0.60 [0.59, 0.61] 0.47 [0.45, 0.49] 0.46 [0.44, 0.47] 0.60 [0.59, 0.61]
Llama 70B 0.61 [0.60, 0.62] 0.51 [0.49, 0.53] 0.51 [0.49, 0.52] 0.59 [0.58, 0.60]
Llama 8B 0.60 [0.59, 0.61] 0.38 [0.36, 0.40] 0.39 [0.38, 0.41] 0.56 [0.55, 0.58]
Qwen 32B 0.58 [0.56, 0.59] 0.51 [0.49, 0.53] 0.52 [0.50, 0.53] 0.56 [0.55, 0.57]
Qwen 7B 0.60 [0.59, 0.61] 0.47 [0.45, 0.49] 0.46 [0.45, 0.47] 0.57 [0.56, 0.58]

Table 5: Macro-F1 and 95% confidence intervals for different models across case strata.
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Figure 11: Heatmap of macro F1 scores comparing model responses to final moderation labels across prompt variations. JSON
template prompts achieve the highest performance in three out of four language models and show the best performance consis-
tency across models.
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Label Template

bin1 You are a moderator for r/subreddit name. Consider the subreddit rules and the comment below.
context
Comment: comment
Output exactly one word on the first line: approve or remove.

bin2 Moderate this r/subreddit name comment strictly by the rules.
context
Comment: comment
Respond with one word only (first line): approve or remove.

json1 You are a senior Reddit moderator. Below, you will see the subreddit context followed by ONE user comment.
context
Comment: comment
Your task is to determine whether this comment should be removed or approved, according to the rules
above.
Your answer should be a JSON object with the following structure:
{{
“action”: “approve” or “remove”,
“reason”: <no violation>or <rule number>
}}
If the comment violates a rule, replace <rule number>with the violated rule number. If no rule is violated,
use <no violation>.
Output only the JSON object without any additional text.

json2 You moderate r/subreddit name. Below is the subreddit context and a user comment.
context
Comment: comment
Determine if this comment should be approved or removed based on the rules above.
Output a JSON object with the structure:
{{
“action”: “approve” or “remove”,
“reason”: <no violation>or <rule number>
}}
Replace <rule number>with the violated rule number if applicable, or use <no violation>. If no rule is
violated. Do not include any additional text.

open1 You are a moderator for r/subreddit name. Read the subreddit description, rules and the target comment
in question.
context
Comment: comment
Based on the rules, provide an explanation of whether the comment should be approved or removed. Include
the specific rule(s) violated if applicable.

open2 Act as a moderator for r/subreddit name. Review the subreddit context and the comment below.
context
Comment: comment
Explain whether the comment should be approved or removed, citing specific rules if applicable. Start with
“Approved” or “Removed”, followed by your reasoning.

Table 6: Prompt Templates Part 1
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Label Template

rm bias You are a Reddit moderator assigned to enforce subreddit rules rigorously. Below is the context and one
comment.
context
Comment: comment
Your task is to assess if the comment violates any rule. If it does, it must be removed.
Respond in one of the following formats only:
- “approve” (if no rule is violated)
- “remove - rule X” (if a specific rule is violated)
No extra commentary or formatting. Be precise.

app bias1 You are a senior Reddit moderator. Below, you’ll see the subreddit context followed by a single user comment.
context
Comment: comment
Your task is to decide whether this comment should be approved or removed, based on the rules provided
above.
Respond only with:
- “approve” if the comment does not clearly violate any rules
- “remove - rule X” if a specific rule is clearly violated (replace X with the rule number)
If no rule is violated, use <no violation>. Do not include any explanations or extra text.

app bias2 You are a seasoned Reddit moderator. You will be given subreddit description, rules and one user comment.
context
Comment: comment
Your job is to judge whether this comment deserves to be kept or removed based solely on the rules.
Reply strictly with either:
- approve
- remove - rule X (if a rule is clearly broken).
Do not explain your reasoning. Be forgiving unless a rule is clearly violated.

ann open You are an annotator for a labeling project. Use the subreddit rules to evaluate a single comment.
context
Comment: comment
Write an annotation explaining whether the correct label is approve or remove. Start with “Approved” or
“Removed”. If removed, cite the specific rule number(s) (e.g., “rule 3”) and briefly justify your decision.

ann json You are labeling a dataset for r/subreddit name. Review the subreddit rules and the comment, then assign
the appropriate label.
context
Comment: comment
Return a JSON object with exactly this structure:
{{
“action”: “approve” or “remove”,
“reason”: <no violation>or <rule number>
}}
If a rule is violated, set “reason” to the violated rule number; otherwise use <no violation>. Output only the
JSON object with no additional text.

Table 7: Prompt Templates Part 2
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