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Abstract
Large languagemodels (LLMs) are increasingly used to supportWeb
and social media analysis through model-generated outputs such
as labels, scores, summaries, and natural-language explanations or
rationales. In many cases, these outputs are used to support broader
conclusions about online content, communities, platforms, harm,
credibility and social meaning. However, using model-generated
outputs as evidence introduces a methodological challenge. These
systems can support analysis at scale, but they are not neutral ob-
servers, and their judgments may reflect Western-centric norms,
culturally specific assumptions, translation artifacts, platform biases
and learned stereotypes. In this position paper, we argue that con-
clusions drawn from LLM-mediated analysis should not be treated
as neutral or universal readings of online content, but as outcomes
of an analytical pipeline whose outputs depend on language, cul-
ture, platform context, modality and interpretation. To support this
position, we examine how model outputs are shaped across the
analysis pipeline, including task and category definition, data selec-
tion, input representation, prompting, model judgment, evaluation,
interpretation and use. We discuss these issues through a synthetic
multimodal hate speech example. We conclude by outlining impli-
cations for more context-sensitive, transparent, and accountable
uses of LLMs in Web and social media analysis.

CCS Concepts
• Computing methodologies→ Natural language generation;
• Human-centered computing→ Social media.
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1 Introduction
Large language models (LLMs) are increasingly used to analyseWeb
and social media data at scale1. Beyond content generation, they are
being adopted as instruments for annotation, classification, modera-
tion and interpretation. They can produce labels, scores, summaries
and natural-language rationales, and these outputs are increasingly
used to support conclusions about online harm, credibility, public
discourse, communities and social meaning [8, 9, 11, 18]. Recent
work [8, 9] has shown the promise of LLMs as scalable annota-
tors and evaluators, while extensive research has documented that
LLMs can learn, reproduce and amplify social biases [6, 10, 13]. As
a result, LLMs are becoming attractive but problematic tools for
socially sensitive analysis of online environments.

Using these models to support Web and social media analysis
introduces a methodological paradox. The same models whose out-
puts are used to draw conclusions about online content may them-
selves encode Western-centric norms, culturally specific assump-
tions, platform biases, translation artifacts and learned stereotypes.
Prior work has argued that natural language processing (NLP) anal-
yses pertaining to harm, representation, and social groups are not
merely technical assessments, but inherently normative judgments
that require explicit attention to affected communities, social power
relations and the harms that systems may produce or amplify [3].
This concern becomes especially pressing in multimodal Web con-
texts, where meaning is often informal, ironic, platform-specific
and culturally situated. Cultural values and assumptions can be
reflected in LLM outputs [1, 17], dialectal and racial biases can
shape hate speech and toxicity detection [5, 15], and harmful or
biased meanings may emerge from image-text combinations rather
than from either modality alone [10, 13, 14]. A phrase, meme, im-
age, emoji, hashtag or visual symbol may carry different meanings
across communities, and these meanings may not be preserved
through translation or captured by universal label sets.

In this position paper, we argue that conclusions drawn from
LLM-mediated analysis should not be treated as neutral or universal
readings of online content. Instead, LLM outputs should be under-
stood as one component of a broader context-sensitive analysis
pipeline shaped by language, culture, modality and interpretation.
This pipeline includes decisions about what data is selected, what
task is defined, how input content is represented, how prompts
frame the model interaction, what learned patterns the model en-
codes, how outputs are evaluated, and how they are interpreted and

1In this paper, we use LLMs broadly to refer to contemporary generative models, many
of which are now multimodal and can process not only text, but also images and other
forms of content.
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used. This view builds on prior work showing that bias can arise
from multiple sources in NLP systems, including data collection,
annotation, representation, modelling, and evaluation [12, 16, 18]. It
also builds on research showing that LLMs may encode, reproduce,
or amplify biases learned from training data, alignment procedures,
language coverage and dominant cultural assumptions [10, 13], as
well as calls for more transparent documentation of datasets, their
composition, intended uses and social context [2, 7].

Rather than proposing another benchmark, this position paper
provides a framework for examining how methodological choices
across this pipeline can shape model outputs and the conclusions
drawn from them. We use this framework to outline guidelines for
treating model outputs as fallible evidence within context-sensitive,
transparent and accountable analysis. While our running example
concerns multimodal hate speech/toxicity detection, the same prin-
ciples apply to other Web and social media analysis tasks where
model outputs are used as evidence. By reframing LLM-mediated
analysis as a process rather than an automated judgment, we high-
light the need for approaches that preserve cultural context, evalu-
ate cross-modal meaning, report uncertainty and disagreement.

2 Beyond model outputs: The pipeline behind
LLM-mediated analysis

LLM-mediated Web and social media analysis is often presented
as a simple operation in which content is given to a model and
the model returns an output such as a label, score, summary or
natural-language rationale. Figure 1 uses this simplified view as
a starting point (upper part). This view is operationally attractive
because it makes model-mediated analysis appear scalable, flexible,
and portable across tasks. However, it also risks treating the model
output as if it directly captured the relevant social phenomenon.
A model-generated label may appear to describe a post directly,
and a rationale may appear to explain why the label is appropriate.
Nonetheless, such outputs are shaped by decisions about what prob-
lem is being studied, what content and context are included, how
the model is prompted, and how the resulting output is evaluated
and used.

The lower part of Figure 1 expands the simplified view into a
situated analysis pipeline. In this pipeline, input content does not
move directly from content to model output. Rather, the analysis is
shaped by a sequence of decisions concerning what task is defined,
what data is selected, how input is represented, how the model
is prompted, what the model contributes through its learned pat-
terns and capabilities and how the resulting output is evaluated
and used. This contrast is not meant simply to add more processing
steps. Rather, it shifts attention from the final model output to the
sequence of choices through which that output is produced, inter-
preted, and connected to broader conclusions. Before the model
produces an output, researchers have already decided which plat-
forms, languages, modalities, and communities are represented;
how task-relevant concepts such as harm, toxicity, or credibility are
defined; and whether local expressions, images, or contextual cues
are translated, removed, summarised, or preserved. Once the model
produces an output, further decisions determine whether that out-
put is treated as a provisional label, a rationale to be inspected,
evidence to be triangulated, or a basis for broader conclusions.

This matters because model outputs are rarely the endpoint of
Web and social media analysis. They are often used to support
broader conclusions, e.g., that a post contains hate speech, that a
set of posts reflects toxic discourse, that a topic is associated with
harmful framing, that a platform amplifies particular narratives
or that a community is represented in particular ways. Such con-
clusions are especially difficult to interpret in cultural, social and
multimodal contexts, where online meaning is rarely contained in
text alone and rarely stable across contexts. A phrase, meme, emoji,
hashtag, image, or visual symbol may be neutral in one community
and harmful, ironic, reclaimed or politically charged in another2.
Similarly, a post may not contain an explicitly harmful statement,
but may still support an exclusionary or socially consequential
interpretation through the relation between image and caption, the
use of local symbols, or the framing of a social group as suspicious,
threatening, inferior or out of place. In such cases, the relevant
object of analysis is not simply the text, the image or the model
output, but the relation among content, context, category, model
and interpretation.

Viewing LLM-mediated analysis as a pipeline therefore shifts the
analytical question. Instead of treating a model output as a direct
reading of content, we must ask what choices made that output
possible, what meanings were preserved or lost, whose interpretation
was privileged, and how the resulting output is used to support broader
conclusions. This is the methodological challenge at the core of
our argument. LLMs can support large-scale analysis of Web and
social media, but their outputs should not be treated as neutral
observations. They are fallible evidence produced within a chain
of methodological choices. Even when a model output is treated
as usable for analysis, choices can shape what it appears to reveal
about harm, credibility, representation or social meaning.

3 From pipeline choices to model outputs
We now apply our situated pipeline perspective to the synthetic
multimodal hate speech post in Figure 1. The post is deliberately
simplified and AI-generated. It combines a potentially exclusionary
caption with an image of a crowd in a neighbourhood setting. The
caption refers to people like them and states that they should go back
to where they came from, but the target group, surrounding thread,
platform context and local meaning of the image are not specified3.
Although the running example is synthetic, similar issues arise in
established multimodal hate speech benchmarks such as theHateful
Memes Challenge [14], where interpretation depends on how image
and text are considered together rather than as isolated modalities.
The goal is not to assign responsibility to a single component, but
to show how decisions across the pipeline accumulate and shape
the outputs that later inform broader claims. Table 1 follows the
post across the analysis pipeline.

2For example, Pepe the Frog originated as a cartoon character and circulated widely
as a humorous meme, but was later appropriated in some online communities as an
alt-right and white supremacist symbol. Importantly, the symbol is not hate-related in
every use, as its meaning depends on the accompanying imagery, language, platform,
and community context. See https://www.adl.org/resources/hate-symbol/pepe-frog.
3This underspecification is intentional. It allows us to foreground common challenges
in multimodal social media analysis, such as implied targets, image-text relations,
platform cues and culturally situated interpretation, without reproducing a real post
or exposing affected communities. The example is therefore used illustratively, to
clarify the pipeline’s methodological logic, rather than as empirical validation of the
framework.

https://www.adl.org/resources/hate-symbol/pepe-frog
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Figure 1: The upper row shows a simplified view of the commonly adopted pipeline in which content is mapped to a label,
score or rationale through an LLM. The lower row expands this process into our proposed pipeline in which model outputs are
shaped before, during, and after output generation. The synthetic post on the left is illustrative and AI-generated.

Table 1: Example-guided view of how the pipeline stages can shape LLM-mediated analysis of a synthetic multimodal hate
speech post.

Pipeline stage Guiding question Possible choice Implication if overlooked

Task definition What phenomenon
is being analysed?

The post may be framed as hate speech, toxicity, xenophobic
framing, harmful stereotyping, political complaint or ambiguous
rhetoric.

Outputs may appear comparable across tasks or contexts even
when categories shape interpretations of harm, evidence or
social meaning.

Data selection What content be-
comes available for
analysis?

The analysis may include only posts from certain platforms, lan-
guages, time periods, communities, reports or moderation histo-
ries.

Aggregate conclusions may reflect platform access, moderation
history or language coverage rather than broader online dis-
course.

Input
representation

What version of the
content reaches the
model?

The model may receive only the caption, the image and caption
together, a translated version, an automatic image caption, or
additional thread and platform context.

The model may judge a transformed version of the multimodal
content rather than the socially meaningful content users en-
countered.

Prompting and
standpoint

How is the model
asked to judge?

Prompts may ask for a neutral label, a platform-policy decision, a
credibility explanation or the perspective of a potentially affected
community.

Outputs may shift depending onwhether ambiguity, implied tar-
gets and contextual uncertainty are made visible in the prompt,
making prompt choices appear as model findings rather than
methodological decisions.

Model
judgment

What shapes the
model’s response?

The model may infer a target group from “people like them,” treat
“go back to where they came from” as exclusionary, ignore the
image or overinterpret the image.

A fluent output may conceal uncertain or culturally mismatched
inferences about identity, locality, migration, protest or neigh-
bourhood conflict.

Evaluation, inter-
pretation, and use

How do outputs
support conclu-
sions?

The output may be compared with benchmark labels, platform
policy, expert review, general annotator judgments or judgments
from people familiar with the local context. It may then be inter-
preted or aggregated across posts, topics, platforms, languages or
communities.

Partial or unstable outputs may be generalized into apparently
objective claims about platforms, languages, groups or events.

Task definition.What is being asked. Task definition shapes the
phenomenon the analysis is intended to capture. The same content
may be analysed for credibility, toxicity, hate speech, sentiment or
harmful framing. Each framing creates a different object of analy-
sis because it directs attention to different forms of evidence and
makes different outputs appear appropriate. For instance, a toxicity
task may focus on overt abusive language, while a harmful-framing
task may focus on how the post constructs an opposition between
an implied us and them. Categories therefore do not simply orga-
nize content. They carry methodological and normative judgments
about, for example, what counts as harm, which targets matter,
what evidence is sufficient, how intent is inferred, and how plat-
form or policy contexts are understood. In the example, a label such
as toxic, hateful, or harmful may not refer to the same construct
across platforms, languages or communities. The same post may
then be classified as non-toxic, offensive, xenophobic, hateful or
ambiguous depending on the task definition.

Data selection. What becomes visible. Data selection deter-
mines which platforms, languages, communities, modalities, and

interaction contexts become available for model-mediated analysis.
In the example, inclusion depends on platform access, sampling
strategy, language coverage, and whether both text and image are
collected. For instance, if a dataset is built from reported or mod-
erated posts, the analysis may overrepresent content already rec-
ognized as problematic by a platform or community, while leaving
less visible forms of exclusion underrepresented. In a benchmark
setting such as the Hateful Memes Challenge, the available data
reflects a curated set of image-text pairs designed for multimodal
hate speech detection. Such data is useful for controlled evaluation,
but conclusions drawn from it should not be automatically gener-
alized to all meme cultures, platforms, languages or communities.
This stage may not explain why a model judges a particular post
as harmful, credible, exclusionary or ambiguous, but it shapes the
aggregate patterns that can later be reported. As a result, model
outputs may appear to reveal broad tendencies in online discourse
while reflecting the subset of data selected for analysis.

Input representation. What the model really sees. Input pro-
cessing determines what version of the content actually reaches the
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model. This includes decisions about translation, image processing,
optical character recognition (OCR), automatic image captioning,
text cleaning, and whether threads, hashtags, emojis, usernames,
timestamps or platform metadata are preserved. The implication
is that the model may judge a transformed version of the content
rather than the content encountered by users. In the example, show-
ing the comment in isolation may leave unclear who them refers
to, while preserving thread context may make the target group
explicit. Removing the image, hashtags, emojis, quoted speech, or
surrounding posts may also change whether the post appears to be
a generic complaint, ambiguous political rhetoric or exclusionary
abuse. Similarly, an automatic image caption may preserve that
there is a crowd, but not whether the scene signals a protest, public
concern or an ordinary gathering. Input processing is therefore
not only a technical preparation step. It shapes the object of anal-
ysis by determining which linguistic, visual, conversational and
platform-specific cues remain available to the model.

Prompting and standpoint. How the model is asked to judge.
Prompting determines how the defined task is applied in a specific
model interaction. It specifies what criteria it should use, what role
it should assume, what kind of evidence it should prioritize, whether
it should provide a label or a score, and whether uncertainty or
ambiguity should be reported. In the example, the output may
change depending on whether the prompt asks for a binary label, a
platform-policy decision or an uncertainty-aware assessment. For
example, a binary prompt may force the post into a hate/non-hate
decision, while an uncertainty-aware prompt may instead surface
the missing target, context and image-text relation as reasons for
caution. Also, prompt variants do not merely change the wording
of the task. They might alter the standpoint from which the content
is evaluated and the type of reasoning the model is encouraged to
perform. For example, persona-based prompting may make certain
harms more visible, but it can also create the misleading impres-
sion that the model can authentically represent a group’s lived
experiences.

Model judgment. What shapes the model’s response. Model
judgment refers to what the model contributes once the input repre-
sentation and prompt have been fixed. A model does not approach
labels such as toxic, hateful, xenophobic or harmful as empty cate-
gories. It interprets them through associations learned from training
data, alignment procedures, instruction tuning and prior uses of
similar terms. As a result, model outputs may reflect not only the
content and prompt, but also pre-learned concepts of harm, credibil-
ity, offensiveness and social identity. In the example, the model may
treat the comment as ambiguous because the target group is not ex-
plicit, or it may infer exclusionary meaning from the phrase go back
to where they came from. These judgments are shaped by models’
training data, language coverage, cultural assumptions, alignment
norms, and multimodal capabilities. In multimodal hate speech set-
tings, a model may also rely on learned associations between visual
objects, social groups, and textual cues, rather than correctly inter-
preting the image-text relation. The key issue is not simply that
the model may be incorrect. Rather, the model can produce fluent
and plausible explanations while relying on shallow, dominant or
culturally inappropriate assumptions. In multimodal settings, this
is particularly difficult to detect. The model may appear confident

even when it has misread a local expression, dialectal cue, visual
symbol or image-text relation.
Evaluation, interpretation and use. How outputs support con-
clusions. Evaluation determines how model outputs are assessed
and whose judgments are treated as authoritative. In the example,
accuracy against a single benchmark label may obscure disagree-
ment between annotators who understand the local context and
those who see only the post in isolation. Benchmarks can also reflect
the definitions, policies, languages and cultural settings in which
they were created. Such disagreement should not automatically
be treated as noise. It may reveal differences in lived experience,
familiarity with coded language or sensitivity to local histories of
exclusion. Evaluation should therefore consider not only whether
model labels match benchmark labels, but also whether rationales
are appropriate, uncertainty is reported, and disagreement is treated
as informative rather than noise. If such outputs are aggregated, a
researcher might report high levels of exclusionary rhetoric around
a topic or community, even though the result depends on how am-
biguous cases, local knowledge and annotator disagreement were
handled. Similarly, evaluation on Hateful Memes-style data can
show whether a model performs well on a controlled benchmark,
but it does not by itself establish that the same outputs support
broader claims about real platform dynamics, community-specific
meanings or the prevalence of hateful discourse online.

4 Toward context-sensitive LLM-mediated
analysis

The pipeline view above shows that LLM-mediated analysis is not
a simple process of applying a model to content. It is a chain of
methodological choices through which model outputs are produced
and made meaningful. Our aim in this position paper is not to
produce a new benchmark or evaluation protocol, but to establish
the following principles to help researchers use model outputs more
cautiously when drawing conclusions about Web and social media.
Document the conditions of analysis. Researchers should report the
main choices that structure model-mediated analysis, including
task definition, data selection, input representation, prompt de-
sign, model version, output format, inference settings, evaluation
procedure, treatment of uncertainty or disagreement, and the down-
stream claim the output is used to support. This documentation
should also make explicit what content was available to the model,
what transformations were applied, and what kind of output was
produced. It should also include contingent conditions that may
affect results, such as model updates, translation tools, image pre-
processing, moderation filters, platform access, inference settings
and post-processing decisions. The aim is not only reproducibility,
but also interpretability, as readers should be able to understand
what kind of evidence the model output represents.
Treat categories as analytical constructs. Labels should not be treated
as self-evident or interchangeable. Researchers should define the
constructs being analyzed, explain why the chosen categories are
appropriate and clarify what kinds of evidence those categories
require. Concretely, each category should be accompanied by a brief
definition, inclusion and exclusion criteria and examples of border-
line cases, especially when labels such as toxic, hateful, offensive or
harmful are used across datasets, platforms or languages. Treating
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categories as analytical constructs helps prevent model outputs
from appearing more stable or comparable than the underlying
definitions allow.
Inspect outputs beyond labels.Model-mediated analysis should not
rely only on whether a label or score appears plausible. Researchers
should also examine the evidential basis of model-generated ratio-
nales, the handling of uncertainty and the presence of disagreement.
In practice, this can involve manually checking a sample of outputs
for unsupported inferences, missing context, overconfident word-
ing, and mismatches between the rationale and the available evi-
dence. A fluent rationale may make an output appear well grounded
even when it is based on missing context, weak evidence or an in-
appropriate interpretive frame. Evaluation should therefore ask
not only whether the output matches a reference label, but also
whether the rationale is warranted by the available content and
whether uncertainty or ambiguity has been represented and not
suppressed.
Evaluate context and modality together. For multimodal and so-
cially sensitive content, evaluation should consider whether the
model has preserved the relevant relation between text, image,
platform context and social meaning. Access to multiple modali-
ties should not be equated with understanding their interaction. A
model may describe visual and textual elements separately while
missing irony, contradiction or culturally specific symbolism that
emerges only from their combination. A practical check is to com-
pare outputs across input variants (such as text-only, image-only
and multimodal), with or without contextual metadata, and to ex-
amine whether the model’s judgment changes in ways that are
justified by the added context. Researchers should therefore inspect
whether cross-modal meaning is actually being evaluated, espe-
cially when model outputs are used to support claims about harm,
credibility or public discourse.
Treat variability as part of the evidence. LLM-mediated outputs
should be treated as generated responses rather than fixed measure-
ments. They may vary across prompt formulations, input orderings,
model versions, system instructions, inference settings and output
formats. Researchers should report whether outputs remain stable
across reasonable variations in the analysis setup, for example by
repeating the analysis with alternative prompt phrasings, uncer-
tainty options, input orderings or model versions. Instability does
not always mean that a model is unusable, but it changes what
kinds of claims the outputs can support. In some cases, variability
may itself reveal ambiguity in the content, uncertainty in the task
definition, or sensitivity to contextual framing.
Bound downstream conclusions. Conclusions drawn should remain
tied to the limits of the pipeline that produced them.Model-mediated
outputs may inform research findings, moderation decisions, fact-
checking priorities, or public narratives, but they should not be
treated as neutral observations of online discourse. As a practical
rule, every aggregate claim should be traceable back to the data
scope, category definition, model setup, evaluation procedure, and
uncertainty or disagreement on which it depends. Claims about
platforms, communities, languages, or harms should be framed in
relation to the data, categories, model, evaluation procedure, and

uncertainty and disagreement on which they depend. This is partic-
ularly important when outputs are aggregated or used to support
broader claims about groups, events or online environments.

All in all, these guidelines suggest that model outputs should be
treated as fallible analytical materials whose meaning depends on
the pipeline through which they are produced and used. The goal
is to make explicit how methodological choices, model mediation,
and downstream consequences interact in the conclusions about
online content and social meaning.
5 Conclusions
LLMs have become central tools for analysingWeb and social media
data, but their outputs should not be treated as neutral evidence.
In this position paper, we argued that LLM-mediated analysis is
a situated pipeline in which model outputs are shaped by choices
about problem and task definition, input representation, prompting,
model judgment, evaluation, interpretation and use. These choices
affect what model outputs appear to reveal about the phenomena
under analysis and therefore the conclusions that can be drawn.

The pipeline should not be understood as sufficient to fully ex-
plain the social, cultural and interpretive issues that may shape
model-generated outputs. It makes the conditions of LLM-mediated
analysis more explicit, but it does not replace community expertise,
task-specific validation, interpretability methods or domain-specific
theories of multimodal meaning. For analyses of complex multi-
modal content, it should therefore be complemented by approaches
from explainable AI and computational social science, including
taxonomies that distinguish author intent, image-text relations,
domain-specific values and human interpretation (e.g., [4]).

The central challenge is therefore methodological as much as
technical. As model-generated labels, scores, summaries and ra-
tionales become easier to produce at scale, researchers must be
more explicit about the conditions under which those outputs are
generated, interpreted and used. Treating LLMs as components of
an analytical pipeline, rather than as neutral observers, helps clarify
why model outputs should be treated as fallible evidence. The guide-
lines outlined in this paper aim to support more context-sensitive,
transparent and accountable uses of LLMs.
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