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Abstract

Large language models (LLMs) are increas-
ingly used in computational social science, both
to analyze human-generated web content and
to act as human surrogates capable of answer-
ing substantive research questions. As these
uses expand, a critical methodological question
arises: how stable and reliable are the answers
LLMs produce? We examine this question
through the lens of stance mining on gun con-
trol and gun rights, a mature and widely used
NLP task applied to one of the most extensively
studied and polarized political issues in the
United States. Using a multi-platform dataset
spanning diverse online communities, we evalu-
ate the stability of LLM-predicted stance across
model families, prompt designs, and conversa-
tional contexts. Despite strong expectations
of robustness in this setting, we observe sub-
stantial variability in predicted stance across
LLMs and prompts. To contextualize these
findings, we compare model-induced variabil-
ity with human variability by analyzing annota-
tions from raters with differing political affilia-
tions. We find that political priors and annota-
tor disagreement persist even in this ostensibly
straightforward classification task. As a useful
resource, we release a stance dataset annotated
by raters with diverse political affiliations. Our
results show that outcomes in stance mining de-
pend jointly on which LLM is used and which
humans provide the inputs, underscoring dual
sources of variability that have important impli-
cations for using LLMs as research instruments
in computational social science.

1 Introduction

Large language models (LLMs) are rapidly trans-
forming the methodological landscape of compu-
tational social science (Ziems et al., 2024) (CSS).
While early work focused on automating analyses
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of human-generated web content, recent efforts in-
creasingly treat LLMs themselves as human surro-
gates, capable of answering sophisticated research
questions or simulating diverse sociopolitical per-
spectives (Argyle et al., 2023; Horton, 2023; Aher
et al., 2023). As these capabilities expand, a cen-
tral question becomes unavoidable: How stable
or reliable are the answers LLMs provide? The
promise of scalable, low-cost inference hinges on
the assumption that model outputs are consistent
across platforms, prompts, and model families. Yet
emerging evidence suggests that LLM predictions
can vary substantially (Baumann et al., 2025), rais-
ing concerns about their suitability for empirical
research, policy analysis, and theory building.

To investigate this issue, we consider a setting
where we might reasonably expect stability: stance
mining on gun control and gun rights. Stance min-
ing is among the most widely used NLP tasks (Mo-
hammad et al., 2016) in computational social sci-
ence, supporting research on political polarization,
public opinion, civic discourse, misinformation,
and agenda-setting (Darwish, 2019; Dutta et al.,
2022; Conover et al., 2011; Darwish et al., 2020;
Burnham, 2025). Because the task requires mod-
els to infer latent positions embedded in natural
language—often marked by ambiguity, culturally
contingent cues, or subtle framing—it provides a
rigorous test of how well machine outputs align
with human interpretations. Its methodological ma-
turity and well-established evaluation conventions
make stance mining an ideal lens for studying vari-
ability in LLM behavior.

Within this task, we focus on gun control and
gun rights, one of the most enduring and norma-
tively charged political debates in the United States.
The issue is sharply polarized (Weerasooriya et al.,
2023a), empirically rich, and extensively stud-
ied (Gyawali et al., 2024), providing a strong foun-
dation for evaluating whether LLMs capture sta-
ble indicators of political position or whether their
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predictions drift with changes in prompt structure,
model architecture, or conversational context. Prior
computational social science research has used this
domain to investigate affective polarization, iden-
tity signaling, framing, moral reasoning, and cross-
platform opinion dynamics, offering a robust inter-
pretive scaffold for our analysis.

Using a multi-platform dataset that spans diverse
online communities, we assess variability in LLM-
predicted stance on gun rights and control. Con-
trary to expectations for a well-understood task
and a richly characterized issue domain, we ob-
serve considerable variability across models and
prompts. To contextualize these findings, we con-
trast model variability with human variability—an
equally important, but often under-examined, com-
ponent of modern computational pipelines. Here,
too, we find systematic differences: political lean-
ings, interpretive priors, and annotator disagree-
ment persist even in this ostensibly straightforward
classification task.

Taken together, these patterns underscore a
broader challenge for CSS: even in a canonical,
highly studied NLP task, the outcome depends both
on which LLM is used and on which humans pro-
vide the inputs. Our analysis shows that human-
machine variability is not merely noise but a struc-
tural feature of how modern Al systems interact
with human judgment. Understanding this dual
source of variability is essential for any rigorous
use of LLMs as research instruments or as proxies
for human reasoning in sociotechnical studies.
Contributions: We make four contributions. (1)
We empirically evaluate the stability of LLM-
predicted stance in the context of gun control
and gun rights, revealing substantial sensitivity to
model choice and prompt design even for a ma-
ture NLP task. (2) We explicitly compare LLM-
induced variability with human annotator variabil-
ity, showing that disagreement and political pri-
ors persist alongside model-driven variation. (3)
Through a multi-platform analysis, we demon-
strate that observed opinion dynamics reflect the
interaction of human and machine variability, rais-
ing methodological considerations for deploying
LLMs in CSS. (4) Finally, our work advocates
political representation and inclusion as we re-
lease a publicly available stance dataset comprising
1,560 instances!. with balanced political repre-

'Dataset can be found here: https://
github.com/Social-Insights-Lab/gun_rights_
Human-Inputs-Model-Outputs

sentation, each annotated by three raters—one Re-
publican, one Democrat, and one Independent—to
support future research on stance, disagreement,
and model-human comparisons.

2 Related Work

Our work contributes to a growing literature on
rater subjectivity in NLP annotation (Prelec, 2004;
Pavlick and Kwiatkowski, 2019; Dumitrache et al.,
2018; Poesio et al., 2019; Liu et al., 2019b; Weera-
sooriya et al., 2020; Basile, 2020; Weerasooriya
et al., 2023b; Sap et al., 2022; Weerasooriya et al.,
2023a; Pofcher et al., 2025). Prior studies have
examined how political orientation influences an-
notation outcomes in a range of contexts, including
offensive speech detection (Sap et al., 2022; Weera-
sooriya et al., 2023a), identification of supportive
content for the LGBTQ+ community (Pofcher et al.,
2025), and stance mining related to policing in the
United States (Crowl et al., 2025). While annotator
subjectivity (Sap et al., 2022; Weerasooriya et al.,
2023a) and uneven model representation of politi-
cal views (Santurkar et al., 2023) have each been
documented before, our contribution is to show that
these two sources interact and together shape the
substantive conclusion.

Crowl et al., 2025 report that their substantive
findings are robust to annotator political affiliation,
observing similar conclusions when models are
trained exclusively on annotations provided by Re-
publicans, Democrats, or Independents. We in-
stead observe that substantive outcomes can vary
as a function of rater political identity, along-
side other experimental design choices such as
model selection and prompting strategy. Simi-
larly, while prompt sensitivity in CSS is well docu-
mented (Atreja et al., 2024), our study shows how
this sensitivity affects the substantive conclusion,
the stance ratio, in a mature and well-studied task.
Together, these differences position our work as
complementary to existing studies, while empha-
sizing the need to account for rater heterogeneity
when drawing substantive conclusions from politi-
cally sensitive annotation tasks.

Computational analyses of gun-related discourse
on the social web constitute a substantial body of
prior work, spanning a range of platforms includ-
ing Twitter (Gyawali et al., 2024; Benton et al.,
2016; Zhang et al., 2019; Demszky et al., 2019)
and Reddit (Magu et al., 2024). We draw on this
literature to construct a lexicon of commonly used
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keywords (e.g., gun, shoot, kill, victim, shooter,
firearm, Second Amendment, and NRA) to identify
and filter relevant content (Demszky et al., 2019;
Benton et al., 2016; Liu et al., 2019a; Zhang et al.,
2019). While much of this prior work focuses on
answering substantive sociopolitical questions, for
example, examining how a shooter’s race shapes
online discourse following mass shootings (Dem-
szky et al., 2019), our study shifts attention to a
complementary concern: how human annotator
characteristics and LLLM design choices jointly in-
fluence the substantive conclusions drawn from
such analyses.

Our work is also situated within the extensive
literature on stance mining (Kiiciik and Can, 2020;
Alturayeif et al., 2023; Zhang et al., 2024), which
has explored framing stance detection as natu-
ral language inference (Dutta et al., 2022), ex-
amined how annotation context shapes label qual-
ity (Joseph et al., 2017), and introduced domain-
specific resources focused on gun control and gun
rights discourse (Gyawali et al., 2024). We build
on the task formulation of Gyawali et al., 2024, an-
alyzing multiple social web platforms and explic-
itly incorporating annotators’ political affiliations,
allowing us to examine how political heterogene-
ity interacts with stance labeling and downstream
model behavior.

As LLMs are increasingly adopted as “in sil-
ico” annotators, critical concerns regarding their
reliability have emerged. Baumann et al., 2025
quantified the risks of “LLM Hacking,” where arbi-
trary choices in model selection or prompting lead
to incorrect scientific conclusions. Further compli-
cating reliability is the tension between a model’s
parametric knowledge and user instructions; Mo-
hammadi et al., 2025 found that LLMs’ integration
of explicit definitions is inconsistent, with models
defaulting to internal representations particularly
on general tasks. Our work adds to this important
conversation.

3 Data

3.1 Reddit Data Collection

We collect data from 49 subreddits likely to
contain considerable gun control/rights discourse.
These included 42 gun-specific communities (e.g.,
r/guncontrol, r/progun) and 7 general political
forums (e.g., r/politics, r/news) filtered for gun-
related keywords. In addition to these subred-
dits, we include event-related data on mass shoot-

ings from various subreddits, such as Sandy Hook
Massacre, Parkland Shooting, Robb Shooting, Las
Vegas Shooting, Vegas Shooting Research, High-
land Park Shooting, and Uvalde Texas Shooting.
Since the debate surrounding gun control/rights of-
ten show sharp differences along party lines, we
also include relevant posts from political subred-
dits such as r/liberal, r/conservative, r/politics, and
r/republican. To ensure gun-specific discourse, we
consider posts that contain specific keywords re-
lated to gun control, gun rights, and mass shootings.
Finally, to capture the full context of the discussion,
we extracted data hierarchically: obtaining the orig-
inal submission (Post), top-level comments, and
nested replies. The raw Reddit dataset comprised
1,273,515 data points, consisting of 39,831 posts,
718,500 comments, and 515,184 replies.

3.2 Link Extraction and YouTube Retrieval

From the Reddit corpus, we parsed 47,180 hyper-
links to identify external media sources. YouTube
was the second most frequent domain shared
(4,897 links), following internal Reddit links of
5,130 links. Using the Google API, we resolved
these links to retrieve metadata (title, descrip-
tion, tags) for 3,879 unique videos. As not all
linked videos remained relevant to the specific topic
of gun violence (e.g., gaming videos or general
news), we applied a relevance filter. We employed
gpt-40-mini to classify video metadata as either
"Relevant" or "Irrelevant” to the gun debate. This
process yielded a curated set of 1,108 unique videos
containing 2,874,955 comments (collected through
publicly available YouTube API). For the experi-
ments detailed in this paper, we utilized a stratified
random sample of 10,054 YouTube comments from
this filtered dataset ensuring nearly equal represen-
tation of videos.

3.3 Linked corpora Dgeqgir and Dy, 1upe

Our described steps yield two linked corpora:
Drgedair consisting of 1,116 Reddit posts where a
YouTube link relevant to gun-related discourse is
shared; and Dy,,1upe @ sample of 10,054 comments
from these shared YouTube videos. We obtain
Dreadir through backtracking the relevant YouTube
videos to their originating points on Reddit, iden-
tifying the exact posts, comments, or replies that
contained the external YouTube links. This pro-
cess yielded 602 unique source records. To capture
the immediate conversational context surrounding
these links, we expanded the dataset: for top-level

33631



posts, we included their respective sub-comments
and replies; for comments, we included their nested
sub-replies, resulting in a total corpus of 1,116 Red-
dit items.

4 Design Considerations

Stance classification taxonomy. We adopt the
following stance classification taxonomy, adapted
from prior work on gun control and gun rights
discourse (Gyawali et al., 2024) and stance mining
frameworks for other sociopolitical issues (Pofcher
et al., 2025).

¢ Gun Control (GC): The text advocates for
stricter regulations, legislation, or oversight of
firearms, or expresses criticism of gun culture.

* Gun Rights (GR): The text advocates for the
right to own firearms, often citing self-defense,
the Second Amendment, or opposition to gov-
ernment overreach.

* Neither: The text is on-topic regarding guns
but expresses a neutral stance, asks a factual
question, or discusses a specific incident with-
out advocating for policy change.

e Irrelevant: The text is off-topic, spam, or
noise (e.g., unrelated personal attacks).

Open weight models. We consider three
well-known open models across both platforms:
Mistral (Mistral-7B-v0.3) ?; L1ama (Meta-Llama-
3-8B) 3; and GPT-0SS (gpt-oss-20b) (OpenAl,
2025). To check whether our findings hold at larger
scale, we additionally evaluate two larger mem-
bers of the Mistral and Llama families on Red-
dit, Mistral-Medium (Mistral-Medium-3.5) 4; and
Llama-70B (Llama-3.1-70B) °; these results are
reported in Appendix E
Zero-shot classification prompts. We evaluate
three prompt settings that vary in the amount and
specificity of task guidance provided to the model.
1. Vanilla (Zero-Shot): The model is asked to
classify the comment based on the label names
alone, relying on its internal pre-trained repre-
sentations.
2. Definition 1 (Standard): The prompt in-
cludes detailed definitions for the categories.

2https://huggingface.co/mistralai/
Mistral-7B-v@.3

3https://huggingface.co/meta-1lama/
Meta-Llama-3-8B

*https://huggingface.co/mistralai/
Mistral-Medium-3.5-128B

5https://huggingface.co/meta—llama/Llama—3.
1-70B

3. Definition 2 (Refined): A stricter variant
explicitly designed to disambiguate between
"Neither" (on-topic neutral) and "Irrelevant”
(off-topic).

Recent literature has investigated the receptivity

of LLMs to external label definitions (Mohammadi
et al., 2025). We consider two nuanced variants
(def; and def,) beyond the vanilla prompt. In sim-
ple words, def| lets the model read between the
lines by paying attention to tone and implied mean-
ing, so it can catch subtle or indirect opinions about
guns. Def, is more strict and literal, only labeling
a stance when it is clearly stated, which makes
the results more consistent and easier to reproduce.
Appendix B contains prompt details.
Substantive measure. Datasets and resources re-
lated to gun control and gun rights support a wide
range of substantive research questions. We focus
on a simple, interpretable measure that captures the
relative presence of these two viewpoints within
a given slice of data. For a dataset D, let Ng¢
and Ngg denote the number of instances express-
ing gun control (GC) and gun rights (GR) stances,
respectively. We quantify relative prevalence us-
ing the ratio NT(G,E Values greater than one indicate
a higher prevalence of gun-control-oriented con-
tent, whereas values less than one indicate a higher
prevalence of gun-rights—oriented content. Statisti-
cal methods such as design-based supervised learn-
ing (Egami et al., 2023) and prediction-powered in-
ference (Angelopoulos et al., 2023) estimate such
a quantity from imperfect machine labels by com-
bining them with a smaller set of human labels to
correct the bias. In our setting the human labels
themselves vary with annotator political identity, so
rather than reducing this to one estimate, we exam-
ine how the ratio changes across models, prompts,
and annotator groups.

5 Noise Audit of Zero-shot Classifiers

On both Reddit and YouTube we use three mod-
els, each with three prompting strategies, giving
nine (model, prompt) configurations per platform.
For each model configuration, we ran inference
on Dy,umbe and Dgeqair. In the absence of estab-
lished ground truth, behavioral economics litera-
ture suggests noise audit as a viable path to study
outcome variability of multiple competent decision
systems (Kahneman et al., 2021). In the NLP liter-
ature, the concept of noise audit has been extended
in the contexts of offensive language (Weerasooriya
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Figure 1: Agreement between (M, prompt) pairs. A cell (i, j) presents the Cohen’s x agreement between M,
and M where M, and M are defined by an LLM and a prompt. Majority takes the majority vote of the nine

individual (M, prompt) choices we considered.
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Figure 2: Stance ratio (Gun Control / Gun Rights)
produced by different (model, prompt) configurations
across Reddit and YouTube. Ratios above the hori-
zontal dashed line (> 1) indicate a greater prevalence
of gun control-favoring discourse, while ratios below
the line (< 1) indicate a greater prevalence of gun
rights—favoring discourse. 95% confidence intervals
are estimated via bootstrap sampling.

et al., 2023a) and commonsense reasoning (Ke-
jriwal et al., 2024). We first conduct a noise au-
dit of these configurations to investigate outcome
variability. In addition, we also consider a Major-
ity model which assigns the most prevalent label
across all configurations on a given platform. For
every comment, we calculated a Majority based on
a majority vote across these configurations:

N

ChMajoriry = argmax - Z I(M;(x)=¢) (1)
i=1

where ¢ € {GC,GR, Neither, ITrelevant} and
N =9 is the number of configurations per platform.

Figure 1 summarizes our noise audit findings.
Each cell (i, j) represents Cohen’s x agreement
between model configurations M; and M, on
the dataset D. We highlight three key observa-
tions. First, holding the model fixed, variabil-
ity across prompting strategies is comparatively
lower. However, despite gun control and gun rights
being well-established concepts, vanilla prompt-
ing exhibits substantially lower agreement with
prompts that include nuanced definitions. Sec-
ond, for a fixed model, prompts that incorporate
explicit and refined definitions yield relatively con-
sistent inference behavior. Taken together, as the
technical barriers to deploying LLMs continue to
fall, our findings suggest that the absence of pre-
cise prompt definitions—even for ostensibly famil-
iar concepts—can lead to unreliable and unstable
model inferences. Finally, we also notice that the
aforementioned findings are qualitatively consis-
tent across Reddit and YouTube, the platforms we
investigate. We also investigated how different fac-
tors (e.g., context length) affect model agreement.
Our secondary findings indicate that disagreements
are often a function of text length—both models
and humans tend to disagree less on longer com-
ments where more context is available. Figures 7
and 8 in the Appendix illustrates this cumulative
agreement trend.

The noise audit reveals considerable outcome
variability depending on model configurations
when we consider inference at the instance level.
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However, it could be the case that substantive find-
ings may remain robust and stable across model
configurations. We now turn our focus to the stance
ratio measure j\\/ﬁ At a macro level, Figure 2
presents the ratio of gun control posts over gun
rights posts (a number greater than one indicates
gun control posts outnumbers gun rights posts). We
notice that certain model and prompt combination
will support a substantive finding that gun control
posts were outnumbered by gun rights posts and
certain confirmations will support exactly the oppo-
site. Our results corroborate the key finding of Bau-
mann et al., 2025 that we must adopt caution when
using LLLMs for annotation. Furthermore, zero-
shot prompting can also create scenarios in which
the LLM—prompt configuration yields observations
that mirror the researcher’s anticipated substantive
narrative rather than the underlying data.

6 Human Subjectivity

Our noise audit demonstrates that substantive em-
pirical findings can vary meaningfully as a func-
tion of both model choice and prompting strategy.
While fine-tuning models to better reflect aggregate
human preferences may improve alignment with
human judgments, such variability underscores the
importance of interrogating not only model behav-
ior but also the human judgments to which models
are compared. We therefore next examine how hu-
man judgments themselves vary on stance mining
tasks involving gun rights and gun control.

In the NLP annotation literature spanning sev-
eral decades, early work largely assumed the ex-
istence of gold-standard labels, treating inter-rater
disagreement primarily as a marker of annotation
noise or poor data quality rather than as an expres-
sion of inherent subjectivity in the task. Under
the assumption that annotation was largely sub-
stitutable across raters, little attention was paid to
annotator characteristics, including demographic or
ideological attributes. One of the earliest NLP stud-
ies to explicitly incorporate political ideology into
the analysis of political discourse is Johnson and
Goldwasser, 2018, followed by a growing body of
work (Sap et al., 2022; Weerasooriya et al., 2023a;
Crowl et al., 2025; Stanley et al., 2026) examin-
ing how rater political ideology shapes annotations
of politically sensitive or offensive content. Our
work builds on this emerging line of inquiry by ex-
plicitly incorporating political heterogeneity in the
annotation process and extending it to include Inde-

pendents alongside partisans (Weerasooriya et al.,
2023a). In what follows, we describe the design
considerations made in our annotation study.

6.1 Seed Set for Annotation

We first consider the inference results on Dgegair
and Dy, upe from nine model configurations. For
a given instance and a specific class (e.g., Nei-
ther or GC), we count how many models classi-
fied the instance as that particular class and assign
votes. Based on this voting, we stratified the dataset
into three agreement bins: High (Yes) (8-9 votes),
Medium (Maybe) (4-5 votes), and High (No) (0-1
vote). For each class, we sample equally from these
bins. We obtain 900 unique YouTube comments
and 240 Reddit comments to cover the spectrum
of model agreement. These samples are also bal-
anced across the four categories (Gun Rights, Gun
Control, Neither, Irrelevant).

6.2 Annotation Specifics

Each of these 1,140 instances (900 YouTube com-
ments and 240 Reddit posts) is annotated by three
raters (one Republican, one Democrat, and one
Independent). Following prior literature (Weera-
sooriya et al., 2023a; Pofcher et al., 2025), for each
annotator, we set a batch size of 30 instances. An-
notator compensation is also grounded in prior lit-
erature (3 USD per batch) (Weerasooriya et al.,
2023a; Pofcher et al., 2025); Appendix F contains
further details. We use Prolific to conduct this study
using the instructions in the appendix section A.
When we train model involving all political voices,
we consider majority voting and discard any data
point where all three raters disagreed (3.42% of all
data). While training individual political models,
we consider the full dataset.

6.3 Findings on Human Seed Set Annotation

On the 1,140 instances we obtain an overall
Fleiss’ x agreement of 0.43 suggesting moderate
agreement. This agreement is in line with similar
politically charged tasks as annotating supportive
content (Pofcher et al., 2025) or annotating offen-
sive content (Weerasooriya et al., 2023a). Table 1
further breaks down this analysis to study pair-
wise agreement between parties between political
groups. Contrary to prior findings that character-
ize Independents as occupying a “political middle”
between partisan extremes (Weerasooriya et al.,
2023a; Pofcher et al., 2025; Crowl et al., 2025), in
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our study we notice that Republican raters agree
slightly more with Democrats (x = 0.38) than with
Independents (x = 0.34). A bootstrap (1,000 re-
samples) over the human annotations gives a 95%
confidence interval of [0.005, 0.081] for this differ-
ence. We thus present this as suggestive rather than
definitive evidence of the risks of treating political
groups as monolithic or universally ordered along
a single ideological spectrum; patterns of agree-
ment may appear to be task- and context-dependent,
cautioning against broad generalizations that may
inadvertently reinforce political stereotypes.
Recall that, when constructing our seed set for
a given class ¢, we explicitly stratify instances
into three agreement regimes: (1) near-consensus
model agreement that the instance belongs to class
c (89 votes); (2) near-consensus model agreement
that the instance does not belong to class ¢ (0-1
votes); and (3) moderate model agreement that the
instance belongs to class ¢ (4-5 votes). Across
these regimes, we observe Fleiss’  values of 0.53,
0.44, and 0.18, respectively. Hence, we observe
that in regions where models exhibit substantial
disagreement, human annotators likewise struggle
to reach consensus. Conversely, instances on which
models converge tend to elicit higher levels of hu-
man agreement. We further note an asymmetry be-
tween near-consensus agreement that an instance
belongs to a class and near-consensus agreement
that it does not. Agreement that a post does not be-
long to a particular class does not necessarily imply
agreement on an alternative label, introducing an
additional source of uncertainty. This distinction
is reflected in the comparatively lower agreement
observed in the second category.
Content Analysis of Disagreement. Manual in-
spection of the most contested comments, those
where raters or our model configurations split most
evenly, revealed three recurring patterns: seman-
tic ambiguity, indirect or tangential signaling, and
sarcastic mimicry. In all three cases, the same fea-
tures that make these comments hard for human

Dem Rep Ind

Dem - 0.38 0.38

Rep 0.38 - 0.34
Ind 0.38 0.34 -

Table 1: Inter-annotator agreement between Republi-
can (Rep), Democratic (Dem), and Independent (Ind)
raters, measured using Cohen’s x, on the seed anno-
tation dataset comprising 1,140 instances (900 from
YouTube and 240 from Reddit).

raters also mislead models. Appendix D contains a
detailed exposition with examples.

6.4 Data Augmentation Via Active Learning

The initial distribution of our annotated dataset
(1,140 comments) revealed moderate class imbal-
ance with GC comments constituting 15% of the
seed dataset. To mitigate class imbalance and
to obtain a meaningful training set with diverse
examples of varying difficulty, we employ two
well-known active learning sampling strategies:
minority-class certainty sampling, and uncertainty
sampling. Brief introduction of active learning con-
cepts and the two sampling strategies follow next.
Active learning is a well-established supervised
machine learning paradigm in which model train-
ing proceeds through iterative interaction between
a learner and a human supervisor (Settles, 2009). In
the commonly used pool-based setting, the learner
is initialized on a small labeled seed set and granted
access to a large pool of unlabeled instances. At
each iteration, the learner selects instances to query
based on a sampling strategy, receives labels from
human annotators, and retrains on the augmented
dataset until a stopping criterion (e.g., budget ex-
haustion or performance convergence) is reached.
Some of the well-known active learning sampling
strategies are uncertainty sampling (the model se-
lects the instances it is most unsure about) (Schef-
fer et al., 2001; Settles, 2009); certainty sampling
(the model selects the instances it is most confi-
dent about) (Sindhwani et al., 2009); or density-
based sampling (Settles, 2009). In order to rectify
high-confidence misclassifications, and perform ro-
bustly at decision boundaries, we perform certainty
sampling (Sindhwani et al., 2009) and margin sam-
pling (Scheffer et al., 2001), a variant of uncertainty
sampling tailored for multi-class classification.
The active learning literature is extensive, and
adjacent work combining human and LLM annota-
tion exists. For example, (Li et al., 2023) use LLM
uncertainty to determine which instances an LLM
should label instead of a human, while (Gligori¢
et al., 2025) use LLM confidence to route selected
instances to human annotators while preserving
valid statistical estimation. In both cases, human
labels serve as the gold standard, and uncertainty is
used to improve annotation efficiency. Our setting
is fundamentally different: we do not propose a
new sampling strategy or estimate a target quan-
tity. Instead, we use standard certainty and margin
sampling to construct a class-balanced training set
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LLM Macro Fq

Mistral | 73.99 +4.13
Llama 78.30 £ 3.63
GPT 72.54 £ 391

Table 2: Performance comparison of baselines on our
test set over five independent training runs with an
80/10/10 train/test/validation split. For all models and a
given run, we use the identical test/train/validation split.
The best-performing model result is highlighted in bold.

containing both confident and ambiguous exam-
ples. Hence, prior work treats human-LLM dis-
agreement as noise to minimize; in our study, that
disagreement is itself the phenomenon of interest.

We initially fine-tune three models (Mistral,
GPT, and L1ama) on a seed set of 1,140 instances
using an 80/10/10 train—validation—test split. These
models are then used to perform certainty and un-
certainty sampling, expanding the dataset to a total
of 1,560 instances. Training on the final dataset,
again using an 80/10/10 split and averaged over five
independent runs, we observe that L1ama achieves
the strongest performance (Table 2).

To address our substantive research question,
we additionally train Llama models using anno-
tations from individual political groups: M4,
Mem, Ming. As an aside, we report Fleiss’ x
values of 0.23 for instances selected via uncertainty
sampling and 0.57 for those selected via certainty
sampling. This pattern is intuitive: human annota-
tors exhibit substantially higher agreement on in-
stances for which models are more confident, while
disagreement increases on instances where model
predictions are uncertain.

6.5 ‘“‘Subjective” Substantive Findings

Figure 3 examines our substantive questions
through the lens of models trained on annotations
from politically distinct groups. Models trained on
Republican and Independent annotations indicate
that pro—gun rights discourse outweighs pro—gun
control discourse across both platforms. In contrast,
models trained on Democratic annotations, as well
as the aggregate model, yield the opposite conclu-
sion. Figure 2 shows that the baseline LLaMA model
under zero-shot prompting consistently suggests
that pro—gun control discourse is less prevalent
than pro—gun rights discourse on both platforms.
Our findings thus illustrate substantive conclusions
can diverge depending on whose judgments are
used for supervision and how the data are curated,
underscoring the sensitivity of social web analyses

& Reddit
I YouTube
25
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Figure 3: Stance ratio (Gun Control / Gun Rights) pro-
duced by Llama models trained on labels provided by
different rater groups. M gem, M ep, and Mg represent
the models trained on labels provided by Democrats, Re-
publicans, and Independents, respectively. M denotes
the model trained on aggregate labels obtained through
majority voting. Ratios above the horizontal dashed
line (> 1) indicate a greater prevalence of gun con-
trol-favoring discourse, while ratios below the line (<
1) indicate a greater prevalence of gun rights—favoring
discourse. 95% confidence intervals are estimated via
bootstrap sampling.

to both human and modeling choices.

7 Conclusions and Future Work

This work examines how both machine-generated
and human judgments introduce subjectivity into
the analysis of socially consequential discourse,
and how this subjectivity can shape substantive
empirical findings. Focusing on the well-studied
task of stance detection in gun-related discussions,
we show that observed conclusions are sensitive
to multiple design choices, including the selection
of models, prompting strategies, sampling policies,
and the political orientations of human raters. As
the technical barriers to deploying LLMs continue
to decline and researchers from adjacent fields in-
creasingly rely on these tools to study social and
public policy questions, it becomes important to
recognize that the “overall story” emerging from
such analyses may depend critically on these inter-
acting factors.

Our study also motivates rethinking the socio-
technical aspects of traditional machine learning
literature developed over decades such as active
learning. In socially and politically sensitive do-
mains, annotation is not merely a mechanical label-
ing task but a subjective judgment shaped by an-
notators’ ideological positions, lived experiences,
and interpretive frames. As a result, the “oracle”
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in active learning is not a neutral source of ground
truth but a heterogeneous human population whose
judgments may systematically vary. This reframing
highlights active learning as a socio-technical pro-
cess in which sampling policies interact with politi-
cal heterogeneity in the annotator pool, with direct
implications for whose interpretations are learned,
reinforced, and ultimately deployed at scale.

8 Limitations

While our study is intended to be systematic and
comparative, it necessarily reflects a set of scoped
design choices that suggest several directions for
future work. Our analysis is situated within the so-
ciolinguistic context of U.S. politics and examines
English-language content drawn from prominent
U.S.-based platforms (Reddit and YouTube). We
focus on a stance-mining task that has received
sustained attention in the literature and evaluate
a set of widely used open-weight models. Fu-
ture research could broaden this scope by extend-
ing the analysis to non-English contexts, alterna-
tive platforms—including both other U.S.-based
spaces (e.g., Gab, Truth Social, X) and platforms
prominent in other cultural settings (e.g., Sina
Weibo)—as well as additional stance or opinion-
mining tasks and proprietary models such as GPT,
Claude, or Gemini. Exploring these dimensions
would help assess the generality of our findings
across linguistic, cultural, and technical settings.

Our annotation design also leaves room for re-
finement. Although we explicitly include Indepen-
dent annotators alongside Republican and Demo-
crat raters, political identity remains coarsely de-
fined. Future work could consider more fine-
grained ideological positions, such as combinations
of social and fiscal preferences, to better capture
the multidimensional nature of political belief. In
addition, our analysis focuses on first-person judg-
ments—how annotators themselves interpret the
stance of a given piece of content. Building on
recent work on vicarious interactions, future stud-
ies could examine second-order judgments, such
as how annotators reason about how members of
other political groups might label the same con-
tent. Finally, an interesting direction is to con-
nect human—-machine alignment more directly with
emerging in silico surrogate approaches, examin-
ing when and how persona-conditioned language
models approximate or diverge from the judgments
of politically situated human annotators.

9 Ethical Statement

This study uses publicly available data collected
through official platform APIs. Although the ma-
jority of the content in our annotation task is not
expected to be overtly offensive, exposure to poten-
tially harmful or disturbing language is an inherent
risk when working with politically charged social
web discourse. To safeguard annotators’ mental
well-being, we limited annotation batches to 30
instances, reducing the likelihood of prolonged
exposure to toxic or distressing content. Annota-
tors were adequately compensated and provided in-
formed consent through a standard crowdsourcing
platform prior to participation. The study adopts
data collection and annotation protocols closely
aligned with prior work by the authors that received
an IRB exempt determination and was developed
under comparable ethical guidelines. The study de-
sign and annotation protocol were overseen by an
experienced social scientist with prior service on
ethics committees for major academic conferences.
Finally, we used ChatGPT as a writing assistant for
flow and grammar. All scientific decisions, inter-
pretations, and core arguments were made by the
authors.
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A Annotation Instruction

In this study, you will read short social-media com-
ments and classify each one into one of four cat-
egories related to gun policy: Gun Control, Gun
Rights, Neither, or Irrelevant. For every comment
shown to you, you will select the category that best
describes the stance expressed.

Your task involves carefully interpreting each
comment, deciding which category it fits into based
on the definitions provided. There are no right or
wrong answers—your judgment and interpretation
are what matter.

B Prompts

Figures 4, 5, and 6 depict the three prompt set-
tings vanilla, definition 1 (standard), and definition
2 (refined), respectively.

Vanilla Prompt

This is posted by an anonymous user on Social Media.

FIRST, Classify the comment as a whole using the following instructions as either 'Gun Rights’,
"Gun Control’, "Neither’ or "Irrelevant’

SECOND, Provide a brief reason for your classification in one sentence.

Instructions:

1. You should use the context and the meaning of the sentence to classify.
2. Do not use just the keywords to classify.
3. Always return your response as a JSON object with the keys 'classification’ and "reason’.

Comment : " {comment}”

Figure 4: Vanilla LLM prompt

1st Definition Prompt

You will be provided with a social media comment. Classify it into one of the following four cate-
gories. Your classification should consider not only what is explicitly stated but also the comment’s
primary focus, tone, and implied sentiment to capture nuances that are not clearly expressed.
Provide a brief, one-sentence reason for your classification

Categories and Definitions:

1. Gun Control

o Definition: Advocates for, or implies a desire for, greater regulation and oversight of firearms.
This includes explicit calls for legislation restricting n gun ownership as well as comments
where the primary focus is a critique of how firearms are used, including by law enforcement.

« Common ways this stance is expressed include:
Calling for Legislative Action (e.g., universal background checks, banning certain weapons).

— Critiquing Law Enforcement’s Use of Firearms (e.g., calling them ”trigger happy,” ques-
tioning the use of lethal force)

~ Expressing Emotional Outrage or Fear about gun violence.
— Advocating for Non-Lethal Alternatives (e.g., " They should have used a taser”)

Criticizing ”Gun Culture” or the prevalence of firearms in society.

b

Gun Rights

Definition: Advocates for, or implies support for, the right of individuals to own firearms. This

includes explicit opposition to restrictions and appeals to the Second Amendment
comments where the primary focus is on the necessity of guns for self-defense, deterring
or as a check on government power.

o Common ways this stance is expressed include:
Advocating for Self-Defense as a primary need.
— Opposing Restrictions and Appealing to the Constitution (e.g., "shall not be infringed”).
— Expressing Distrust in Authority, necessitating personal arms for protection.

~ Justifying Firearm Use in Specif

narios based on a perceived threat.
— Arguing that an armed populace acts as a deterrent to crime.

Neither

»

.

Definition: The comment is on-topic (related to guns, a specific incident, or law enforcement)
but does not express a discernible stance for Gun Control or Gun Rights. This includes comments
that are purely descriptive, express ambiguous or vague sentiments, ask a neutral question, or
focus on a legal proceeding without critiquing the underlying law.

»

Irrelevant

Definition: The comment is off-topic and has no connection to the discussion of firearms, gun
policy, or the incident being discussed. This includes spam, personal conversations, or comments
on completely unrelated subjects.

Always return your response as a JSON object with the keys ’classification’ and ’reason’
Comment : {comment}

Figure 5: Definition 1 (Standard) Prompt
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2nd Definition Prompt

You will be provided with a social media comment. Classify it into one of the following four

categories. Provide a brief, one-sentence reason for your classification.

Categories and Definitions:

1. Gun Control

o Definition: Advocates for, or implies a desire for, greater regulation and oversight of firearms
This includes explicit calls for legislation restricting civilian gun ownership as well as comments
where the primary focus is a critique of how firearms are used, including by law enforcement.

« Common ways this stance is expressed include:

Calling for Legislative Action (e.g., universal background checks, banning certain weapons).

— Critiquing Law Enforceme:
tioning the use of lethal force).

se of Firearms (e.g., calling them ”trigger happy,” ques-

Zmotional Outrage or Fear about gun violence.

for Non-Lethal Alternatives (e.g., " They should have used a taser”).
g "Gun Culture” or the prevalence of firearms in society.

2. Gun Rights

o Definition: Advocates for, or implies support for, the right of individuals to own firearms. This
includes explicit opposition to restrictions and appeals to the Second Amendment, as well as
comments where the primary focus is on the necessity of guns for self-defense, deterring crime,
or as a check on government power.

« Common ways this stance is expressed include:
Advocating for Self-Defense as a primary need.
— Opposing Restrictions and Appealing to the Constitution (e.g., ”shall not be infringed”)
— Expressing Distrust in Authority, necessitating personal arms for protection.
— Justifying Firearm Use in Specific Scenarios based on a perceived threat
— Arguing that an armed populace acts as a deterrent to crime.
3. Neither

o Definition: The comment is on-topic (related to guns, a specific incident, or law enforcement)
but does not express a discernible stance for Gun Control or Gun Rights. This includes comments
that are purely descr
focus on a legal proceeding

express ambiguous or vague sentiments, ask a neutral question, or

without critiquing the underlying law.

4. Irrelevant

o Definition: The comment is off-topic and has no connection to the discussion of firearms, gun
policy, or the incident being discussed. This includes spam, personal conversations, or comments
on completely unrelated subjects.

Always return your response as a JSON object with the keys “classification’ and ’reason’
Comment : {comment}

Figure 6: Definition 2 (Refined) Prompt
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Figure 7: LLM Inter-Model Agreement (Reddit &
YouTube): Cumulative Fleiss’ Kappa by comment word
length. The plot shows how inter-rater agreement
among the 9 LLM configurations evolves as progres-
sively longer comments are included in the analysis
across both platforms.

D Content Analysis of Disagreement

We elaborate on the three patterns introduced in
Section 6.3.

Semantic ambiguity. Many contested com-
ments express vague frustration without naming a
specific policy. The comment “So what’s stopping
the government from stepping in to stop all this”
is read inconsistently across our model configura-
tions, since it can mean either curbing gun violence
or resisting government overreach. Comments that
mix opposing signals also divide raters: one user
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Figure 8: Human Agreement (Reddit & YouTube): Cu-
mulative Fleiss’ Kappa by comment word length.

criticizes firearms while defending the right to own
them, writing “this just proves that guns are just for
show.. When it counts people wont excerise there
right.” Complex policy proposals are also divisive,
as with a comment urging “FORT KNOX EVERY
SCHOOL... armed guards, bulletproof glass, metal
detectors.”

Indirect and tangential signaling. Agreement
is also lower when stance is expressed through
analogy or comparison rather than stated directly.
Users rely on analogies such as “If you subtract
suicides out of child deaths it is car accidents... So
how about we ban kids from cars?” or international
comparisons such as “BS in Australia the skegs use
knives and fists violence is dreadful here.” Weak or
indirect signals lower agreement further, as when
a comment focuses on a side issue such as police
inaction instead of gun policy.

Sarcastic mimicry. Sarcasm is a further source
of disagreement. When a user mocks the other side,
writing “Lemme guess ..all them automatic pistols
by legal owners!” followed by an eye-roll emoji,
raters divide on whether they catch the irony. It
also misleads models, since the repetition of an op-
ponent’s keywords can pull them toward the wrong
label, as when a pro-gun-rights user writes “In the
span of 3 minutes he says, ‘common sense’ seven
times... This is an Everytown talking point,” which
can be misread as a Gun Control stance.

E Inferencing with Larger Models

To check whether the noise-audit patterns reported
in Section 5 hold at larger scale, we repeat the Red-
dit analysis with two larger models from the Mis-
tral and Llama families: Mistral-Medium (Mistral-
Medium-3.5) and L1ama-70B (Llama-3.1-70B). To-
gether with the three models from the main text
(Mistral, Llama, GPT-0SS) and three prompting
strategies, this yields fifteen (model, prompt) con-
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figurations on Reddit. Figure 9 reports pairwise
Cohen’s k across these fifteen configurations, and
Figure 10 reports the corresponding stance ratios
together with the nine YouTube configurations for
comparison.

Within both the Mistral and Llama families,
the larger model gives stance ratios closer to
one. Mistral-7B’s ratios range from 1.47 to 1.90
across prompts, while Mistral-Medium-3.5’s range
from 0.68 to 1.15. For Llama the same pattern
holds: 0.51-0.65 for Llama-3-8B and 0.74-1.05
for Llama-3.1-70B. Prompt sensitivity persists at
this scale. Mistral-Medium-3.5’s ratio nearly dou-
bles between vanilla and definition 1 (0.68 to 1.15),
and Llama-3.1-70B shifts from 0.74 to 1.05 across
the same prompts. The main-text observation
that prompt choice alters the substantive conclu-
sion thus holds in the larger setup. Overall inter-
configuration agreement on Reddit is also nearly
unchanged, with Fleiss’ k = 0.43 in both the nine-
and fifteen-configuration setups.
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Figure 9: Agreement between (M, prompt) pairs on
Reddit with five models (the three main-paper mod-
els plus Mistral-Medium and Llama-7@B). Cell (i, j)
presents Cohen’s k between M; and M. Majority
takes the majority vote of the fifteen individual configu-
rations.

F Annotator Compensation

Annotator compensation is grounded in prior
literature (3 USD per batch) (Weerasooriya et al.,
2023a; Pofcher et al., 2025). A small pilot (median
completion time: 9 minutes 59 seconds; mean: 12
minutes 11 seconds) confirms this exceeds the min-
imum hourly wage, consistent with rates reported
in prior annotation studies (Bugert et al., 2020; Bai

$ Reddit
§ YouTube

Figure 10: Stance ratio (Gun Control / Gun Rights)
across all (model, prompt) configurations: fifteen on
Reddit (five models X three prompts) and nine on
YouTube (three models x three prompts). Ratios above
the dashed line (> 1) indicate a greater prevalence of
gun-control-favoring discourse; ratios below (< 1) in-
dicate a greater prevalence of gun-rights—favoring dis-
course. 95% confidence intervals are estimated via boot-
strap sampling.

et al., 2021).
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