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Abstract

Cancer-related discussions on social media pro-
vide important spaces for information exchange
and peer support, but can also expose users to
misinformation with implications for preven-
tion, screening, and treatment decisions. Exist-
ing work often treats cancer misinformation as
a binary phenomenon, providing limited insight
into how misinformation is expressed, engaged
with, and associated with potential harm. We
introduce a multi-dimensional taxonomy for
characterizing cancer misinformation in Reddit
discussions of breast, lung, colon, and prostate
cancer. Developed through expert annotation,
the taxonomy captures seven dimensions span-
ning misinformation presence, cancer stage,
information-seeking and sharing behavior, mis-
information type, risk, stance, and topical fo-
cus. We evaluate 21 large language models
(LLMs) across zero- and few-shot settings and
develop a cross-model agreement strategy for
scaling misinformation identification to over
133K posts. Our analysis shows that misin-
formation is heterogeneous in both form and
function: unproven and alternative treatments
emerge as a prominent topic, misinformation
frequently occurs within exchanges that com-
bine information seeking and sharing, and users
engage with questionable claims through both
endorsement and uncertainty. We further find
that classification difficulty varies substantially
across dimensions, with risk assessment posing
particular challenges for both human annota-
tors and LLMs. Our taxonomy and empirical
findings move beyond binary detection toward
a more nuanced characterization of how can-
cer misinformation is produced, discussed, and
encountered in online health communities.

1 Introduction

The rapid growth of social media platforms has
transformed how individuals seek, share, and en-
gage with health-related information (Moorhead
etal., 2013; Jiaet al., 2021; Bouzoubaa et al., 2023).

Beyond serving as sources of medical information,
these platforms also provide spaces for emotional
support (Pessianzadeh et al., 2026), experiential
knowledge sharing (Phadke, 2026), and discus-
sions about health conditions and treatment options
(Aghakhani and Rezapour, 2026). These functions
are particularly important in cancer communities,
where individuals often navigate substantial uncer-
tainty, emotional vulnerability, and complex care
decisions (Harkin et al., 2020; Tripathi et al., 2022).
At the same time, social media facilitates the circu-
lation of cancer-related misinformation (Johnson
et al., 2022; Loeb et al., 2024; Ghenai and Mejova,
2018), which may be amplified by these same
contextual factors (Swire-Thompson and Johnson,
2024; Wu and Pei, 2022; Wang et al., 2019). Expo-
sure to misleading or inaccurate information about
cancer prevention, screening, diagnosis, or treat-
ment can delay care, reduce adherence to evidence-
based interventions, and increase the adoption of
harmful or ineffective therapies (Loeb et al., 2024;
Johnson et al., 2022). Moreover, cancer-related
misinformation often receives disproportionately
high levels of online engagement (Loeb et al., 2024;
Meteran et al., 2023; Johnson et al., 2022).

Prior work has documented cancer misinfor-
mation involving unproven treatments (Fridman
et al., 2025), dietary interventions (Warner et al.,
2022), supplements (Wilner and Holton, 2020),
miracle cures, and conspiratorial narratives target-
ing pharmaceutical companies and medical institu-
tions (Warner et al., 2021; Varet et al., 2025). Other
studies have examined how such content is com-
municated through emotional narratives (Trivedi
et al., 2022), anecdotal evidence (Loeb et al., 2024),
and distrust framing (Peng et al., 2023). Parallel re-
search in NLP and computational social science has
examined cancer-related social media discussions
through the lens of stigma, emotional expression,
anxiety, and social support (Rajwal et al., 2024; Lal
et al., 2024; Pierce et al., 2024; Liu et al., 2024).
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Despite these advances, existing work on cancer
misinformation still lacks a unified computational
framework for large-scale characterization. Prior
studies often rely on qualitative analyses, small-
scale datasets, or binary misinformation labels that
fail to capture how misinformation is framed, con-
textualized, or engaged with (Swire-Thompson and
Johnson, 2024). As a result, important distinctions
between fabricated claims, misleading interpreta-
tions, anecdotal evidence, and contextualized un-
certainty remain underexplored (Wardle and Der-
akhshan, 2017). To address these limitations, we
develop a multi-dimensional taxonomy for cancer
misinformation grounded in established misinfor-
mation typologies and refined through expert feed-
back (Wardle and Derakhshan, 2017). The frame-
work captures seven dimensions: Misinformation
Presence, Cancer Stage, Information Type, Misin-
formation Type, Risk Level, Stance on Misinforma-
tion, and Misinformation Topic. Using this taxon-
omy, we construct an expert-annotated dataset and
systematically evaluate 21 LLMs across zero-shot
and few-shot settings. We then develop a cross-
model agreement strategy for scalable misinfor-
mation identification and apply the framework to
more than 133K Reddit posts spanning breast, lung,
colon, and prostate cancer communities.

Our findings demonstrate both the promise and
challenges of fine-grained LL.M-based cancer mis-
information classification. The selected classifiers
achieved weighted F1 scores of approximately 0.89
and high sensitivity (TPR = 0.98). Their inter-
section identified 1,730 high-confidence misinfor-
mation posts (1.29% of the analysis corpus) for
downstream characterization. Performance varied
across taxonomy dimensions, with Misinformation
Topic and Cancer Stage achieving stronger perfor-
mance, while more subjective dimensions, partic-
ularly Risk Level, remained challenging for both
human annotators and LLMs. Our analysis further
shows that cancer misinformation varies substan-
tially in form and communicative function. Un-
proven or alternative treatments emerged as the
most prevalent topic, while nearly half of identified
posts combined information-seeking and sharing,
and stance patterns reflected both endorsement and
uncertainty. We also observed variation across can-
cer communities and recurring evidence themes
involving unsupported treatments, misconceptions
about cancer causes and processes, and distrust of
conventional medicine.

Our contributions are threefold. First, we in-

troduce a comprehensive multi-dimensional taxon-
omy that moves beyond binary detection to char-
acterize the form, context, potential risk, stance,
and topical focus of cancer misinformation. Sec-
ond, we develop and release an expert-informed
annotated dataset and systematically evaluate LLM-
based approaches for scaling these annotations,
including a cross-model agreement strategy for
identifying high-confidence misinformation. Third,
we provide a large-scale computational analysis of
cancer misinformation across Reddit cancer com-
munities, revealing how misinformation varies in
its content, communicative function, and user en-
gagement. Our work provides a foundation for
fine-grained NLP analysis of health misinforma-
tion in online communities. Data, code, and re-
sults can be found here: https://github.com/
social-nlp-lab/cancer-misinformation.

2 Related Work

Conceptualizing and Characterizing Cancer
Misinformation. Recent work highlights cancer
as a critical domain for misinformation research
due to its high emotional stakes, treatment uncer-
tainty, and serious behavioral consequences (Swire-
Thompson and Johnson, 2024). Within this lit-
erature, cancer misinformation is generally de-
fined as health-related content that is false, unsup-
ported, misleading, or inconsistent with current
scientific consensus (Lazard et al., 2023; Johnson
et al., 2022). Prior studies have identified mis-
information in unproven treatments, unsupported
prevention strategies, and exaggerated intervention
claims (Loeb et al., 2024; Yussof et al., 2023; Frid-
man et al., 2025), including alternative therapies,
supplements, herbal cancer cures, and food and
lifestyle claims (Yussof et al., 2023; Fridman et al.,
2025). Existing work further suggests that can-
cer misinformation is not monolithic. Yussof et al.
(2023) distinguished between inaccurate and fabri-
cated misinformation, while Fridman et al. (2025)
showed that misleading content often combined
factual and false claims, complicating binary true/-
false annotation. This distinction is further compli-
cated by debunking, sarcasm, or neutral discussion
of alternative medicine, where mention does not
imply endorsement (Fridman et al., 2025).
Beyond topical categories, cancer misinforma-
tion is often embedded in broader narrative and per-
suasive forms. Common patterns include miracle-
cure advice, discouragement of conventional treat-
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ment, and distrust-centered narratives targeting doc-
tors or pharmaceutical companies (Warner et al.,
2021). Such claims may also employ persuasive
strategies such as personal narratives, institutional
distrust, and metaphoric framings (e.g., detoxifica-
tion or combat) (Peng et al., 2023; Kamali et al.,
2024; Loeb et al., 2024; Lazard et al., 2026; Baker,
2025). These findings suggest that cancer misinfor-
mation should be understood not only as inaccurate
content, but also as discourse whose meaning and
potential impact depend on how claims are framed
and communicated (Komsany et al., 2026).
Misinformation Harms and Gaps. Cancer mis-
information is consequential not only because it
is inaccurate, but because it can produce tangible
harm. Identified harms include delaying medical
care, adopting ineffective or toxic treatments, eco-
nomic harm, and harmful interactions with legit-
imate therapies (Loeb et al., 2024). Accordingly,
harmful content has been evaluated not only by
factual accuracy, but also by factors such as ac-
tionability, believability, spread potential, and ex-
ploitative capacity (Sehat et al., 2024; Tran et al.,
2019, 2020). Related health misinformation work
further highlights the role of rumors, incomplete
information, and skepticism toward medical guid-
ance in shaping harmful interpretations and behav-
iors (Alvarez-Galvez et al., 2025).

At the same time, NLP research on online can-
cer discussions has focused on adjacent problems
rather than misinformation itself (Podini et al.,
2021, 2023). Existing work examined patient con-
cerns, emotional expression, entity extraction, anx-
iety during diagnosis, stigma in lung cancer discus-
sions, and cancer-survivor discourse on Reddit (Ra-
jwal et al., 2024; Lal et al., 2024, 2025; Pierce et al.,
2024; Liu et al., 2024; Podina et al., 2021). This
work demonstrates the value of NLP for cancer-
related social media analysis, but lacks a unified,
multi-dimensional characterization of misinforma-
tion at scale. We address this gap with a taxonomy
and computational framework for large-scale anal-
ysis of cancer misinformation on Reddit.

3 Method

3.1 Data Collection

Reddit provides a valuable environment for
studying health discourse due to its long-form,
community-driven discussions that capture patient
experiences and information exchange (De Choud-
hury and De, 2014; Sarker et al., 2015). To ex-

amine cancer misinformation, we collected dis-
cussions from communities associated with four
cancer types selected in consultation with domain
experts: breast, lung, colon, and prostate. We iden-
tified relevant communities, resulting in 24 subred-
dits. Data were retrieved using Arcticshift (Heit-
mann, 2025), an interface to the historical Pushshift
archives (Baumgartner et al., 2020). In total, we
collected 243,538 posts. We removed empty posts,
posts with fewer than five words, content authored
by automated accounts (e.g., “AutoModerator”),
and posts marked as deleted or removed to protect
user privacy, resulting in a final dataset of 134,213
posts (see Table A1 for the full list of subreddits).
After excluding the 400 posts used for human an-
notation, 133,813 posts remained for full-corpus
inference and downstream analysis.

3.2 Taxonomy of Cancer Misinformation

We constructed a multi-dimensional framework
in collaboration with domain experts to analyze
cancer-related misinformation on Reddit. Rather
than treating misinformation as a binary phe-
nomenon, we characterize its structure, commu-
nicative role, and potential impact. We developed
an annotation taxonomy consisting of seven com-
plementary dimensions (Table 1).
Misinformation Presence. This dimension cap-
tures whether a post contains cancer-related misin-
formation. Following prior health misinformation
research (Chou et al., 2018), we define cancer mis-
information as false, misleading, or scientifically
unsupported claims about cancer risk factors, pre-
vention, diagnosis, or treatment that may lead to
harmful consequences. We additionally capture the
specific textual evidence supporting the misinfor-
mation classification.

Information Type. Posts are categorized as
information-seeking, information-sharing, or both,
reflecting different forms of health communication
behavior (Lambert and Loiselle, 2007). Seeking in-
cludes requests for advice, clarification, or second
opinions, while sharing includes providing infor-
mation, experiences, opinions, or claims.

Cancer Stage. This category distinguishes dis-
cussions related to cancer screening, treatment, or
neither. Prior work shows that misinformation can
influence both preventive behaviors and treatment
adherence, often with different downstream conse-
quences (Nagler, 2014; Chou et al., 2018).
Misinformation Type. We distinguish between
seven forms of misinformation: satire/parody, false
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Dimension Categories

Yes; No; Unclear

Prevention / Screening; Treatment; Other/
Unclear / Not applicable

Seeking; Sharing; Both; Neither / Unclear
Satire or Parody; False Connection; Mis-
leading Content; False Context; Imposter
Content; Fabricated Content; Manipulated
Content; Other

Low Risk; Moderate Risk; High Risk
Accept; Accept + Question; Reject; Reject +
Question; Question; Other/Unclear
Causation, risk factors & prevention claims;
Diagnosis & screening claims; Safety & ef-
fectiveness of conventional treatments; Un-
proven or alternative treatments; Conspiracy
& institutional distrust; Morality, religion
& ideology; Medical autonomy & medical
freedom; Other

Misinformation Presence
Cancer Stage

Information Type
Misinformation Type

Risk Level
Stance on Misinformation

Misinformation Topic

Table 1: Overview of the multi-dimensional taxonomy
for characterizing cancer misinformation.

connection, misleading content, false context, im-
poster content, fabricated content, and manipulated
content. Posts that do not clearly fit these types
are assigned to an additional Other category. This
taxonomy is adapted from established misinforma-
tion typologies that differentiate mechanisms of
deception and distortion (Wardle, 2017; Wardle
and Derakhshan, 2017).

Risk Level of Misinformation. We assess mis-
information severity based on its potential impact
on health behavior, ranging from low to high risk.
Prior research shows that health misinformation
varies substantially in its consequences, from rel-
atively benign misconceptions to claims that may
discourage effective treatment or promote harmful
interventions (Southwell et al., 2019; Wang et al.,
2019; Van Der Linden, 2022). Incorporating risk
enables distinguishing misinformation by its poten-
tial for harm.

Stance on Misinformation. This category cap-
tures how users engage with misinformation-
related content. Following prior work on stance
detection (Kii¢iik and Can, 2020; Rezapour et al.,
2021), we distinguish between accepting, reject-
ing, and questioning misinformation. Accepting
includes supporting, promoting, or endorsing mis-
leading claims, while rejecting reflects critique, cor-
rection, or explicit disagreement. Questioning cap-
tures uncertainty, requests for clarification, or ex-
ploratory discussion around potentially misleading
content. Building on (Pessianzadeh and Rezapour,
2025), we additionally include hybrid categories
where acceptance or rejection co-occurs with ques-
tioning to capture mixed or ambiguous positions.

Misinformation Topic. This category captures
the thematic focus of cancer-related misinforma-
tion. Drawing on prior work in health misinfor-
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Figure 1: Overview of the methodology (data selection,
annotation, and classification).

mation (Kata, 2010), we distinguish between eight
topical categories. These categories enable analy-
sis of how narratives vary across domains such as
treatments, prevention strategies, and skepticism
toward conventional medicine.

3.3 Data Annotation

Since cancer misinformation is relatively sparse
in online discussions, fully random sampling
would produce a dataset dominated by non-
misinformation posts and inefficiently use limited
domain-expert annotation resources. Following
prior findings on the low prevalence of health mis-
information (Suarez-Lledo and Alvarez-Galvez,
2021; Broniatowski et al., 2022), we adopted a
stratified sampling strategy to construct a more in-
formative annotation set. We first used Qwen, an
open-weight LLM, to weakly label posts for the
presence or absence of misinformation. We then
applied GPT-5.4, GPT-5.2, and Claude-Haiku-4.5
to Qwen-positive posts and an equally sized ran-
dom sample of Qwen-negative posts to identify
high-confidence candidate pools based on cross-
model agreement. From the resulting consensus
pools, we sampled 200 consensus-positive and 200
consensus-negative posts for human annotation, re-
sulting in a stratified annotation set of 400 posts.
The annotation process was conducted by two
domain experts in cancer care. We used a hierar-
chical workflow in which annotators first identi-

40395



fied whether a post contained misinformation; only
posts labeled as misinformation were further anno-
tated across the remaining taxonomy dimensions.
Disagreements between the two primary annota-
tors were adjudicated by a third experienced on-
cologist to obtain the final labels. Annotation was
conducted using Potato (Pei et al., 2022), with a de-
tailed codebook defining each taxonomy category.
Figure 1 summarizes the data selection, annota-
tion, and classification pipeline; further details are
provided in Appendix §B.1.

3.4 Classification

Following the proposed annotation framework, we
evaluated LLMs for cancer misinformation classifi-
cation using the same hierarchical structure as the
annotation process. Models first identified posts
containing misinformation, which were then classi-
fied across the remaining taxonomy dimensions.

3.4.1 Misinformation Classification

Models. We evaluated 21 LLMs on our ground-
truth data. We selected models from OpenAl
(Brown et al., 2020), Claude (Anthropic, 2026),
Gemini (Team et al., 2023), Meta-Llama-3.1-8B
(Grattafiori et al., 2024), Gemma-4-31B-it (Team
et al., 2024), and Qwen3.6-27B (Yang et al., 2025)
to compare model families (see Table A4 for full
list of models).

Prompting. We evaluated models in zero-shot and
few-shot settings. In the zero-shot setting, models
received the task instructions and our definition of
misinformation and classified each post as either
misinformation or other, with the latter encompass-
ing non-misinformation and unclear cases. For
few-shot prompting, we used k£ € [1,5] human-
annotated instances per class, drawn from a fixed
pool of 10 posts excluded from all evaluations, re-
sulting in a held-out set of N = 390. In both
settings, we incorporated Chain-of-Thought (CoT)
prompting (Wei et al., 2022), asking models to
provide a rationale for their predictions and, when
misinformation was identified, extract the support-
ing textual evidence. We used this evidence for the
subsequent analysis in §4.4. Complete prompts are
provided in §D.

3.4.2 Taxonomy Dimension Classification

For posts identified as misinformation, we further
evaluated LLM performance across the remaining
taxonomy dimensions: Cancer Stage, Information
Type, Misinformation Type, Risk Level, Stance,

Dimension Cohen’s k AC1
Misinformation Presence 0.85 0.90
Cancer Stage 0.48 0.70
Information Type 0.68 0.79
Misinformation Type 0.30 0.60
Risk Level 0.30 0.32
Stance on Misinformation 0.49 0.59
Misinformation Topic 0.48 0.63

Table 2: Inter-annotator agreement between the two
primary annotators across taxonomy dimensions, mea-
sured using Cohen’s x and Gwet’s AC1.

and Misinformation Topic. We evaluated models in
zero- and few-shot settings. For few-shot prompt-
ing, we used k € [1, 4] human-annotated instances
per class, selected from our ground-truth data and
excluded from the corresponding evaluation set.
Prompts were constructed separately for each tax-
onomy dimension and shot setting.

3.4.3 Experiment Setting

Models were evaluated using weighted precision
(P), weighted recall (R), and weighted F;. For
binary misinformation classification, we report the
true positive rate (TPR) for misinformation and the
true negative rate (TNR) for non-misinformation.
Across all experiments, model temperature was set
to 0 to reduce output variability. Unless otherwise
specified, all remaining generation parameters were
kept at their default values for each model APIL.

4 Results

4.1 Annotation Agreement

Two domain experts independently annotated 400
sampled posts. Table 2 reports inter-annotator
agreement across the seven annotation dimensions
using Cohen’s x and Gwet’s AC1. We report AC1
alongside x because it is less sensitive to skewed
marginal distributions and class imbalance, which
are present in several of our multi-class dimen-
sions. Agreement was highest for Misinformation
Presence (k = 0.85, AC1 = 0.90), followed by In-
formation Type (x = 0.68, AC1 =0.79). AC1 was
notably higher than « for several dimensions, par-
ticularly Cancer Stage and Misinformation Type,
suggesting that lower « values partly reflect un-
even label distributions rather than disagreement
alone. Risk Level showed the lowest agreement
under both measures (v = 0.30, AC1 = 0.32);
unlike the other lower-x dimensions, agreement
did not increase substantially under AC1, suggest-
ing greater difficulty in consistently assessing the
potential severity and real-world consequences of
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misinformation. Following the agreement analysis,
disagreements between the two primary annotators
were adjudicated by a third experienced oncologist
to obtain a single final label for each post. The
third annotator’s labels were used only for adju-
dication and excluded from agreement statistics.
Tables A12 and A13 present representative exam-
ples across dimensions and labels. Additional de-
tails and examples of annotator disagreement are
provided in §B.2 and §B.3.

Ground-Truth Label Distribution. Following ad-
judication, the ground-truth dataset contained 161
misinformation (40.25%), 235 non-misinformation
(58.75%), and 4 unclear posts (1.00%). This dis-
tribution reflects our consensus-enriched, stratified
sampling procedure and should not be interpreted
as corpus-level prevalence. The remaining dimen-
sions were annotated only for the 161 misinforma-
tion posts. Treatment (70%), Fabricated Content
(72%), Low Risk (58%), and Unproven or Alter-
native Treatments (62%) were the most frequent
labels in their respective dimensions, while 52% of
posts combined information seeking and sharing.
Full distributions are reported in Table AS.

4.2 Misinformation Classification

We evaluated 21 LLMs across zero-shot and few-
shot settings (K = 0-5). Figure 2 shows F1 scores
for selected models, with full results reported in
Table A4. Several models performed comparably
well, with the strongest models remaining relatively
stable across shot settings. In the zero-shot setting,
GPT-5.5, GPT-40, and Gemini 3.0 Flash achieved
weighted F1 scores of 0.885, 0.888, and 0.888, re-
spectively; however, GPT-40 and Gemini 3.0 Flash
showed higher sensitivity to misinformation (TPR
= 0.97) than GPT-5.5 (TPR = 0.91). Across few-
shot settings, the highest weighted F1 was 0.896,
achieved by GPT-5.5 at k = 2, followed closely
by Gemini 3.0 Flash (F1 =0.893 at k = 2,5) and
GPT-40 (F1=0.891 at k = 1,5).

Despite its slightly higher F1, GPT-5.5’s higher
inference cost and generally lower sensitivity made
it less suitable for our corpus-scale setting. Based
on classification performance, sensitivity to mis-
information, stability across shots, and inference
cost, we selected GPT-40 (k = 1; F1 = 0.891, TPR
=0.98) and Gemini 3.0 Flash (k = 5; F1 = 0.893,
TPR = 0.98) as the final classifiers. Full model
and cross-model evaluation details are provided in
Appendix §C.

Overall Distribution of Misinformation The two

Gemini 3.0 Flash 0.893
GPT-40-mini | 0.86 [ oss | oss | 0] ose S
CSFSREYIN | oss ’

Gemma-4-31B-it | 0.86 086 [N0877 os6
0 1 2 3 4 5

Number of few-shot examples per class (k)

Figure 2: F1 scores for misinformation classification
across LLMs for k£ = 0 — 5.

selected classifiers were independently applied to
the full analysis corpus (N = 133,813). GPT-
4o classified 2,933 posts (2.19%) as misinforma-
tion, while Gemini 3.0 Flash classified 3,680 posts
(2.75%). Since the two models showed comparable
performance on the human-annotated evaluation
set, we used their intersection (i.e., posts indepen-
dently classified as misinformation by both models)
to construct the high-confidence misinformation
set. Both models classified 1,730 misinformation
posts (1.29% of the corpus), which were retained
for downstream analyses. The models disagreed
on 3,153 posts (2.36%), which were excluded from
the high-confidence misinformation set. The inter-
section provides a conservative operationalization
of misinformation rather than an estimate of its true
prevalence. Detailed evaluation of the intersection
and union decision rules, cross-model disagree-
ment, and label-selection rationale are provided in
§C.1.2-C.1.3.

4.3 Taxonomy Dimension Classification

We next evaluated GPT-40 and Gemini 3.0 Flash on
the remaining taxonomy dimensions across zero-
shot and few-shot settings (k = 0-4). Table A7
reports performance for each model. Results varied
substantially across dimensions, reflecting differ-
ences in classification difficulty. Misinformation
Topic had the strongest performance, with GPT-
40 achieving a weighted F1 of 0.96 at £ = 3 and
maintaining F1 scores of 0.94-0.96 across few-shot
settings. Cancer Stage also achieved strong perfor-
mance, with Gemini 3.0 Flash outperforming GPT-
40 across settings and reaching an F1 of 0.90 at
k = 3. For Information Type, GPT-40 achieved the
highest F1 of 0.87 at £ = 1. Few-shot prompting
produced the largest gains for Misinformation Type
and Risk Level. For Misinformation Type, GPT-40
improved from an F1 of 0.12 in the zero-shot set-
ting to 0.71 at k = 4. Similarly, performance on
Risk Level also improved with few-shot prompt-
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ing but remained challenging; the highest F1 was
0.40, achieved by Gemini 3.0 Flash at £ = 3. This
lower performance is consistent with the lower hu-
man inter-annotator agreement observed for Risk
Level (Table 2), indicating that distinctions among
risk categories were challenging for both human
annotators and LLMs. For Stance on Misinforma-
tion, Gemini 3.0 Flash performed better overall,
reaching a maximum F1 of 0.67 at k = 2.

For downstream analysis, we selected the model
and prompting with the highest F1 for each taxon-
omy dimension. The selected configurations were
then applied to the high-confidence misinformation
set for subsequent analyses.

Taxonomy Dimension Distribution After apply-
ing the selected model and prompting configura-
tion for each taxonomy dimension to the high-
confidence misinformation set, we examined the
distribution of labels across dimensions. Ta-
ble A9 presents these distributions and shows sev-
eral patterns in cancer misinformation discussions
on Reddit. Within the Cancer Stage dimension,
treatment-related misinformation was the largest
category (47.80%), followed by prevention/screen-
ing (19.31%), while 32.89% of posts were classi-
fied as other, unclear, or not applicable. For Infor-
mation Type, nearly half of the posts (48.84%)
combined information-seeking and information-
sharing behaviors, compared with 30.06% that pri-
marily shared information and 21.10% that primar-
ily sought information. This suggests that misinfor-
mation frequently occurs in interactive exchanges
where users both introduce claims or experiences
and seek feedback from others. For Misinformation
Type, false context (29.60%) and fabricated con-
tent (29.36%) were the most common categories,
followed by other forms (27.40%). For Risk Level,
more than half of the posts were classified as mod-
erate risk (54.34%), while 15.84% were classified
as high risk. The Stance distribution further indi-
cates that users did not engage with misinformation
solely through explicit endorsement. Questions
were the most frequent stance (32.14%), followed
closely by acceptance (29.48%) and posts combin-
ing acceptance with questioning (20.40%). These
patterns suggest that misinformation frequently ap-
pears within a mixture of endorsement and uncer-
tainty rather than through unequivocal acceptance
alone. Finally, unproven or alternative treatments
were most prevalent (44.98%), substantially ex-
ceeding diagnosis and screening claims (16.88%)
and claims concerning the safety and effective-

ness of conventional treatments (15.50%). Causa-
tion, risk factors, and prevention claims accounted
for 7.06%, while conspiracy and institutional dis-
trust (4.57%), medical autonomy and medical free-
dom (2.20%), and morality, religion, and ideol-
ogy (1.27%) were less common. As the results
show, treatment-related misinformation, particu-
larly claims involving unproven or alternative ap-
proaches, constitutes a prominent component of
cancer misinformation in the Reddit discussions.

4.4 Evidence Analysis

Our LLM-based annotation pipeline addition-
ally extracted the textual evidence supporting
each misinformation classification. We applied
LLooM (Lam et al., 2024) to identify recurring
themes within this evidence beyond the prede-
fined taxonomy categories. Table A1l presents
the themes, their inclusion criteria, and represen-
tative examples. The themes span alternative and
natural treatments, misconceptions about cancer
causes and processes, cure-related conspiracies,
misuse of cancer statistics, skepticism toward con-
ventional medicine, emotional or psychological ex-
planations of cancer, and purported links between
vaccines and cancer. They also capture more spe-
cific misconceptions about cancer detection, sever-
ity, spread, and recurrence. For example, the ev-
idence includes claims that natural remedies can
treat cancer, that conventional treatments can pro-
mote cancer spread, or that vaccines can trigger
cancer. This analysis complements the broader tax-
onomy by revealing more specific claims within its
categories.

4.5 Misinformation Across Cancer
Communities

Table A10 shows the proportion of high-confidence
misinformation posts across cancer-related subred-
dits. Large communities such as r/breastcancer,
r/Prostatitis, and r/ProstateCancer contained the
highest absolute numbers of misinformation posts,
consistent with their overall discussion volume.
Among high-volume communities, #/lungcancer
exhibited the highest misinformation ratio (2.18%),
followed by r/ProstateCancer (1.99%) and r/Pro-
statitis (1.91%). In contrast, /colonoscopy (0.45%)
and r/doihavebreastcancer (0.78%) showed com-
paratively lower ratios. Several smaller niche
communities exhibited substantially higher ra-
tios of posts classified as misinformation, includ-
ing r/Prostate_Cancer (50.00%), r/ProstateCan-
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Figure 3: Breakdown of 1,730 high-confidence misin-
formation posts across six taxonomy dimensions, with
the top four subreddits contributing to each displayed
label shown in the outer ring. Labels representing less
than 4.5% of posts are omitted for readability, and Mis-
information Topics are shortened for display.

cer_AS (45.95%), and r/BreastCancerResearch
(20.75%), although these findings should be in-
terpreted cautiously due to limited sample sizes.
These results show substantial cross-community
variation, although ratios from small subreddits
should not be interpreted as reliable estimates of
community-level misinformation prevalence.
Figure 3 integrates these results, mapping the
1,730 high-confidence misinformation posts across
six taxonomy dimensions and their contribut-
ing subreddits. Across many labels, the same
high-volume communities, including r/breast-
cancer, r/Prostatitis, r/ProstateCancer, r/colon-
cancer, and r/doihavebreastcancer, appear promi-
nently. Treatment-stage misinformation, com-
bined information seeking and sharing, moderate-
risk content, questioning-oriented discourse, and
unproven or alternative treatment claims appear
across these active communities, showing that com-
mon taxonomy labels span multiple cancer commu-
nities and partly reflect subreddit size and activity.

5 Discussion

Misinformation is Relatively Rare but Still Sig-
nificant. Our conservative cross-model agreement
strategy identified 1,730 high-confidence misinfor-
mation posts, representing 1.29% of the analysis
corpus. This proportion should not be interpreted

as the true prevalence of cancer misinformation, as
our intersection-based approach prioritizes classifi-
cation confidence and may exclude cases identified
by only one model. Prior work similarly shows
that the prevalence of health misinformation varies
substantially across social media contexts (Suarez-
Lledo and Alvarez-Galvez, 2021). Nevertheless,
the presence of more than 1,700 high-confidence
instances illustrates that misinformation persists
even within communities largely centered on le-
gitimate information exchange and peer support.
This is particularly important in cancer communi-
ties, where unsupported claims may shape conse-
quential decisions about prevention, screening, and
treatment. Such claims may be especially conse-
quential when embedded within personal experi-
ences, information-seeking exchanges, or peer-to-
peer advice (Peng et al., 2023; Swire-Thompson
and Johnson, 2024). These findings highlight the
importance of examining how misinformation is
communicated and encountered, even when rela-
tively infrequent.

Moderation Challenges in Uncertainty-Oriented
Health Discussions. Although many cancer-
related subreddits are relatively specialized and
actively moderated, misinformation can persist
through conversational and uncertainty-oriented
discourse, including anecdotal experiences, un-
proven or alternative treatments, and mislead-
ing interpretations of medical evidence. Such
content is difficult to moderate because it often
blends personal experience, questions, and partial
truths rather than presenting explicit falsehoods.
Stance patterns reflected a mixture of questioning
(32.14%), acceptance (29.48%), and acceptance
combined with questioning (20.40%). Nearly half
of identified posts (48.84%) also combined infor-
mation seeking and sharing, indicating that users
may introduce claims or experiences while simul-
taneously seeking feedback or validation from oth-
ers. These patterns suggest that misinformation
can emerge through interactive sensemaking and
uncertainty as well as direct endorsement (Wardle
and Derakhshan, 2017; Cinelli et al., 2020; Vraga
and Bode, 2020). In Reddit communities, where
moderation is largely community-driven and dis-
cussion norms emphasize peer support and open
conversation, overly aggressive moderation may
suppress legitimate health concerns, while insuffi-
cient moderation may allow misleading narratives
to normalize within support-oriented discussions.
This tension motivates context-sensitive modera-
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tion that account for misinformation type, stance,
risk level, and conversational intent rather than re-
lying solely on binary true/false classification.
Subjectivity of Some Taxonomy Dimensions.
Several dimensions of our taxonomy exhibited
greater annotation and modeling difficulty, with
Risk Level showing the greatest difficulty: low
agreement under both Cohen’s x and Gwet’s AC1
and the weakest downstream classification perfor-
mance. For other dimensions, such as Misinforma-
tion Type, the higher AC1 relative to x suggests
that uneven label distributions contributed to lower
observed agreement. More broadly, some fine-
grained dimensions require nuanced judgments
about intent, ambiguity, rhetorical framing, and
potential behavioral consequences. This reflects
broader challenges in misinformation research,
where disagreement can arise not only from factual
uncertainty but also from differences in contex-
tual interpretation and perceptions of harm (Wang
et al., 2019; Van Der Linden, 2022). Such am-
biguity is further amplified by the coexistence of
personal experience, emotional support seeking,
evolving medical evidence, and uncertainty around
treatment decisions. Our results therefore suggest
that multi-dimensional misinformation analysis in-
troduces annotation and modeling challenges be-
yond binary detection, particularly for dimensions
requiring contextual or normative judgment.
Frequency and Potential Harm are Distinct.
More than half of the identified misinformation
posts were categorized as moderate risk (54.34%),
while 15.84% were classified as high risk and
29.83% as low risk. These results show that the
identified misinformation varies substantially in its
potential for harm. Moderate-risk claims may con-
tribute to confusion, treatment hesitancy, or dis-
torted perceptions of screening and care, while
high-risk misinformation may more directly en-
courage treatment avoidance or unsupported inter-
ventions. This distinction underscores the impor-
tance of evaluating misinformation by potential
harm, not occurrence alone (Wang et al., 2019).
Detection and moderation systems should there-
fore account for contextual severity and potential
behavioral consequences rather than treating all
misinformation as equally harmful.

Implications for Health Communication. Our
findings show that unproven or alternative treat-
ments constituted the most prevalent misinforma-
tion topic, followed by claims about diagnosis and
screening and the safety and effectiveness of con-

ventional cancer treatments. This is consistent
with prior cancer misinformation research iden-
tifying alternative medicine and unsupported treat-
ment claims as recurring concerns (Yussof et al.,
2023; Fridman et al., 2025). Our evidence-theme
analysis further illustrates the range of specific
claims involved, including natural remedies, treat-
ment skepticism, misconceptions about cancer pro-
cesses, and vaccine-related causation. Such claims
may shape treatment choices, screening behav-
iors, and trust in clinical recommendations, particu-
larly when presented through personal experiences
or peer advice. Given the importance of timely,
evidence-based cancer care, even seemingly mod-
erate claims may contribute to confusion or treat-
ment hesitancy (Vraga and Bode, 2020; Pennycook
et al., 2019). Public health and clinical communica-
tion strategies should address both misconceptions
about established cancer care and unsupported al-
ternative approaches by providing accessible evi-
dence while also addressing uncertainty, treatment
concerns, and questions about conventional care.

6 Conclusion

We introduced a multi-dimensional taxonomy for
analyzing cancer misinformation on Reddit and
constructed an expert-annotated dataset spanning
multiple cancer communities. Our results show
that LLMs can support scalable, fine-grained mis-
information annotation, while performance varies
substantially across taxonomy dimensions, with
more subjective dimensions such as Risk Level re-
maining challenging. Applying the framework to
more than 133K Reddit posts revealed substantial
variation in how misinformation is communicated,
engaged with, and associated with potential harm,
with unproven or alternative treatments emerging
as the most prevalent topic. Our taxonomy, dataset,
and analysis provide a foundation for moving be-
yond binary detection toward multi-dimensional
analysis of online cancer misinformation at scale.
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7 Limitations

This study has several limitations. First, our
analysis is based exclusively on Reddit data and
therefore may not generalize to the broader pop-
ulation of cancer patients, caregivers, or health-
information consumers. Reddit users tend to be
younger and more technologically engaged than
the general population, further limiting the repre-
sentativeness of our findings. In addition, cancer-
related discussions on Reddit may differ substan-
tially from conversations occurring on other plat-
forms such as Facebook, TikTok, YouTube, or
closed patient-support communities, where mis-
information dynamics, moderation practices, and
interaction structures vary considerably. Second,
our dataset focuses primarily on specialized cancer-
related subreddits that are relatively moderated and
topic-focused. This focus may underestimate the
diversity and extremity of misinformation circulat-
ing in more general-purpose, politically polarized,
or weakly moderated communities. Future work
should extend this analysis to cross-platform and
broader community settings to better understand
how cancer misinformation spreads across hetero-
geneous online environments.

Third, although the evaluated LLMs achieved
strong overall classification performance, auto-
mated annotation may be imperfect. Some mis-
information cases involve sarcasm, humor, anec-
dotal experience, implicit implications, evolving
medical evidence, or mixtures of factual and mis-
leading claims that remain challenging even for
advanced models. These ambiguities are particu-
larly important in health discussions, where per-
sonal experiences may coexist with unsupported
recommendations or inaccurate medical interpreta-
tions. As a result, some automatically labeled posts
may contain classification errors that propagate into
downstream analyses. In addition, although we se-
lected more stable versions of proprietary LLMs
where possible, provider updates may alter model
behavior over time, potentially affecting the repro-
ducibility of model-based annotations. Fourth, our
human-annotated evaluation set reflects a deliberate
sampling strategy rather than a random sample of
the full corpus. To ensure sufficient representation
of misinformation for expert annotation, candidate
posts were identified through weak labeling and
multi-model consensus, and the annotation set was
stratified across consensus-positive and consensus-
negative cases. This consensus-enriched sampling

may underrepresent ambiguous cases near the mis-
information decision boundary.

Fifth, several taxonomy dimensions involve sub-
stantial contextual and subjective judgment. Risk
Level showed low agreement under both Cohen’s
x and Gwet’s AC1 and yielded the weakest auto-
mated classification performance, while differences
between x and AC1 for other dimensions indicate
sensitivity to uneven label distributions. Although
disagreements were adjudicated by a third expert
to obtain final labels, adjudication collapses some
underlying uncertainty into a single label. Future
work will examine approaches that explicitly model
annotator disagreement and uncertainty. Sixth, the
taxonomy itself reflects a particular operationaliza-
tion of cancer misinformation informed by prior
literature and domain expertise. Although we de-
signed the framework to capture multiple dimen-
sions of misinformation, alternative taxonomies or
annotation schemes could emphasize different as-
pects of online health discourse, such as emotional
persuasion, uncertainty, scientific evidence qual-
ity, or community-level dynamics. Similarly, our
topic categories and risk definitions may evolve
as medical consensus, online narratives, and mis-
information strategies change over time. Finally,
our study focuses on English-language discussions
and does not address multilingual or cross-cultural
misinformation narratives. Cancer misinformation
may vary across healthcare systems and cultural
contexts, including around screening, alternative
medicine, and institutional trust. Extending multi-
dimensional misinformation modeling to multilin-
gual and culturally diverse settings remains an im-
portant direction for future research.

8 Ethical Considerations

This work analyzes Reddit discussions related to
cancer and health misinformation. Although Red-
dit data is publicly accessible, discussions about
cancer frequently involve sensitive personal ex-
periences, medical histories, treatment decisions,
emotional distress, and caregiver concerns. To re-
duce privacy risks, we removed deleted and re-
moved posts from the dataset and excluded user-
identifying information from our analysis and re-
porting. We do not release usernames, account
identifiers, or raw post content containing person-
ally identifiable information, and we will only share
Post IDs in our dataset. Example posts included
in the paper were paraphrased and anonymized to
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reduce re-identification risk while preserving the
substantive characteristics necessary for scientific
interpretation.

Our annotations were produced by domain ex-
perts and adjudicated by an experienced oncologist
(see §4.1 for details). Medical evidence and its
interpretation can also evolve over time. Conse-
quently, our labels should not be interpreted as
definitive clinical judgments or medical advice. In
particular, some posts classified as misinforma-
tion may reflect patient uncertainty, incomplete
understanding, personal experience, or evolving
scientific evidence rather than intentional decep-
tion. The use of LLMs for large-scale annotation
introduces additional ethical considerations. Al-
though our selected models demonstrated strong
classification performance, automated systems may
encode biases from their training data and may dis-
proportionately misclassify certain linguistic styles,
communities, or forms of expression. These biases
may influence both misinformation detection and
downstream taxonomy analyses. Although we use
cross-model agreement to reduce reliance on a sin-
gle classifier, model agreement does not constitute
clinical ground truth and may reproduce biases or
blind spots shared across models.

Our work is intended to support research on on-
line health misinformation, not to enable censor-
ship or punitive moderation. Automated classifica-
tion can incorrectly flag legitimate patient concerns,
personal experiences, or good-faith questions about
treatment alternatives. This risk is particularly im-
portant in health contexts where users seek emo-
tional support, second opinions, or experiential
knowledge. Our finding that misinformation fre-
quently appears within questioning, mixed-stance,
and information-sharing exchanges further illus-
trates why a positive classification should not be
interpreted as evidence of deliberate misinforma-
tion sharing or malicious intent. More broadly,
operationalizing health misinformation creates a
tension between identifying potentially harmful
content and preserving legitimate uncertainty and
discussion. We therefore caution against deploying
automated systems as standalone moderation tools
without human oversight and contextual review.
Our multi-dimensional framework is intended in
part to preserve these distinctions rather than re-
ducing health discourse to binary true/false judg-
ments.
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A Cancer-Related Subreddits

Table A1 presents the subreddits selected for each
of the four cancer types included in this study:
breast, lung, prostate, and colon cancer. These com-
munities were selected based on their relevance to
cancer-related discussions.

Cancer Subreddits

Type

Breast r/breastcancer, r/BreastCancer-

Cancer Survivors, r/BreastCancerRe-
search, r/BreastCancerGenomics,
r/doihavebreastcancer, r/Living-
WithMBC, r/QueerBreastCancer,
r/mtf_breast_cancer

Lung Can- r/lungcancer, r/LungCancerSupport,

cer r/nsclc, r/SmallCellLungCancer

Prostate r/ProstateCancer, r/Prostate_Cancer,

Cancer r/ProstateTreatment, r/ProstateCan-
cer_AS, r/prostateinfo, r/Prostate-
Bob, 1/ProstateCancerDesign, r/Pro-
statitis

Colon/ r/colorectalcancer, r/coloncancer, r/-

Colorectal colonoscopy, r/askcoloncancerdoc-

Cancer tors

Table Al: Cancer-related subreddits included in the
study, grouped by cancer type.

B Data Annotation and Misinformation
Identification

B.1 Weak-Labeling and Human Annotation
Pipeline

Identifying misinformation in the full corpus is

challenging because misinformation constitutes a

relatively sparse class within a large collection of
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predominantly non-misinformation posts. Rather
than randomly sampling posts for human annota-
tion, which could yield relatively few positive ex-
amples, we used a multi-stage weak-labeling pro-
cedure to construct an annotation set enriched for
candidate misinformation while retaining a com-
parison set of likely non-misinformation posts. We
first applied Qwen as a weak labeler to the full
corpus of 134,213 posts. Qwen classified 1,813
posts as candidate misinformation. We addition-
ally sampled 1,813 posts from those classified as
non-misinformation, producing candidate pools
of equal size for the two weak-label classes. To
increase confidence in the weak labels used for
human-sample selection, we independently clas-
sified the candidate posts using three additional
LLMs: GPT-5.4, GPT-5.2, and Claude Haiku.
Among the 1,813 Qwen-positive candidates, 369
posts were also classified as misinformation by all
three additional models. From these consensus-
positive cases, we sampled 200 posts for human
annotation. We similarly selected 200 consensus-
negative posts for which the models agreed on
the non-misinformation label. This procedure pro-
duced a stratified human-annotation set of 400
posts, intentionally enriched for both positive and
negative cases rather than designed to reproduce
the natural prevalence of misinformation in the full
corpus. Table A2 summarizes the annotation and
classification pipeline.

Stage Selection mechanism N
Full corpus Unlabelled posts 134,213
Qwen candi- Posts weakly classified as mis- 1,813
date positives information

Qwen compari-  Sampled from posts 1,813

son negatives weakly classified as
misinformation
Qwen-positive posts also clas- 369
sified as misinformation by

GPT-5.4, GPT-5.2, and Claude

Haiku

200 consensus-positive and 400

200 consensus-negative posts

non-
Consensus-

positive pool

Human annota-
tion set

Table A2: Multi-stage weak-labeling and annotation
pipeline.

B.2 Human Validation of Weak Labels

The 400 selected posts were manually annotated
according to the study’s misinformation annotation
criteria. Agreement between the weak-label assign-
ments used to construct the annotation sample and
the final human annotations was substantial (Co-
hen’s k = 0.78). This result provides evidence that

the consensus-based weak-labeling procedure was
effective for constructing candidate positive and
negative annotation pools while retaining human
annotation as the final reference standard.

B.3 Sources of Annotator Disagreement

We qualitatively examined the posts for which the
two expert annotators assigned different binary
labels. Three main patterns explained most dis-
agreements: ambiguity between questioning and
asserting misinformation, reliance on personal ex-
periences or alternative treatments, and uncertainty
regarding the evidentiary and cancer-related bound-
aries of the annotation task. Table A3 presents
these patterns with representative examples.

C Using LLM:s for Classification

C.1 Misinformation Classification

To identify a robust model configuration for mis-
information classification, we evaluated 21 LLMs
across zero-shot and few-shot settings. For each
model, we varied the number of in-context exam-
ples from &k = 0 (zero-shot) to k = 5, using the
same classification instructions and annotation def-
inition across configurations. All experiments were
conducted with a temperature of 0 to reduce output
variability. Few-shot instances were drawn from a
fixed pool of 10 human-annotated posts excluded
from all evaluations, resulting in a held-out set of
N = 390. Table A4 reports performance across
models and shot settings. This comparison allowed
us to assess differences across model families and
the effect of the number of in-context examples
on classification performance. Because misinfor-
mation classification requires distinguishing unsup-
ported or misleading medical claims from ques-
tions, personal experiences, and legitimate health
information, we considered classification perfor-
mance, specificity, stability across shot settings,
and inference cost. Balancing these criteria, we
selected GPT-40 with £ = 1 (F1 = 0.891; TPR
= 0.98) and Gemini 3.0 Flash with £k = 5 (F1 =
0.893; TPR = 0.98) as the two final classifiers and
applied them independently to the full corpus. Al-
though GPT-5.5 achieved the highest weighted F1
(0.896 at k = 2), it was not selected because of
its higher inference cost and generally lower TPR
relative to the selected configurations. We subse-
quently evaluated the individual predictions and
cross-model agreement of the two selected clas-
sifiers to determine the final labeling strategy, as
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Pattern

Representative examples

Questioning or speculating versus asserting
misinformation:

Several posts introduced questionable propositions as
questions, possibilities, or uncertain beliefs rather than
established facts. These examples may be interpreted either
as spreading an unsupported proposition or as seeking
clarification without endorsing the proposition.

Personal anecdotes and alternative treatments:

Several posts combined personal experiences with implied
medical conclusions. These posts blur the distinction between
reporting an individual experience, discussing
complementary practices, and recommending an unsupported
medical treatment.

Unclear evidentiary or cancer-related boundaries:

Some claims relied on preliminary evidence, lacked sufficient
context, or were only indirectly related to cancer. These cases
create uncertainty about whether a claim is sufficiently
unsupported, misleading, and directly related to cancer to
satisfy the annotation criteria.

1) “Random idea! Epsom salt soak for inflamed prostate?
Anyone tried this for their prostate? ... maybe it’d work for
the prostate?”

2) “Maybe hope to find ways to control my hormones
naturally or follow my oncologist’s suggestion.”

1) “I found a holistic MD that prescribed ivermectin and it had
a wonderful side effect of decreasing my prostate
enlargement.”

2) “I’ve stopped all regular medication except tamoxifen. Now
I’'m relying on what I've got: acupuncture, homeopathy,
movement.”

1) “They exposed breast cancer cells to the blessed seed
extracts; the breast cancer cells were inactivated, whereby
they concluded that the blessed seed had promising results in
the field of prevention and treatment of cancer.”

2) “This doctor had prostate problems, and he developed a
secret investigation about this, asking a NASA officer how
astronauts pee with no gravity. They drink iodine. Wakame,
neem. Saw palmetto. Kelp. Shilajit. Bladderwrack. Anyone
tried any of them?”

Table A3: Representative patterns of disagreement between expert annotators.

described in § C.1.1-C.1.3.

C.1.1 Final Classifier Evaluation

We evaluated two final LLM classifiers against the
held-out human annotations: GPT-40, hereafter
Model 1 (M), and Gemini 3.0 Flash, hereafter
Model 2 (M5). Because the annotation set was con-
structed through stratified sampling rather than ran-
dom sampling from the corpus, these results charac-
terize classification performance on the evaluation
set and should not be interpreted as estimates of
corpus-level misinformation prevalence. As shown
in Table A5, the two classifiers performed compa-
rably against the human annotations. M; achieved
a weighted F1 score of 0.891, while M, achieved
0.893. Both models achieved a TPR of 0.981, with
TNRs of 0.829 and 0.833, respectively. Given their
similar performance, neither individual classifier
was clearly preferable as the sole labeling model.
We therefore evaluated two model-agreement de-
cision rules against the same held-out human an-
notations. Under the intersection rule, a post was
assigned a positive misinformation label only when
both models classified it as misinformation:

Z)int = ]I(Ml =1AMy; = 1) (D)

Under union rule, a positive label was assigned
when either classifier predicted misinformation:

gunion = H(Ml =1V M2 = 1) (2)

The intersection achieved the highest weighted
F1 (0.896) and specificity (0.842), while maintain-
ing high sensitivity (0.974) (Table AS5). In con-
trast, the union increased sensitivity to 0.987 but
reduced specificity to 0.821 and produced the low-
est weighted F1 (0.888). Although differences in
aggregate performance were small, the intersec-
tion provided a more conservative operating point.
We therefore adopted the intersection rule for con-
structing the high-confidence misinformation set
used in downstream analyses.

C.1.2 Cross-Model Agreement on the Full
Corpus

We next examined agreement between the two fi-
nal classifiers across all 133,813 posts. Table A6
reports their classification patterns. M, classified
2,933 posts (2.19%) as misinformation, whereas
M classified 3,680 posts (2.75%). The models
jointly classified 1,730 posts (1.29%) as misin-
formation and 128,930 posts (96.35%) as non-
misinformation. Overall, the models disagreed on
3,153 posts (2.36% of the corpus): 1,203 posts
were classified as misinformation by M; only
and 1,950 by M> only. Thus, corpus-level agree-
ment was high, largely because both models clas-
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Model K P R F1 TPR TNR

Model K P R F1 TPR TNR
GPT-5.5 089 0.88 0.885 091 0.87 GPT-3.5 090 0.89 0.893 095 085
GPT-5.4 086 086 086 0.88 0.85
GPT-5.4 082 0.82 0.82 0.77 0.85 L
.. GPT-5.4-mini 085 084 084 085 0.84
GPT-5.4-mini 0.87 0.86 0.86 0.90 0.83
GPT-5.4-nano 088 0.84 084 097 076
GPT-5.4-nano 0.81 0.65 0.63 1.00 0.41
GPT-5.2 090 0.88 088 096 083
GPT-5.2 087 086 086 088 0.84
GPT-5.1 0.87 086 0.86 0.92 0.82
GPT-5.1 0.84 0.84 084 083 0384 GPT5 089 088 0885 091 087
GPT-5 087 087 087 087 087 i ' ' | ’ :
- GPT-5-mini 088 086 086 096 0.79
GPT-5-mini 088 0.85 086 096 0.79 i
GPT-5-nano 0.81 0.81 0.81 0.77  0.83
GPT-5-nano 083 0.82 0.82 0.81 0.83
GPT-4.1 090 0.88 088 096 0.3
GPT-4.1 085 0.84 0.84 0.85 0.83 .
.. GPT-4.1-mini 3 088 0.87 087 091 0.85
GPT-4.1-mini 0 087 08 087 09 0.84
GPT-4.1-nano 0.79 0.68 0.68 0.95 0.51
GPT-4.1-nano 080 078 079 0.84 0.74 GPT-4
~40 091 0.89 0.888 0.98 0.82
GPT-40 090 0.89 0.888 097 0.83 GPT-40-mini
.. ~40-mini 0.90 0.88 0.88 0.99 0.81
GPT-40-mini 088 086 086 097 079 . .
Claude-sonnet-4-6 088 086 087 094 0.32
Claude-sonnet-4-6 0.86 0.85 0.85 0.87 0.83 . -
. Claude-haiku-4-5 086 086 086 0.87 0385
Claude-haiku-4-5 0.85 0.85 0.85 0.87 0.84 .
o Gemini 3.0 Flash 089 0.88 0.881 095 0.3
Gemini 3.0 Flash 090 0.89 0.888 097 0.83 P
. Gemini 2.5 Flash 088 086 086 096 0.79
Gemini 2.5 Flash 087 0.84 085 094 0.78
Qwen3.6-27B 0.89 0.85 0.86 0.98 0.77
Qwen3.6-27B 082 082 082 078 085 Meta-Llama-3.1-8B 087 085 086 093 080
Meta-Llama-3.1-8B 078 070 0.70 092 0.56 Gemma-4-31B-it 088 086 086 093 082
Gemma-4-31B-it 0.87 086 0.86 0.92 0.82 . . : : :
GPT-5.5 0.89 0.88 0.878 092 0.85 GPT5.5 089 088 0.883 093 085
GPT-54 087 086 087 091 0383
GPT-5.4 082 082 082 078 0.85 GPT-5.4-mini
.. -5.4-mini 085 0.84 0.84 0.87 0.83
GPT-5.4-mini 086 0.85 085 083 0.84 GPT-5.4
-5.4-nano 0.88 0.84 0.84 0.99 0.73
GPT-5.4-nano 088 0.83 083 099 072
GPT-5.2 090 088 088 097 0.32
GPT-5.2 0.89 0.88 0.88 0.94 0.84
GPT-5.1 087 086 086 090 0.3
GPT-5.1 0.84 0.84 0.84 0.84 0.84
GPT-5 089 0.89 0.888 092 0387
GPT-5 0.88 0.87 087 0.89 0.86 .
. GPT-5-mini 089 087 087 096 0381
GPT-5-mini 088 0.86 086 095 0.80 GPT5
-5-nano 082 0.82 0.82 0.78 0.84
GPT-5-nano 083 083 083 079 0.85 GPT-4.1 089 088 088 096 082
GPT-4.1 088 0.87 087 094 082 - ' ' ’ ’ ’
.. GPT-4.1-mini 4 0.8 087 0.8 092 085
GPT-4.1-mini 1 0.86 0.85 0.85 0.88 0.84 ‘
GPT-4.1-nano 079 0.67 066 097 047
GPT-4.1-nano 0.80 0.75 0.75 0.90 0.64
GPT-40 090 0.89 0.888 0.97 0.83
GPT-40 091 0.89 0.891 0.98 0.83 .
. GPT-40-mini 090 0.88 088 098 0382
GPT-40-mini 090 0.88 088 099 0.80
Claude-sonnet-4-6 0.88 0.87 0.87 0.94 0.83
Claude-sonnet-4-6 0.88 086 086 096 0.79 Cl .
. aude-haiku-4-5 087 0.86 0.86 0.88 0.84
Claude-haiku-4-5 085 085 085 0385 0.85 oy
o Gemini 3.0 Flash 090 0.88 0.886 0.97 0.83
Gemini 3.0 Flash 090 0.88 0.883 097 0.82 s e
. Gemini 2.5 Flash 089 087 087 096 0.81
Gemini 2.5 Flash 0.87 0.85 0.85 0.94 0.79
Qwen3.6-27B 090 0.88 088 097 0381
Qwen3.6-27B 0.88 0.83 0.83 0.99 0.73
Meta-Llama-3.1-8B 087 085 085 094 078
Meta-Llama-3.1-8B 087 084 084 095 077 Gemma4-31B-it 088 087 087 004 08
Gemma-4-31B-it 088 0.86 086 093 0.82 . . ’ : -
GPT-5.5 091 0.89 0.896 096 0.85 GPT-3.5 0.9 089 0893 096 0.85
GPT-5.4 088 087 087 092 084
GPT-5.4 0.84 0.84 0.84 0.82 0.85 s
.. GPT-5.4-mini 088 087 087 092 0.83
GPT-5.4-mini 0.86 0.85 0.85 0.88 0.84
GPT-5.4-nano 088 0.83 083 099 072
GPT-5.4-nano 088 0.82 082 1.00 0.70 GPT-5.2 089 088 088 094 084
GPT-5.2 090 0.88 088 097 0.82 GPT—S'l 0.88 0.87 0.87 0'94 0.82
GPT-5.1 088 0.87 087 093 0.83 ’ ' ' ’ ’ ’
GPT-5 088 0.88 088 091 0.85
GPT-5 087 087 087 089 0.85 i
- GPT-5-mini 089 087 087 096 0.82
GPT-5-mini 0.88 0.86 0.86 0.95 0.80 )
GPT-5-nano 083 083 083 0.81 0385
GPT-5-nano 0.81 0.81 0.81 0.76 0.84
GPT-4.1 089 0.88 088 095 084
GPT-4.1 0.89 0.87 088 095 0.2 .
. GPT-4.1-mini 5 087 087 087 090 0385
GPT-4.1-mini 2 087 087 087 09 0.84 GPT-4.1
-4.1-nano 0.79 0.67 0.66 0.96 0.48
GPT-4.1-nano 079 0.66 0.65 096 047 GPT-4
~40 091 0.89 0.891 098 0.83
GPT-40 091 0.89 0.888 098 0.82 i
- GPT-40-mini 090 087 087 099 0.79
GPT-40-mini 090 0.87 0.87 0.99 0.79 h .
Claude-sonnet-4-6 0.89 087 0.88 095 0.82
Claude-sonnet-4-6 0.89 0.88 0.88 096  0.82 .
. Claude-haiku-4-5 087 087 087 090 0385
Claude-haiku-4-5 0.87 0.86 086 090 0.83 P
- Gemini 3.0 Flash 091 0.89 0.893 0.98 033
Gemini 3.0 Flash 091 0.89 0.893 097 0.84 Gemini
- emini 2.5 Flash 089 0.87 0.87 0.97 0.80
Gemini 2.5 Flash 088 086 086 095 0.79
Qwen3.6-27B 090 0.88 0.88 0.97 0.82
Qwen3.6-278 089 086 087 098 079 Meta-Llama-3.1-8B 087 085 085 094 079
Meta-Llama-3.1-8B 0.87 0.85 0.85 0.93 0.80 - ' . ’ ’ ’
. Gemma-4-31B-it 090 088 088 097 0.32
Gemma-4-31B-it 0.88 0.87 0.87 0.94 0.82

(a) Results for k = 0-2 (b) Results for k = 3-5

Table A4: Performance comparison across models and shot settings. P, R, and F1 show weighted precision,
weighted recall, and weighted F1, respectively; TPR denotes the true-positive rate for the misinformation class,
and TNR denotes the true-negative rate for the non-misinformation class. We select models from OpenAl (GPT-
5.5[April 23, 2026], GPT-5.4[March 5, 2026], GPT-5.4-mini[March 17, 2026], GPT-5.4-nano[March 17, 2026],
GPT-5.2[December 11, 2025], GPT-5.1[November 12, 2025], GPT-5[August 7, 2025], GPT-5-mini[August 7, 2025],
GPT-5-nano[August 7, 2025], GPT-4.1[April 14, 2025], GPT-4.1-mini[April 14, 2025], GPT-4.1-nano[April 14,
2025], GPT-40[May 13, 2024], GPT-40-mini[July 18, 2024]), Claude (Claude-sonnet-4-6[February 17, 2026],
Claude-haiku-4-5[October 15, 2025]), Gemini (Gemini 3.0 Flash[December 17, 2025], Gemini 2.5 Flash[April 17,
2025]), Meta-Llama-3.1-8B[July 23, 2024], gemma-4-31B-it[April 2, 2026], and Qwen3.6-27B[April 21, 2026].
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Strategy P R F1 TPR TNR
M, 908 .889 .891 981  .829
M, 910 .892 .893 981  .833
Intersection (M7 A Mz) 910 .895 .896 974  .842
Union (M; V M) 908 .887 .888 987  .821

Table AS5: Performance of the individual classifiers
and agreement-based decision rules against the held-
out human-annotated evaluation set (N = 390). P,
R, and F1 denote weighted precision, recall, and F1,
respectively; TPR denotes true-positive rate for misin-
formation, and TNR denotes the true-negative rate for
non-misinformation.

Classification N 9% Corpus
M, positive 2,933 2.19
M positive 3,680 2.75
Both positive (M4, Ma+) 1,730 1.29
M, only (M1+,M2—) 1,203 0.90
Ms only (My—, Ma+) 1,950 1.46
Both negative (M1 —, M2—) 128,930 96.35
Any disagreement 3,153 2.36

Table A6: Agreement between the two final classifiers
across the full corpus (N = 133,813). Individual model-
positive counts overlap; the four model-combination
rows are mutually exclusive.

sified the substantial majority of posts as non-
misinformation. Agreement on positive classifi-
cations was substantially lower. Among the 4,883
posts classified as misinformation by at least one
model, 1,730 (35.43%) were identified by both
models, 1,203 (24.64%) by M; only, and 1,950
(39.93%) by M5 only. Thus, high overall agree-
ment does not imply equivalent decision bound-
aries for the comparatively rare misinformation
class.

C.1.3 Label Selection for Downstream
Analysis

For the primary downstream analyses, we adopted
the intersection rule and retained the 1,730 posts
classified as misinformation by both models. We
refer to this subset as high-confidence misinforma-
tion. This terminology denotes cross-model agree-
ment and does not imply that model agreement
constitutes human-verified ground truth. Posts
for which the models disagree (3,153) are treated
as model-uncertain cases rather than assigned to
either high-confidence group. Since our analy-
ses require clearly separated misinformation and
non-misinformation groups, these cases were ex-
cluded from the primary comparison.Importantly,
the 1.29% cross-model positive rate should not be

interpreted as an estimate of the true prevalence of
misinformation in the corpus.

C.1.4 Methodological Considerations

The annotation and classification procedure in-
volves two related limitations. First, the human-
annotated evaluation set was intentionally con-
structed using weak labels and multi-model con-
sensus to ensure sufficient representation of both
misinformation and non-misinformation. It there-
fore does not constitute a random sample of the
full corpus, and performance on this evaluation
set may not directly generalize to the full corpus
or reflect performance under the corpus’s natural
class distribution. Second, consensus-based sam-
pling may preferentially select clearer cases and
underrepresent ambiguous posts near the misin-
formation decision boundary. This limitation is
particularly relevant given that the two final clas-
sifiers show greater disagreement within the set
of posts identified as misinformation by at least
one model. Our use of the intersection for primary
downstream analyses reduces reliance on model-
specific positive predictions but may exclude valid
misinformation identified by only one classifier.

C.2 Taxonomy Dimension Classification

Table A7 reports performance across taxonomy di-
mensions and prompting settings. Performance var-
ied by dimension and model, with few-shot prompt-
ing providing substantial gains for more nuanced
dimensions such as Misinformation Type, while
Misinformation Topic and Cancer Stage achieved
the strongest overall performance. For downstream
analysis, we selected the model and prompting
configuration with the highest validation F1 for
each taxonomy dimension. Accordingly, we used
Gemini 3.0 with £ = 3 for Cancer Stage, GPT-40
with £k = 1 for Information Type, GPT-40 with
k = 4 for Misinformation Type, Gemini 3 Flash
with k& = 3 for Risk Level, Gemini 3.0 with k = 2
for Stance on Misinformation, and GPT-40 with
k = 3 for Misinformation Topic.

D Prompts

The complete prompts used for the seven taxonomy
dimensions are provided below.

| Dimension 1: Presence of Misinformation |

You are a medical expert, specialized in identi-
fying cancer-related misinformation.
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Definition:

Cancer misinformation refers to any informa-
tion about cancer, its risk factors, prevention,
diagnosis, or treatment that is false, inaccurate,
misleading, or not supported by current scien-
tific evidence or consensus, and that may lead
to harmful consequences. This includes:
Unproven or ineffective treatments
Misrepresentation or selective use of facts
Outdated or decontextualized medical informa-
tion

Conspiracy narratives (e.g., hidden cures)
Promotional or commercial content presented
as medical advice

Task: Analyze the text provided below. Clas-
sify it as either:

‘Yes’ if the text contains misinformation

‘No’ if the text does not contain misinformation
or if there is insufficient information

Output Format: Label: ‘Yes’ or ‘No’. Don’t
use additional text, and don’t use [] around the
label

Evidence: If classified as 1, quote the specific
part of the text that suggests or implies
misinformation and explain why it contradicts
scientific evidence.

If classified as 1, explain your step-by-step
reasoning to conclude that the text contains
misinformation

- Focus on the primary topic of the text.
- If multiple stages are mentioned, prioritize
the main emphasis.

Output format: ‘Prevention/Screening” OR
‘Treatment” OR ‘Other/Unclear/NA’
No additional words.

Dimension 3: Information Type

You are an expert medical data annotator.
Your task is to classify the communication
style of the text regarding cancer misinforma-
tion.

Definitions:

- Seeking: The user is asking for advice, clari-
fication, information, recommendations, or a
second opinion.

- Sharing: The user is providing information,
opinions, claims, experiences, or statements.

- Both: The text simultaneously includes both
seeking and sharing behavior.

Instructions:

- Focus on the author’s communicative intent.
- Questions alone are not always “Seeking” if
the text mainly shares information.

- If the text strongly contains both behaviors,
choose “Both”.

Output format: Seeking OR Sharing OR Both
No additional words.

Dimension 4: Misinformation Type

Dimension 2: Cancer Stage

You are an expert medical data annotator.
Your task is to classify the text into the most
relevant stage of the cancer care journey.
Here are the categories:

- Prevention/Screening: Risk factors, lifestyle,
prevention behaviors, early detection, screen-
ing, mammograms, colonoscopies, genetic
risk, or preventive advice.

- Treatment: Medical interventions such as
chemotherapy, radiation, surgery, immunother-
apy, medications, or active treatment decisions.
- Other/Unclear/NA: Diagnosis, survivorship,
post-treatment experiences, emotional support,
unclear references, unrelated discussion, or in-
sufficient information.

Instructions:

- Choose the single BEST category.
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You are an expert medical data annotator.
Your task is to classify the PRIMARY type of
cancer-related misinformation present in the
text.

Here are the definitions:

- Fabricated Content: Completely false infor-
mation with no factual basis.

- Misleading Content. Information that dis-
torts, exaggerates, oversimplifies, or selec-
tively presents facts.

- False Context: True information shared in an
incorrect, misleading, or inappropriate context.
- False Connection: The headline, claim, or
conclusion does not match the supporting con-
tent.

- Imposter Content: Fake, impersonated, or
falsely attributed credible sources.




- Manipulated Content: Altered images, videos,
audio, statistics, or data.

- Satire/Parody: Content intended humorously
or satirically that could be misunderstood as
factual.

- Other: Does not clearly fit the categories
above.

Instructions:

- Select the dominant misinformation type.

- Focus on HOW the misinformation is con-
structed, not the topic itself.

- If no clear misinformation type is identifiable,
select “Other”.

Output format: [Label]

No additional words.

Dimension 5: Risk Level

You are an expert medical data annotator.
Your task is to classify the potential health risk
level of the misinformation in the text.
Definitions:

Low Risk: Content with little or no likely im-
pact on health behavior or outcomes; trivial,
vague, or unlikely to influence medical deci-
sions.

Moderate Risk: Content that may influence
beliefs, perceptions, or minor health-related
decisions.

High Risk: Content likely to encourage harm-
ful health decisions, treatment avoidance, de-
layed care, dangerous alternative treatments,
or potentially life-threatening behavior.
Instructions:

- Evaluate the likely real-world consequences
if someone believed or acted on the misinfor-
mation.

- Consider severity, immediacy, and potential
harm.

- Focus on potential behavioral impact, not
offensiveness.
Output format: ‘Low’ OR ‘Moderate’ OR
‘High’

No additional words.

Here are the definitions:

Accepts: The text explicitly endorses, be-
lieves, supports, or promotes the misinforma-
tion claim.

Accept + Question: The text leans toward
accepting or considering the misinformation
while expressing minor hesitation or asking
clarifying questions.

Rejects: The text explicitly refutes, debunks,
criticizes, or disagrees with the misinformation
claim.

Questions: The text expresses curiosity, uncer-
tainty, skepticism, or asks questions without
clearly accepting or rejecting the claim.
Reject + Question: The text fundamentally re-
jects the misinformation but also asks a related
follow-up question.

Instructions:

- Focus on the author’s stance toward the
misinformation itself.

- Distinguish genuine curiosity from endorse-
ment.

- Choose the closest overall stance.

Output format: ‘Accepts’ OR ‘Accept + Ques-
tion” OR ‘Rejects’ OR ‘Questions’ OR ‘Reject
+ Question’

No additional words.

Dimension 7: Misinformation Topic

Dimension 6: Stance on Misinformation

You are an expert medical data annotator.
Your task is to classify the stance expressed
toward cancer-related misinformation.

40411

You are an expert medical data annotator.
Your task is to classify the PRIMARY topic of
cancer-related misinformation discussed in the
text.

Here are the categories:

Causation, risk factors & prevention claims:
(Unproven causes of cancer, misrepresented
risk factors, unsupported prevention methods,
e.g., “sugar causes cancer,” “alkaline diet
prevents cancer,” “stress causes tumors.”)
Diagnosis & screening claims: (Claims about
symptoms, self-diagnosis, screening tests be-
ing dangerous, inaccurate, unnecessary, or mis-
leading.)

Safety & effectiveness of conventional treat-
ments: (Claims that chemotherapy, radiation,
surgery, or medical treatments are ineffective,
harmful, toxic, unnecessary, or intentionally
deceptive.)




Unproven or alternative treatments: (Herbs,
supplements, diets, naturopathy, homeopa-
thy, detoxes, “natural cures,” or non-evidence-
based alternatives presented as cancer treat-
ments.)

Conspiracy <& institutional distrust: (Big
Pharma conspiracies, hidden cures, govern-
ment cover-ups, suppressed research, distrust
of doctors or institutions.)

Morality, religion & ideology: (Religious, spir-
itual, karmic, moral, or ideological explana-
tions or objections related to cancer and treat-
ment.)

Medical autonomy & medical freedom:
(Rights-based arguments about refusing treat-
ment, parental authority, bodily autonomy, or
distrust of medical mandates.)

Instructions: - Select the SINGLE dominant
topic.

- Focus on the central misinformation theme.

- If multiple topics appear, choose the primary
emphasis.

Output format: [Label]
No additional words.

Figure Al: Prompts used for the seven taxonomy di-
mensions.

E Label Distribution
E.1 Ground-Truth Label Distribution

Table A8 presents the distribution of labels across
the seven taxonomy dimensions in the human-
annotated ground-truth dataset. Misinformation
Presence is reported across all 400 annotated posts,
whereas the remaining dimensions are reported for
the 161 posts with a final misinformation label.

E.2 Courpus Label Distribution

Table A9 presents the label distributions across tax-
onomy dimensions for the 1,730 high-confidence
misinformation posts.

F Characterizing Cancer Misinformation

F.1 Subreddit-Level Distribution of
Misinformation

Table A10 presents the distribution of high-
confidence misinformation across the selected
cancer-related subreddits. For each subreddit, we

report the number of posts classified as misinforma-
tion and its proportion relative to the total number
of posts collected from that subreddit, allowing
comparison across communities of different sizes.

F.2 [Evidence Theme Analysis

Table A11 presents the themes identified from the
parts of the Reddit posts that LLMs selected as
evidence of cancer-related misinformation. For
each theme, the table provides its name and the
corresponding description or inclusion criterion.

G Cancer-Related Misinformation
Examples

Table A12 presents representative Reddit posts con-
taining cancer-related misinformation, while Ta-
ble A13 provides examples across the different
taxonomy dimensions and labels. The examples in-
clude general cancer discussions without reference
to a specific cancer type, as well as posts related to
breast, lung, colon, and prostate cancer. All exam-
ples were paraphrased and anonymized for ethical
reporting purposes.
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Dimension Shots  Eval Data Points Model Precision  Recall F1  TPR TNR

o Gemini 3.0 Flash 091 083 086 083 095

GPT-40 093 054 064 054 095

X Gemini 3.0 Flash 093 085 087 085 095

GPT-4o 092 068 076 068 094

Cancer Stage ) 49 Gemini 3.0 Flash 092 085 0838 086 095
GPT-4o 089 067 074 067 092

5 Gemini 3.0 Flash 092 088 090 088 095

GPT-4o 089 072 078 072 092

. Gemini 3.0 Flash 091 085 088 085 095

GPT-4o 088 067 074 067 094

0 Gemini 3.0 Flash 085 079 081 079 084

GPT-4o 087 087 086 087 087

| Gemini 3.0 Flash 089 080 083 080 090

GPT-4o 090 085 087 085 091

Information Type ) 140 Gemini 3.0 Flash 08 077 080 077 087
GPT-4o 088 079 082 078 090

5 Gemini 3.0 Flash 088 083 084 083 087

GPT-4o 086 081 083 081 087

. Gemini 3.0 Flash 085 078 080 078 084

GPT-40 087 079 083 079 090

o Gemini 3.0 Flash 081 010 010 010 095

GPT-4o 086 013 012 013 095

| Gemini 3.0 Flash 077 035 046 035 088

GPT-4o 083 046 057 046 085

. . Gemini 3.0 Flash 077 019 025 019 093
Misinformation Type 2 137 GPT-40 081 040 051 040 081
5 Gemini 3.0 Flash 078 025 029 025 093

GPT-4o 083 062 070 062 082

. Gemini 3.0 Flash 076 033 041 033 088

GPT-4o 082 064 071 064 082

o Gemini 3.0 Flash 053 014 010 014 083

GPT-4o 065 016 012 016 078

X Gemini 3.0 Flash 062 025 026 025 082

GPT-4o 062 017 016 017 080

. Gemini 3.0 Flash 060 032 035 032 081
Risk Level 2 149 GPT-40 066 030 033 030 083
5 Gemini 3.0 Flash 065 039 040 039 080

GPT-4o 069 035 037 035 082

. Gemini 3.0 Flash 061 034 037 034 080

GPT-4o 065 028 030 028 082

0 Gemini 3.0 Flash 0.71 060 062 060 0.87

GPT-4o 059 040 040 040 088

| Gemini 3.0 Flash 066 061 061 061 083

GPT-40 076 052 057 052 091

. . Gemini 3.0 Flash 077 065 067 065 090

Stance on Misinformation 2 142 GPTo4o 0.69 045 045 045 0.90
5 Gemini 3.0 Flash 073 063 064 063 088

GPT-4o 072 052 055 052 090

. Gemini 3.0 Flash 072 072 063 062 088

GPT-do 072 049 052 049 090

o Gemini 3.0 Flash 086 085 084 085 084

GPT-4o 096 095 095 095 092

) Gemini 3.0 Flash 086 085 084 085 081

GPT-4o 094 094 094 094 084

. . . Gemini 3.0 Flash 085 083 082 083 079
Misinformation Topic 2 130 GPT-40 095 094 095 094 088
5 Gemini 3.0 Flash 085 082 081 082 081

GPT-4o 096 096 096 096 091

. Gemini 3.0 Flash 088 083 085 083 086

GPT-4o 095 094 095 094 088

Table A7: Model performance across dimensions & shot settings. We select models from OpenAlI (GPT-40 [August
7, 2025]) and Gemini (Gemini 3.0 Flash [December 17, 2025]). For TPR and TNR, weighted scores are reported.
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Dimension Class Raw Number Percentage

Misinformation 161 40.25%
Misinformation Presence Not Misinformation 235 58.75%
Unclear 4 1.00%
Treatment 113 70%
Cancer Stage Prevention / Screening 35 22%
Other / Unclear / NA 13 8%
Both 83 52%
Information Type Sharing 70 43%
Seeking 8 5%
Fabricated Content 116 72%
Imposter Content 16 10%
Misinformation Type Other 13 8%
Misleading Content 12 7%
False Context 8 5%
Low Risk 93 58%
Risk Level Moderate Risk 50 31%
High Risk 18 11%
Accept + Question 70 43%
Accept 60 37%
Stance on Misinformation Quf:stion 17 1%
Reject 11 7%
Other / Unclear 2 1%
Reject + Question 1 1%
Unproven or Alternative Treatments 100 62%
Causation, Risk Factors, and Prevention Claims 32 20%
Safety and Effectiveness of Conventional Treatments 21 13%
Misinformation Topic Diagnosis and Screening Claims 10 6%
Conspiracy and Institutional Distrust 4 2%
Other 3 2%
Medical Autonomy and Medical Freedom 1 1%

Table A8: Distribution of labels across the seven taxonomy dimensions in the ground-truth data. Misinformation
Presence is reported over all annotated posts (/N = 400); the remaining dimensions are reported over posts with a
final misinformation label (N = 161). Percentages are calculated using the corresponding denominator for each
dimension. Misinformation Type and Misinformation Topic permit multiple labels per post; therefore, their counts
and percentages may sum to more than N and 100%, respectively.

40414



Dimensions Label Count Percentage

Treatment 827 47.80
Cancer Stage Prevention/Screening 334 19.31
Other/Unclear/NA 569 32.89
Both 845 48.84
Information Type Seeking 365 21.10
Sharing 520 30.06
Fabricated Content 508 29.36
Misleading Content 175 10.12
False Context 512 29.60
Misinformation Type False Connection 0 0.00
Imposter Content 105 6.00
Manipulated Content 0 0.00
Satire/Parody 6 0.35
Other 474 27.40
High 274 15.84
Risk Level Moderate 940 54.34
Low 516 29.83
Question 556 32.14
Accept 510 29.48
. . Accept + Question 353 20.40
Stance on Misinformation
Reject 114 6.59
Other / Unclear 157 9.08
Reject + Question 40 2.31
Diagnosis & screening claims 292 16.88
Safety & effectiveness of conventional treatments 268 15.50
Unproven or alternative treatments 778 44.98
Misinformation Topic Causation, risk factors & prevention claims 122 7.06
Conspiracy & institutional distrust 79 4.57
Medical autonomy & medical freedom 38 2.20
Morality, religion & ideology 22 1.27
Other 160 9.25

Table A9: Distribution of labels across taxonomy dimensions in the LLM-annotated misinformation dataset. The
model chose multiple labels for some posts when labeling Misinformation Type and Misinformation Topic; therefore,
category counts and percentages for these dimensions may sum to more than N and 100%, respectively.

40415



Subreddit Misinfo Total  Percentage

breastcancer 667 49709 1.34
Prostatitis 403 21150 1.91
colonoscopy 78 17182 0.45
doihavebreastcancer 107 13684 0.78
ProstateCancer 269 13542 1.99
coloncancer 160 9783 1.64
lungcancer 88 4032 2.18
LivingWithMBC 60 3673 1.63
BreastCancerSurvivors 10 539 1.86
colorectalcancer 5 257 1.95
LungCancerSupport 6 245 2.45
BreastCancerResearch 11 53 20.75
ProstateCancer_AS 17 37 45.95
Prostate_Cancer 7 14 50.00
nsclc 1 118 0.85
SmallCellLungCancer 1 63 1.59
mtf_breast_cancer 1 27 3.70
ProstateTreatment 1 22 4.55
QueerBreastCancer 0 21 0.000
askcoloncancerdoctors 0 14 0.000
ProstateBob 0 41 0.000
BreastCancerGenomics 0 10 0.000
ProstateCancerDesign 0 2 0.000
prostateinfo 0 1 0.000

Table A10: Distribution of high-confidence misinformation across cancer-related subreddits. The misinformation
ratio represents the percentage of posts within each subreddit classified as misinformation in our dataset. Ratios for
smaller subreddits should be interpreted cautiously due to limited sample sizes.
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Themes

Description/Criteria

Example

Alternative & Natural Treat-
ments

Cancer Cause Misconceptions

Cancer Cure Conspiracies

Cancer Detection Misconcep-
tions

Cancer Recurrence Concerns

Cancer Severity Misunder-

standings

Cancer Spread Myths

Cancer Statistics Misuse

Cancer Treatment Myths

Dietary Claims

Emotional & Psychological
Factors

Medical Treatment Skepticism

Cancer-Fighting Benefits

Vaccine and Cancer Myths

Does the text promote alternative
or natural treatments for cancer
over conventional methods?

Does the text provide misleading
information about the causes or
risk factors of cancer?

Does the text suggest that effec-
tive cancer cures are being sup-
pressed or involve conspiracy the-
ories?

Does the text involve misconcep-
tions about cancer detection meth-
ods?

Does the text discuss concerns
about cancer recurrence despite
treatment?

Does the text convey misconcep-
tions about the severity or incur-
ability of certain cancer stages?

Does the text mention myths or
misconceptions about how cancer
spreads?

Does the text misuse or misrepre-
sent cancer statistics, leading to
misconceptions?

Does the text contain misleading
claims or myths about curing or
treating cancer?

Does the text claim that specific
diets or foods can prevent or cure
cancer?

Does the text claim that emo-
tional or psychological factors are
linked to cancer development?

Does the text express skepticism
about conventional cancer treat-
ments or distrust in medical pro-
fessionals?

Does the text assert cancer-
fighting benefits that are not
backed by evidence?

Does the text contain misinforma-
tion about vaccines being linked
to cancer risk?

“Brew up a cup of green tea, pour into a spray bottle,
spray on yourself prior, and let air dry. And have some
manuka honey.”, “Women use Greek yogurt for UTIs

and other issues that seem to work wonders for them.”

“I had to go back on my prolactin medication because
it’s the only thing stopping my cancer from growing, but
it is also the cause of my cancer.”

“chemotherapy can speed cancer spread”, “I’ve been
reading people online who posted about how chemother-
apy is a scam and kills you faster than the cancer.”

“I have reason to believe that outdated approaches, e.g.,
premature medical interventions or drugs which impact
important hormonal function could cause far more harm
than good in some people.”

“I have this feeling we’re going to find out that it wasn’t
cancer at all that they pulled out.”

“She decided to trust ChatGPT to diagnose her skin
lesion as “just a cyst’ and canceled her doctor’s appoint-
ment to check it.”

“Believe it or not, blood in stool is common, and its
etiology is benign 99% of the time” and “Colon cancer
is rising, but it’s still very rare before 40 years old.”

“Al is telling me 4.7% of mortality over Syrs.. so does
that mean 2.82 months remaining?”’

“I have a strong urge that poking anything potentially
cancerous in the body breaks its protective shell and
could release toxins into the blood.” , “I have taken a dif-
ferent path and chosen to delay conventional treatments
because when I take them, my body reacts very poorly.”

“Some scientific research has shown that breast
milk kills cancer””, “alkaline treatment+baking
soda+molasses+water: This suggests the use of this
formula as a potential remedy or treatment.”

“I just looked the percent of early-stage breast cancer
eventually metastasizing, and it was 30%. I’m terrified.
This feels like I have a 30% of surviving this now.”,
"I wish I had never been suckered into treatment and
surgery I did not want and should never have had. I
should be dead.”

“I saw in an article where it says the radiation can expose
one to cancer later in life.”

“After 3 months of natural treatment, I had my PSA
rechecked, and it dropped by 3 points.”

“My husband has been driving me nuts over these stupid
claims about covid and vaccine causing cancer.”, “No
doubt a genetic factor that took an external trigger (the
vaccine) to start all my testicular issues, despite no is-
sues/pain before that.”

Table A11: Themes identified by LLooM from textual evidence supporting misinformation classifications, with
corresponding inclusion criteria and representative evidence examples. Themes characterize the content of the
evidence and do not indicate the author’s stance toward the claim.
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Cancer Type Example Post

General *Anyone heard of this thing?* Wild tawtnuk apan mushroom. Not sure how many of you did
alternative treatment with standard treatment, but I'm curious about ivermectin, fenben, and that sort of
stuff.I was just browsing through Insta, and this thing popped up and got me thinking. Can this be for
real? Is it legit? Does it really kill cancer?

General *Fasting Mimic Diet* Has anyone had experience with the Fasting Mimic Diet during chemo? I've
heard there is proof this could help shrink tumor size.

Breast Cancer *Breast cancer, COVID vaccine* Does anyone think getting the COVID vaccine opened the door wide
open to their cancer? My mammograms were free and clear until one year following the COVID
vaccine and boosters. I can’t prove this, but my slow-growing cancer went from NOTHING to two
tumors on the next scan (a year later) that measured 2.5cm. My life completely changed, and I feel like
the government used me as a science experiment.

Lung Cancer *My father has been diagnosed with Stage 3B Lung Cancer.* We are incredibly stressed and desperate
for a safe treatment. A relative suggested visiting someone who claims to have cured many cancer
patients. The treatment involves a strict 3-month diet of Jowari roti, garlic, and specific spices, along
with various Ayurvedic tablets and tonics. We met many patients there who swear they were cured,
even those who arrived in very bad condition. We want to believe in this natural path, especially since
my father is so weak, but we are scared. Help...

Colon Cancer *Did eating dark chocolate give me colon cancer?* I'm 29-male no history of cancer in my family, and
I got stage 3b colon cancer and feel like it will take me. Every day since 21 I ate dark chocolate; some
studies show it is high in lead and metals, and there was even a lawsuit against some manufacturers. Be
careful, everyone, but I was very healthy, and I think dark chocolate killed me.

Prostate Cancer * Off-label treatments* Anyone heard/tried a strict keto or keto carnivore diet with off-label use of
fenbendazole to treat recurrence of prostate cancer?

Table A12: Example Reddit posts containing cancer-related misinformation. Examples are paraphrased and
anonymized for ethical reporting purposes.
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Dimension Label Example Text

Treatment **Father diagnosed with Stage IV colon cancer.** I am shaking as I'm writing this. Yesterday, my father was
diagnosed with stage IV colon cancer that has metastasized to his liver. The oncologists basically said there is no
cure, but chemotherapy can be administered for palliative care. I refuse to just give up. He has lost a substantial
amount of weight over the past year, so he is very weak and thin. I've started doing some research and I've read a few
promising testimonials on the effects and benefits of giving him raw carrot juice daily, approximately 64 ounces a day.
Any advice is appreciated.

Cancer Stage

Prevention/Screening **When is someone going to address the correlation between the steady use of hair dye and breast cancer.** ALL the
women I know who have breast cancer and or succumbed to breast cancer were avid users of hair dye.

Seeking **Ivermectin / fenbenzanole side effects** I am diagnosed with Gleason 7 4+3 pc with 1 cm sq lesion. Waiting for
PSMA, and I'm estimating 2 or 3 months before the treatment actually occurs. In the meantime, I want to try
ivermectin / fenbenzanole. I'm NOT going to forgo conventional treatment but use them to perhaps jumpstart my own
immune system to deal with the pc. Any suggestions, advice, or warnings, including possible side effects I should be
aware of? Shouldn’t make the situation worse, so why not?

Information Type

Sharing **Cannabis use during chemo** I am 3/4 treatments into AC, and my only side effect has been hair loss and pain in
my fingernails. I have mild bone pain after chemo, but it goes away after a couple of days. I have been an everyday
smoker of weed since I was 19. I have continued to use weed through my treatment, and I think it is saving my life. I
have no mouth sores. I can still taste food. I still have my appetite. My side effects have been so minimal that it’s
hard not to attribute this to the weed.

Misleading Content  **I wonder if all of you who got breast cancer at an early age had any family history or did smoking/drinking?** A

lot of doctors say that if you have no family history and you don’t smoke/drink, then getting breast cancer is almost
Type impossible. I wonder if it is actually true, or if we are just putting the lives of our young girls at risk out of a false
notion?

Misinformation

Imposter Content *#5 Foods To Help With Breast Cancer** Breast cancer is one of the leading causes of death among women. Well,
let’s consider a few foods that can help women with cancer. Eggs are one of the most potent sources of an essential
nutrient known as choline. Not only does it act as brain food, but it may also help lower your risk of breast cancer.

Fabricated Content ~ **Phones vs cancer** I'm curious to know if anyone developed breast cancer without having positives for hormone
testing or genetics. .. I feel like I got cancer from my iPhone. I always used to put it in my bra on the left
side. .. exactly where my tumor is. I'd only do that when I didn’t have pockets to put my phone in.

High **Any advice pls** Doctors recently discovered a quail egg-sized lump in my left breast. I'm terrified. There could
Risk Level be a chance it’s not cancerous, but I'm also scared of even getting a biopsy done. I've heard all these theories about
cancer metastasis from meddling with the tumor in the first place. Not sure if anyone here has ever tried a holistic
approach and actually cured a tumor, but I hear castor oil is great. I don’t even want to have to get a biopsy. I'm really
skeptical of any medical providers in this country and don’t trust doctors.

Moderate *Biopsy or lumpectomy?** I recently had a mass looked at with a mammogram and ultrasound, and it shows I have a
57mm mass that is suspicious for malignancy. They have scheduled me for a biopsy on Thursday. A friend told me
they should do a lumpectomy because if it is cancerous and they do a biopsy, it could make it spread and metastasize.
So now I'm terrified, and I don’t know what to do.

Low ##5 Foods To Help With Breast Cancer** Breast cancer is one of the leading causes of death among women. Well,
let’s consider a few foods that can help women with cancer. Eggs are one of the most potent sources of an essential
nutrient known as choline. Not only does it act as brain food, but it may also help lower your risk of breast cancer.

Accepts **Fasting shrunk my Prostate®* I went on a seven-day fast, only electrolyte water, and 30-60g collagen protein on the
Stance on last two days. My prostate shrunk 50%. When you fast that long, your body is so desperate for food that it starts
Misinformation eating the junk your body can do without, including cancer.

Rejects **Crazy unsolicited theories about cancer** My dentist told me that maybe I got my cancer because of the CERN
and the particle accelerator, and it would also explain the rise in cancer amongst young people. It was such a crazy
thing to say, it was almost comical (especially coming from a doctor!!)

Accept + Question  **Is Chrisbeats cancer real?** I saw this website about a guy who beat stage 3 colon cancer naturally. I'm young as
well and was thinking about looking into it and seeing if I could beat this naturally as well. I think chemo could do
more harm than good, according to his website. Is it legit?

Reject + Question **Pneumonia recovery / Rife machine use by a lung cancer patient** My dad, who has stage IV NSCLC, recently
used a Rife machine for hours and developed a fever, later being hospitalized with severe pneumonia. Does anyone
have experience with Rife machine side effects or the recovery process for a lung cancer patient with pneumonia?

Unproven or **Homeopathy??** Has anyone used homeopathic methods to assist or replace traditional cancer treatments? A
Misinformation alternative practitioner recommended a strict keto diet, expensive supplements, weekly vitamin C IVs, and hyperbaric oxygen
Topic treatments sessions to slow cell multiplication. I feel out of choices—has anyone tried this, and is it actually effective or a waste
of money?

Diagnosis & **Denied the bilateral mammogram and opted for just the ultrasound on one breast** I’'m not dumb—we all know
screening claims mammograms don’t show what I need to find. Why put myself through pain and extra radiation? Why aren’t we
ditching mammograms and just doing MRIs or ultrasounds? I've had about enough of doctors.

Causation, risk **Strange question** A doctor once mentioned they notice a common portrait of breast cancer patients:

factors & compassionate, anxious, and taking things too personally. I went through a heartbreaking romance and severe
prevention claims depression right before my diagnosis, and I truly feel that emotional toll played a role.

Safety & **#]s it worth taking tamoxifen for something that’s NOT breast cancer?** My oncologist prescribed me Tamoxifen,
effectiveness of but I don’t need to take it, and it’s just going to cause more issues.

conventional

treatments

Table A13: Example Reddit posts across different annotation dimensions and labels. Examples are paraphrased and
anonymized for ethical reporting purposes.
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