Article and Comment Frames Shape the Quality of Online Comments

Anonymous ACL submission

Abstract

Framing theory posits that how information is
presented shapes audience responses, but com-
putational work has largely ignored audience
reactions. While recent work showed that arti-
cle framing systematically shapes the content
of reader responses, this paper asks: does fram-
ing also affect response quality? Analyzing
1M comments across 2.7K news articles, we
operationalize quality as comment health (con-
structive, good-faith contributions). We find
that article frames significantly predict com-
ment health while controlling for topic, and
that comments that adopt the article frame are
healthier than those that depart from it. Further,
unhealthy top-level comments tend to gener-
ate more unhealthy responses, independent of
the frame being used in the comment. Our re-
sults establish a link between framing theory
and discourse quality, laying the groundwork
for downstream applications. We illustrate this
potential with a pro-active frame-aware LLM-
based system to mitigate unhealthy discourse.'

1 Introduction

Online news platforms have associated comment
threads in which readers not only can directly en-
gage with the article, but also with each other.
Maintaining constructive dialogue in these spaces,
however, is challenging. While extensive compu-
tational work has focused on predicting comment
toxicity or quality (Pavlopoulos et al., 2017; Founta
et al., 2018; Shankaran and Sharma, 2024), it treats
all discussions as equivalent, overlooking a funda-
mental insight from framing theory: the perspec-
tive (framing) through which issues are presented
shapes how audiences respond (Entman, 1993;
Scheufele, 1999; Chong and Druckman, 2007).
Traditionally, computational framing research
analyzed only source texts (e.g., news articles, po-
litical speeches, social media posts) while ignor-
ing how audiences responded to framed content

'Code and data will be released upon acceptance.

(Card et al., 2015; Field et al., 2018; Liu et al.,
2019).2 Recent work has begun to address this
gap by jointly analysing framing in articles and
audience responses at scale (Guida et al., 2025).
Analyzing news comment sections, they found that
on average less than half of the comments retain the
dominant article frame—the rest selectively adopt
secondary frames or introduce entirely new ones.
This proved to be true especially for value-laden
frames (Morality, Fairness and Cultural Identity),
suggesting that framing shapes response content:
the perspectives that people adopt when discussing
issues. However, a critical question remains: if
the choice of frames shape how audiences interpret
and reconstruct messages, does it also influence the
quality of discussions?

We connect framing theory with discourse qual-
ity across 1M comments on 2.7K articles from The
New York Times and The Globe and Mail. We op-
erationalize discourse quality as comment health:
the extent to which contributions are made in good
faith, invite engagement, and focus on substance
rather than hostility (Price et al., 2020). Healthy
comments may include robust disagreement but re-
main constructive in tone. Health is thus different
from the widely used concept foxicity and the two
have been shown to correlate poorly (see Price et al.
(2020) and Appendix B). Table 1 shows two ex-
amples each for healthy and unhealthy comments,
taken from our corpus.

We posit two ways in which frames influence dis-
cussion quality. First, article frames may directly
influence the health of comments. For instance,
a news article framing immigration as a "security
threat" versus an "economic opportunity" may ac-
tivate different affective responses and generate
more or less constructive discussions. Second, di-
rect comments to the article serve as "secondary"

2See Ali and Hassan (2022) and Otmakhova et al. (2024)
for overviews of computational framing analysis.



Healthy

Unhealthy

"How do you spell exploitation? This is a disgusting prac-
tice that sanctions abuses of fundamental rights and human
decency. We cannot continue to condone it."

"Funny how the ’free’ market is not OK in this situation.
So ’not OK”’ that corps lobbied the *Harper Government’ to
create a policy to circumvent the free market. How f@#ked
is that? The Harper govt must go"

"Excellent article. For too long, the aboriginals’ concerns
have been treated as a problem to avoid, when it should be
seen as a vital part of the whole project.”

"Are you kidding? The mandatory native on all the projects |
did with the Feds in northern Alberta was a uniformly drunk,
indolent or absent ’partner’. What a joke"

Table 1: Examples from our corpus illustrating healthy versus unhealthy comments.

framers who mediate the article’s message. Healthy
or unhealthy replies to such comments may unfold:
a healthy top-level comment using an economic
frame may elicit healthier replies than a healthy
comment using a moral frame, even when both
respond to the same article. We therefore ask:

(RQ1) Do article frames influence the health
of top-level comments through (a) frame type
(which frames are used) and (b) frame alignment
(whether commentators match or depart from arti-
cle frames)?

(RQ2) Does the frame of top-level comments
influence the health of their replies?

Importantly, all our analyses control for the con-
founding factor of article topic. We find that com-
ment health significantly varies as a function of
the article frame. Frame alignment also matters:
comments that adopt the article frames are signifi-
cantly healthier than those introducing new per-
spectives. Analysis of comment threads shows
that healthy comments generate healthier replies
through a cascade effect that operates consistently
across all frame types.

We are the first to show a systematic impact
of framing on discussion quality at scale on nat-
uralistic data. Our findings can impact content
moderation approaches, suggesting that rather than
reacting to malicious content after it appears, plat-
forms could proactively identify high-risk com-
ments based on which frames are used, or whether
commentators depart from article frames. We il-
lustrate this through a frame, content and health
aware LLM-based system that analyzes article and
comments to provide real-time reformulation sug-
gestions, helping commenters express views more
constructively.

2 Data and Methods
2.1 Data

Our analysis examines news articles and associ-
ated comment threads from The New York Times

NYT SOCC  Total
Articles 1,671 1,077 2,748
Comments 831.9K 194.8K 1.03M

Table 2: Dataset Statistics.

(NYT), a major U.S. newspaper, and The Globe
and Mail (SOCC), Canada’s national newspaper.
We build on the dataset from Guida et al. (2025),
comprising news articles and comments from 2016-
2019 across 11 topics (e.g., Immigration, Health-
care, Climate Change).

We extend the data set in two key ways. First,
while they sampled only top-level comments, we
retrieve complete comment threads associated with
these articles from the original datasets.® This en-
ables us to examine both top-level comment health
(RQ1) and how health propagates through reply
chains (RQ2). Second, we apply frame and health
classifiers to this expanded set of replies. Table 2
summarizes the final dataset.

2.2 Methods

Frame Classification We predict the primary
and secondary frames of each article and comment
by applying the fine-tuned RoBERTA classifier
from Guida et al. (2025) to assign frame labels
from a taxonomy of nine generic frames, with an
additional Other category. Frame predictions are
obtained for all news articles and comments.

Health Classification We assign a health score
to each comment following the framework of Price
et al. (2020). Under this definition, a healthy online
conversation is one in which posts and comments
are made in good faith, are not overly hostile or de-
structive, and generally invite engagement. Healthy
conversations may include robust debate and dis-
agreement but are typically focused on substance

*Kolhatkar et al. (2020) and https://www.kaggle.com
/datasets/aashita/nyt-comments
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Model Acc. Precision Recall F1
LLaMA 0.59 0.50 0.50 0.49
ModernBERT  0.68 0.69 0.71 0.67
DeBERTa 0.74 0.72 0.74 0.72

Table 3: Accuracy and macro-averaged precision, recall,
F1 on the re-balanced UCC test set.

and ideas. Crucially, health does not require posts
and comments to be friendly, grammatically cor-
rect, well structured, or free of vulgarity.We use
their Unhealthy Comment Corpus (UCC) which
provides binary labels indicating whether each
comment has a place in a healthy conversation,
annotated by up to five crowd workers with aggre-
gated confidence scores (Price et al., 2020).

The original data are highly imbalanced, with
healthy comments comprising over 90% of the
corpus. To improve minority class representa-
tion, we resample the data by retaining only high-
confidence annotations (> 0.8) and reducing ma-
jority class representation through undersampling
of the healthy class. This procedure results in a
more balanced dataset of approximately 10k in-
stances (see Appendix Tables 4 and Table 5 for
further details).

Models We fine-tuned two transformer-based
models for health classification: DeBERTa-v3
(He et al., 2021), ModernBERT (Warner et al.,
2024); and fine-tuned LLaMA 3.1-8B (Grattafiori
et al., 2024). DeBERTa-v3 and ModernBERT
are fine-tuned using class-weighted binary cross-
entropy loss to mitigate class imbalance and im-
prove minority-class recall. For LLaMA, we ap-
ply LoRA-based instruction fine-tuning (Hu et al.,
2022).

Results As shown in Table 3, we obtained ro-
bust classifiers capable of distinguishing between
healthy and unhealthy comments, with DeBERTa
performing best overall. We hence use DeBERTa
to predict comment health in the NYT and SOCC.
Three authors of this paper manually annotated
a subset of 100 NYT/SOCC comments with mod-
erate inter-annotator agreement (Fleiss’ x = 0.54).
The average agreement between human and model
labels was 78%, indicating reliable performance.
NYT and SOCC comment health predictions are
skewed (75% healthy). This is expected because
both platforms employ manual content modera-
tion,* which establishes a relatively high baseline

4Guidelines: https://help.nytimes.com/hc/en-u

for discourse quality. We still retain over 250k com-
ments labelled as unhealthy to support our main
analysis.

3 Results
3.1 RQI: Article Framing Effects on
Comment Health

We examine (1) whether article frame type predicts
health, and (2) whether frame alignment (matching
the article’s primary frame, adopting a secondary
frame, or introducing new frames) affects health,
while controlling for topic. We fit mixed-effects
logistic regression to predict binary top-level com-
ment health with random effects for article IDs and
fixed effects for article topic (all models), article
framing (RQ1.1) or frame alignment (RQ1.2).3

RQ1.1 Article Frame Effects Article framing
exerts a significant influence on comment health
in both outlets (NYT: x2(9) = 368.27, p < 0.001;
SOCC: x2(9) = 26.97, p = 0.001). Health and
Economic frames consistently elicit the healthiest
comments across both platforms (84-87% healthy
comments), while Political, Fairness, and Morality
frames generate the least healthy discourse (72—
77%), indicating that value-laden and polarizing
frames provoke more contentious user engagement.

RQ1.2 Frame Alignment Effects The degree
of alignment between article and comment frames
significantly predicts comment health in both plat-
forms (NYT: x%(2) = 340.61, p < .001; SOCC:
x%(2) = 48.16, p < .001), after controlling for
topic. A clear gradient emerges (Figure 1): com-
ments that match article frames are the healthi-
est, followed by selective reframing (adopting sec-
ondary frames present in the article), with complete
reframing (introducing frames absent from the arti-
cle) exhibiting the lowest health. All three pairwise
comparisons between frame alignment conditions
are significant at p < .001 (See Table 10 in the
Appendix). This trend holds across topics (see Fig-
ure 2 in Appendix C.1).

The selective reframing category is particularly
informative. Readers who remain within the ar-
ticle’s frame repertoire, even when shifting away
from its primary emphasis, tend to engage more
constructively than those who introduce completely
novel perspectives.
s/articles/115014792387-Comments (NYT), https:
//www.theglobeandmail.com/community-guidelines/

(SOCC).
SFull model specifications in Appendix D.1.
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Figure 1: Health by frame alignment across platforms.
A clear gradient emerges where comments matching
article frames have the highest health rates, followed by
selective reframing (adopting secondary frames present
in the article), with complete reframing (introducing
frames absent from the article) showing the lowest
health.

Topic Effects Unsurprisingly, article topic alone
also strongly predicts comment health when con-
trolling for frame type (NYT: x2(10) = 371.85,
p < .001; SOCC: x2(10) = 435.52, p < .001).
Some topics (Health, Education) consistently fos-
ter more constructive discourse, while others are
associated with substantially lower health (Trump).
Full results by topic are in Appendix Figure 2.

3.2 RQ2: Comment Framing Effects on Reply
Health

We model mean reply health by fitting a linear re-
gression with top-level comment health, top-level
comment frame and topic as well as health x frame
interactions as predictors. We then test (1) how
top-level comment health impacts subsequent dis-
cussion and (2) whether this trend differs across
frames; while again controlling for topic.®

Top-level comment health strongly predicts sub-
sequent reply health in both outlets (p < 0.001).
This is in line with similar studies on toxicity
in Reddit threads (Shankaran and Sharma, 2024).
This trend does not significantly vary by top-
level comment frame. In other words, healthy
top comments initiate healthy discussions and un-
healthy top comments initiate unhealthy discus-
sions — largely independent of their topic or frame.
Full results are in Appendix Table 12.

Combined with RQl—where frame type and
alignment significantly predicted baseline com-
ment health—this suggests a two-stage model, in
which article framing sets discourse environments,

Full modeling details in Appendix D.2.

while individual comment health governs propaga-
tion through reply chains.

3.3 Frame-Aware Content Moderation

Current content moderation systems operate reac-
tively: they detect and remove toxic content after
posting. This approach addresses symptoms rather
than causes, it penalizes users without helping them
improve, and cannot prevent unhealthy discussions
before they escalate.

Our findings suggest an alternative: proactive,
frame-aware moderation. We illustrate this through
a prototype system that analyzes article framing,
comment framing, their frame alignment and com-
ment health. Based on these inputs, the system
stratifies comments into three risk levels (high,
medium and low), and suggests LLM-based re-
formulations informed by full context. The system
can be accessed online at this link.’

4 Discussion and Conclusion

Our findings suggest that framing and health of
online discourse are intertwined. The primary ar-
ticle frame significantly predicts comment health,
with value laden frames like Morality and Fair-
ness frames generating the least healthy comments.
Furthermore, frame alignment is crucial: depart-
ing from the article’s frame correlates with de-
creased health, with complete reframing showing
the strongest negative effects. At the reply level
(RQ2), we find that comment health is the primary
driver of reply quality, operating uniformly across
all frame types, with top-level comment health
strongly predicting reply health.

We provide computational evidence for fram-
ing theory (Neuman et al., 1992; Scheufele, 1999),
which posits that audiences actively interpret and
reconstruct media frames rather than passively ac-
cepting them. We extend this line of work by illus-
trating that frame reconstruction patterns predict
not just what audiences say but how they engage.

Beyond theoretical significance in the context of
framing theory and mechanisms, our findings are
of practical importance for maintaining healthy on-
line discourse. We illustrate this potential through
a pro-active, frame-aware comment moderation
prototype that combines frame classification with
health detection to provide constructive reformula-
tion suggestions.

"As it uses serverless GPU infrastructure, initial requests

may experience a short delay while models are initiated and
loaded. See Appendix E for complete technical specifications.
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Limitations

Our analysis examines correlational patterns rather
than causal mechanisms. Our binary health opera-
tionalization enables large-scale analysis while sim-
plifying the multidimensional nature of discourse
quality. We analyze two major English-language
news outlets (NYT, Globe and Mail) from 2012-
2018, which may reflect outlet-specific modera-
tion practices and temporal context. Our thread
analysis focuses on top-level comments and imme-
diate replies (depth < 2); deeper nested dynam-
ics warrant further investigation. The frame and
health classifiers achieve robust performance on
our datasets, though generalization to other plat-
forms and languages remains to be validated.

Ethical Considerations

Our moderation prototype is intended to support
constructive discourse, not suppress dissent. We
caution against using frame alignment as a sole
criterion for moderation, as novel perspectives that
depart from article framing may represent valuable
contributions. The operationalization of "health"
reflects norms from specific cultural contexts and
should be adapted for other communities.
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A UCC Data Splits

The original train / val / test UCC data splits and
our label-balanced data splits are shown in Table 4
and 5, respectively.

Healthy = Unhealthy  Total
Train 32,848 2,655 35,503
Val 4,091 336 4,427
Test 4,105 320 4,425
Total 41,044 3,311 44,355

Table 4: Original class distribution in UCC splits.

Healthy = Unhealthy  Total
Train 5,298 2,649 7,947
Val 662 331 993
Test 662 331 993
Total 6,622 3,311 9,933

Table 5: Balanced high-confidence split used for fine-
tuning.

B Health and Toxicity

Price et al. (2020) showed that ‘health’ and ‘tox-
icity’ only have a weak correspondence in UCC.

We verify this trend on our NYT and SOCC cor-
pus, adding support for our decision to focus on
comment health, specifically.

To assess how our healthy discourse classifier re-
lates to toxicity detection, we compared our health
predictions with Perspective API toxicity scores on
the SOCC and NYT datasets. We binarized toxicity
scores at a threshold of 0.5 and calculated Cohen’s
 and correlations.

Results show slight agreement (x = 0.19-0.21)
with moderate negative correlations (p ~ —0.51,
p < 0.001). 20-24% of comments classified as un-
healthy have low toxicity scores, accounting for 96—
97% of instances classified as unhealthy, but with
low toxicity scores. Upon manual investigation
of a subset of disagreements, we found that these
comments are dismissive, unproductive, use sweep-
ing generalizations or stereotypes, and employ
condescending or sarcastic tones. As such, these
comments undermine constructive and healthy dia-
logue, however, they do not necessarily use explicit
or overly emotional language which would give
rise to a toxic label. Examples of such cases are
provided in Appendix Table 6.

C Overall Topic Health

Table 7 details the rate of healthy comments by
topic. The variation in health by topic is inde-
pendent of framing and highly significant in both
datasets (NYT: x2(10) = 371.9, p < .001; SOCC:
x2(10) = 435.5, p < .001). Healthcare and Edu-
cation consistently foster the most constructive dis-
course, while Trump coverage generates the lowest
health rates.

C.1 Frame Alignment Effects by Topic

Figure 2 shows how frame alignment effects vary
across topics. The consistent pattern—where
matching frames yield healthier comments than se-
lective or complete reframing—holds across most
topics.

D Regression Analyses and Full Results

D.1 RQI1: Article effects on top-level
comments

For RQ1, we ask how article framing influences
comment health. First, we examine whether ar-
ticle frame type predicts health. We fit a mixed-
effects logistic regression model that predicts (bi-
nary) health of a top-level comment based on arti-
cle frame, topic as fixed effects and article ID as
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Comment Text

Healthy

Toxicity

Characteristics

"A few general comments: did not read the column. Stopped reading
Lady Astor long ago; interesting she did not editorialize about Chris
Spence, admitted serial plagiarizer, head of TDSB; Really, who still
reads her columns? A columnist who’s plagiarizes?"

"The number of lies, distortions and exaggerations in this article are
many. Wonder where she got them?"

"America: it’s an amazing country full of a lot of fine people. But like
wayward teenagers you can’t tell them anything. They know what’s
best, even when it’s so obvious that their behavior is harming themselves
and others. There will be no significant change in America’s gun-cult

mentality. Not now, nor even if there’s 20 more shootings like Newtown.
Guns are fetish objects to Americans, and they’re worshiped accordingly.

0

0.127

0.243

0.188

Dismissive, unconstruc-
tive

Accusatory

Stereotypes, generaliza-
tion

Either accept that, or live and visit elsewhere."

"Get with the program, Margaret, or you’ll be sent to a re-education 0

s

camp. It’s *climate change.

0.049 Sarcasm

Table 6: Examples of comments classified as unhealthy (Healthy=0) but with low Perspective API toxicity scores

(<0.5).
Topic NYT Health SOCC Health
Healthcare 88% 95%
Education 88% 87%
Climate Change 85% 86%
Abortion 83% 86%
Syria 83% 77%
Gun Control 79% 78%
Israel 79% 70%
Russia 78% 72%
Gay Rights 78% 76%
Immigration 78% 80%
Trump 68% 67%

Table 7: Mean comment health by topic, sorted by NYT
rate. Differences between topics are statistically signifi-
cant (p < 0.001) for both platforms.

random effect due to multiple measurements (top
comments) for the same article. Our variable of
interest is article_frame, and we include topic as a
control variable:

health ~ article_frame + topic + (1/id). (1)

Second, we test the effect of frame alignment
between articles and comments predicts health
(frame_condition).  Similarly, we fit a logis-
tic regression mixed-effects model replacing ar-
ticle_frame with frame_condition,

health ~ frame_condition + topic + (1]id), (2)

where frame_condition is a three-level factor indi-
cating whether comments match the article’s pri-
mary frame, selectively reframe by adopting a sec-
ondary frame present in the article, or completely
reframe by introducing frames not in the article.

Full Results Tables 8 and 9 present the full re-
gression models for frame alignment and article
frame effects, respectively. Tables 10 and Table 11
summarize the estimated marginal means.

D.2 RQ2: Top-level comment effects on reply
thread health

For RQ2, we model mean reply health (MRH) us-
ing ordinary least squares (OLS) linear regression,
specifying the model as follows:

MRH ~ top_c_health + top_c_frame
+ article_topic 3)
+ top_c_health x top_c_frame,

where top_c is short for top_comment. We include
article_frame again as a control factor and also
capture the interaction of health and frame in the
interaction term.

Full Results Table 12 present full coefficient es-
timates, standard errors, t-statistics, and p-values
for both platforms.

E Frame-Aware Moderation System:
Technical Specification

This section provides complete technical details of
the frame-aware moderation prototype described
in Section 3.3, accessible at the following link:
https://mpprng--comment-moderation-age
nt-commentmoderationservice-serve.modal
.run/.

The prototype system is deployed on Modal®, a

8https://modal.com
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Figure 2: Comment health by frame alignment (Match, Diff in Article, Never in Article) across topics for NYT (top)
and SOCC (bottom). The dashed line represents overall health.

serverless GPU infrastructure platform. This de-
ployment approach offers cost efficiency for re-
search prototypes but introduces cold-start latency
when the system has been idle.

Cold Start Behavior When no requests have
been made for approximately 5-10 minutes, the
system enters an idle state. The first subsequent
request triggers initialization of:

¢ Ollama server and Gemma 3:1b model load-
ing

¢ DeBERTa-v3-base healthiness classifier
* RoBERTa-based frame classifier

Our deployment makes use of NVIDIA A10G GPU
with 24GB VRAM.
E.1 System Architecture

Given a user-based keyword input (e.g., “Climate
change”), our system scrapes the three most recent
articles from the The Conversation website’ and

https://theconversation.com/us/, CC BY-ND 4.0

classifies the article frames, the comment frames,
the type of reframing (or match) and the comment
health. These components, along with the article
and comment text, are parsed by an LLLM, which
is then prompted to make suggestions based on
decision heuristics. Table 13 provides a complete
overview of the system pipeline.

E.2 LLM Prompt Structure

For reformulation suggestions, we use Gemma
3:1b deployed via Ollama for local inference. The
prompt includes full context (article text, frames,
comment, alignment) and requests structured JSON
output with risk level confirmation, 2-3 specific
suggestions, and an allow/block recommendation.
Example prompt structure is shown in Figure 3.

E.3 Interface Example

Figures 4 and 5 illustrate the system interface and
moderation workflow, with an example of comment
analysis on a news article.


https://theconversation.com/us/

NYT SoCcC

Predictor Est. SE z P | Est. SE z P
(Intercept) 1.727  0.099 17.37 < 0.001 \ 1.862 0.173 10.77 < 0.001
Frame Alignment (vs Match)

Selective —0.108 0.009 —11.94 < 0.001*** | —0.132 0.029 —4.51 < 0.001#**
Complete —0.298 0.018 —16.31 < 0.001*** | —0.289 0.044 —6.62 < 0.001%#**
Article Topic (vs Abortion)

Climate Change —0.022 0.113 —0.20 0.843 0.047 0.176 0.27 0.788
Education 0.542  0.131 4.14 < 0.001%** 0.131 0.185 0.71 0.480
Gay Rights —0.328 0.179 —1.83 0.067 | —0.268 0.219 —1.22 0.221
Gun Control —0.288 0.117 —2.45 0.014* | —0.500 0.214 —2.34 0.020*
Healthcare 0410 0.107 3.84 < 0.001%** 0.976  0.209 4.67 < 0.001%#**
Immigration —0.380 0.111 —3.42 < 0.001*** | —0.316 0.181 —1.74 0.081
Israel —0.265 0.131 —2.02 0.043* | —0.792 0.191 —4.15 < 0.001%#**
Russia —0.374 0.105 —3.55 < 0.001*** | —0.744 0.186 —3.99 < 0.007%#**
Syria —0.095 0.137 —0.69 0491 | —0.428 0.181 —2.37 0.018*
Trump —0.862 0.107 —8.09 < 0.001*** | —1.103 0.177 —6.24 < 0.007#**
Random Effects

Article ID (Intercept) Variance: 0.369 (NYT), 0.201 (SOCC)
Article ID (Intercept) SD: 0.608 (NYT), 0.448 (SOCC)

Model Fit

NYT: AIC =363749.3, BIC = 363899.9 SOCC: AIC =39157.4, BIC =39277.5

Overall Effects (Type II Wald x? tests)

Frame Alignment: x?(2) = 340.61, p < 0.001%%* Frame Alignment: x*(2) = 48.16, p < 0.001%#%
Topic: x?(10) = 627.65, p < 0.001*** Topic: x?(10) = 662.46, p < 0.001%**

Table 8: Mixed-effects logistic regression predicting comment health from frame alignment, NYT and SOCC.

System Instruction:

You are an AI comment moderator. Analyze
this comment for health and frame transfer
(reframing). Provide constructive suggestions
only when the comment is unhealthy or uses
a completely different perspective from the
article.

CONTEXT:
{context}

Article Text: {article}...
Comment to Analyze: {comment}

Trigger: This comment requires intervention due
to: {intervention_trigger}

Task:

Based on health and frame transfer analysis:
1. Confirm the risk level (low, medium, high).
2. Provide 2-3 specific, constructive
reformulations that:

e Improve health if unhealthy

e Help align comment with article frames if
reframing is detected

* Maintain the core message

3. Determine if the original comment should be
allowed.

Provide a JSON response.

Figure 3: LLM prompt used for comment reformulation.



NYT SoccC

Predictor Est. SE z p | Est. SE z P
(Intercept) 1.608 0.108 14.90 <0.001 | 1734 0.196 8.85 < 0.001
Article Frame (vs Cultural)

Economic —0.104 0.098 —1.06 0.288 0.185 0.097 1.92 0.055
Fairness —0.560 0.275 —2.04 0.042* | —0.544 0.195 —2.79 0.005%*
Health 0.390 0.085 4.61 < 0.001%** 0.051 0.122 0.42 0.673
Legality —0.262 0.085 —3.06 0.002** | —0.144 0.133 —1.08 0.279
Morality 0.016 0.147 0.11 0914 | —0.125 0.216 —0.58 0.563
Opinion —-0.213 0.157 -1.36 0.174 0.017  0.206 0.08 0.936
Other 0.096 0.083 1.16 0.245 | —0.032 0.097 -—0.33 0.743
Political —0.553 0.069 —-7.96 < 0.001*** | —0.064 0.087 —0.73 0.466
Security —-0.219 0.125 -1.75 0.080 | —0.015 0.113 —0.14 0.891
Article Topic (vs Abortion)

Climate Change 0.167 0.103 1.62 0.104 0.024 0.184 0.13 0.898
Education 0.801 0.121 6.59 < 0.001%** 0.177 0.193 0.92 0.360
Gay Rights —0.051 0.165 —0.31 0.758 | —0.155 0.225 —0.69 0.491
Gun Control —0.033 0.108 —0.30 0.762 | —0.433 0.219 —1.98 0.048%*
Healthcare 0.547  0.096 5770 < 0.001%#** 0.906 0.211 4.30 < 0.001%**
Immigration 0.041 0.103 0.40 0.687 | —0.314 0.185 —1.70 0.089
Israel 0.023 0.122 0.19 0.847 | —0.736  0.198 —3.71 < 0.001%**
Russia 0.104  0.098 1.06 0.291 | —0.715 0.194 —3.68 < 0.001%#**
Syria 0.075 0.138 0.55 0.584 | —0.384 0.190 —2.03 0.043*
Trump —0.385 0.099 —-3.90 < 0.001*** | —0.992 0.185 —5.35 < 0.001%#**
Random Effects

Article ID (Intercept) Variance: 0.292 (NYT), 0.195 (SOCC)
Article ID (Intercept) SD: 0.540 (NYT), 0.442 (SOCC)

Model Fit

NYT: AIC = 363757.2, BIC = 363983.1 SOCC: AIC =39192.5, BIC = 39372.7
Overall Effects (Type IT Wald x? tests)

Article Frame: x%(9) = 368.27, p < 0.001%** Article Frame: x2(9) = 26.97, p = 0.001**
Topic: x?(10) = 371.85, p < 0.001%*** Topic: x?(10) = 435.52, p < 0.001%**

Table 9: Mixed-effects logistic regression predicting comment health from article frames, NYT and SOCC.

Article Frame NYT SOCC

Alignment NYT SoccC Health 89.2%  82.4%
Match 82.9% 83.1% Other 86.1% 81.2%
Selective 81.3% 81.1% Cultural 849% 81.7%
Complete 78.2% 78.6% Economic 83.5% 84.3%
— - - Opinion 81.9% 81.9%
Pairwise Comparisons (Tukey-adjusted): Security 81.8% 81.5%
Match vs Selective OR = 1.11#%%  OR = 1.14%%%* Legality 81.2%  79.4%
Match vs Complete OR = 1.35%%*  OR = 1.33%%* Morality 85.1%  79.7%
Selective vs Complete  OR = 1.21%**  OR = 1.17%%* Political 763%  80.7%
Fairness 762%  72.1%
Table 10: Estimated marginal means: Frame alignment
effects on health. Matching is the reference level. Table 11: Estimated marginal means: Comment health
Note: Results averaged over topic levels. All pairwise by article frame.
comparisons significant at p < 0.001. Note: Results averaged over topic levels. Frames sorted by
NYT health rate.
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NYT SOCC
Predictor B SE t P | B SE t P
(Intercept) 0.706  0.019 37.39 < 0.001 ‘ 0.633 0.029 21.49 < 0.001

Top Comment Health
Healthy (vs Unhealthy) 0.095 0.018 538 < 0.001*%* | 0.126 0.023 540 < 0.001%%*

Top Comment Frame (vs Cultural)

Economic 0.026 0.023 1.14 0.256 0.070  0.028 2.48 0.013*
Fairness —0.003 0.031 —0.09 0.932 | —0.102 0.041 —-2.51 0.012*
Health 0.006 0.023 0.27 0.787 0.047 0.044 1.07 0.286
Legality 0.020 0.021 0.99 0.323 | —0.022 0.048 —0.47 0.642
Morality —0.034 0.020 -1.75 0.079 | —0.046 0.031 —1.48 0.140
Opinion —0.032 0.044 —0.74 0.458 | —0.023 0.048 —0.49 0.626
Other —0.020 0.017 -1.15 0.251 | —0.019 0.022 —-0.83 0.406
Political —0.034 0.016 —-2.04 0.041* | —0.023 0.023 —1.03 0.303
Security 0.057 0.045 1.26 0.207 | —0.053 0.047 —-1.13 0.258
Article Topic (vs Abortion)

Climate Change 0.030 0.011 2.81 0.005%: 0.053 0.021 2.48 0.013*
Education 0.058 0.012 475 < 0.00]%*** 0.087 0.022 391 < 0.001%**
Gay Rights 0.026 0.016 1.61 0.108 0.094 0.027 3,51 < 0.001%**
Gun Control 0.028 0.012 2.46 0.014* 0.060 0.027 2.24 0.025*
Healthcare 0.034 0.010 3.30 0.001%:* 0.122 0.024 5.12 < 0.001%**
Immigration 0.017 0.011 1.62 0.105 0.063 0.022 2.87 0.004%:*
Israel 0.042 0.013 3.21 0.001** | —0.025 0.024 —1.06 0.289
Russia 0.010 0.010 0.99 0.320 0.006 0.023 0.24 0.807
Syria 0.030 0.014 2.17 0.030* 0.038 0.022 1.72 0.085
Trump —0.024 0.010 —-2.29 0.022* | —0.004 0.022 —-0.18 0.855
Interactions: Health x Frame

Healthy x Economic 0.003 0.024 0.13 0.894 | —0.044 0.030 —1.44 0.151
Healthy x Fairness —0.024 0.035 -0.70 0.487 0.024 0.047 0.50 0.614
Healthy x Health 0.039 0.025 1.56 0.118 | —0.013 0.047 —0.29 0.776
Healthy x Legality —0.006 0.022 —0.28 0.782 0.003 0.052 0.07 0.948
Healthy x Morality —0.012 0.022 —-0.54 0.589 | —0.006 0.037 —0.15 0.879
Healthy x Opinion 0.039 0.046 0.83 0.406 0.001 0.053 0.02 0.988
Healthy x Other 0.014 0.019 0.74 0.457 | —0.004 0.025 —0.15 0.878
Healthy x Political —0.010 0.018 —0.58 0.563 | —0.009 0.025 —-0.35 0.727
Healthy x Security —0.054 0.047 -1.14 0.254 0.048 0.050 0.95 0.340
Model Fit

NYT: R? = 0.029; Adj. R? = 0.028; F(29,72,800) = 73.82, p < 0.001; Residual SE: 0.342
SOCC: R? = 0.050; Adj. R? = 0.049; F'(29,20,013) = 36.36, p < 0.001; Residual SE: 0.334

Table 12: Linear regression predicting mean reply health from top comment health, frame, and topic, NYT and
SOCC.
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Component

Input / Function

Implementation Details

Article Analysis

Text Processing
Frame Classification

Output

Full article text
Sentence-level frame detection

Sentence-level frame labels

Sentence tokenization (NLTK punkt)
Fine-tuned RoBERTa model (Guida et al., 2025)
(10-frame taxonomy)

Each sentence annotated as
confidence}]

[{frame,

Comment Analysis

Text Processing
Frame Classification
Health Prediction

Frame Alignment

Comment text
Sentence-level frame detection
Comment-level quality assessment

Article-comment frame comparison

Sentence tokenization (NLTK punkt)

Same RoBERTa model as article analysis
Fine-tuned DeBERTa-v3-base (Binary: healthy /
unhealthy)

Primary-frame overlap and divergence measures

Risk Assessment

Risk Stratification
Moderation Decision

Health + alignment signals
Risk level

Rule-based aggregation (Table 14)
Boolean allow / block decision

Intervention Generation

Context Construction

LLM Inference
Output Format

Inputs to LLM

Reformulation generation
Moderation guidance

Article text, top-5 article frames, comment text,
comment frames, alignment status, health score
Gemma 3:1b via Ollama
Structured JSON:
suggestions[], allow_post}

{risk_level,

Table 13: System architecture for frame-aware comment moderation. Articles and comments are analyzed separately

for framing and health, combined into a risk assessment, and used to generate context-aware interventions via an
LLM.

Risk Level Health Alignment Action

High <0.3 Any Suggest +
Flag

High <0.5 Complete Suggest +
Flag

Medium [0.3,0.6) Any Suggest

Medium > 0.6 Selective/Complete  Suggest

Low > 0.6 Match Allow

Table 14: Risk stratification decision rules.
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Understanding climate change in
America: Skepticism, dogmatism
and personal experience
The Conversation » 19/12/2025

Health and Safety  Public Opinion

Cultural Identity

Where the wild things thrive:

Finding and protecting nature’s
i h safe

The Conversation » 18/12/2025

Health and Safety  Cultural Identity

Political and Policies

Extreme weather news may not
change climate change
skeptics’ minds
The Conversation « 27/03/2019

Cultural Identity  Public Opinion

Health and Safety

Extreme weather news may nhot change climate
change skeptics’ minds

The Conversation « 27/03/2019

Article Frames:

Cultural Identity Public Opinion Health and Safety Political and Policies Morality

The year 2018 brought particularly devastating natural disasters, including hurricanes,
droughts, floods and fires - just the kinds of extreme weather events scientists predict will be
exacerbated by climate change. Amid this destruction, some people see an opportunity to
finally quash climate change skepticism. After all, it seems hard to deny the realities of climate
change - and object to policies fighting it - while its effects visibly wreck communities, maybe
even your own. News outlets have hesitated to connect natural disasters and climate change,
though these connections are increasing, thanks to calls from experts combined with more
precise data about the effects of climate change. Media voices like The Guardian advocate for
more coverage of the weather events "when people can see and feel climate change.” Harvard's
Nieman Foundation dubbed 2019 "The Year of the Climate Reporter.” Even conservative talk
radio host Rush Limbaugh worried that media predictions about Hurricane Florence were
attempts to "heighten belief in climate change.” But a recent study from Ohio State University
communications scholars found that news stories connecting climate change to natural
disasters actually backfire among skeptics. As someone who also studies scientific
communication, | find these results fascinating. It's easy to assume that presenting factual
information will automatically change people’s minds, but messages can have complex,
frustrating persuasive effects. Social scientists have an unclear understanding of how climate
change news affects public opinion, as not enough research has specifically explored that
question. To explare the question, researchers from Ohio State recruited 1,504 volunteers. They
divided them into groups who read news stories about natural disasters - fires, hurricanes or
blizzards - that either emphasized or omitted the role of climate change. Cleverly, the
researchers recruited participants from geographic areas most likely to experience the

s they read about; for instance, participants in hurricane-praone areas read the news
articles about hurricanes. Further, the researchers ran the study in fall 2017, during hurricane
and wildfire season, when these sorts of disasters are presumably top of mind. After reading,
participants answered 11 questions meant to measure their resistance to the article, including
“Sometimes | wanted to ‘argue back’ against what | read” and "I found myself looking for flaws
in the way information was presented.” It turned out that climate change skeptics - whether

Figure 4: Landing page with topic search functionality. Users can enter keywords or select predefined topics to
retrieve 3 relevant articles from The Conversation. Article view with sentence-level frame analysis. Detected frames
are displayed as tags; hovering over a frame highlights corresponding sentences in the article text.
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Z= Submit a Comment

Of course the media wants to connect every storm to climate change - they're funded by
the green energy lobby. This ‘study’ proves nothing except that normal people aren't falling
for the fearmongering anymore. The Guardian and Harvard are just mouthpieces for the
globalist agenda

Analyze & Moderate Comment

RISK LEVEL: HIGH

Healthiness Score (0-100) Frame Reframing Type Al Recommended Post Status
20% Frame x REFUSED
Retention

. Al Reformulation Suggestions:

COMSTRUCTIVE REPHRASE

Instead of dismissing the media's connection between natural disasters and climate
change, acknowledge the complexity of the issue and the importance of data-driven
analysis. Briefly state your concern about the potential for misinterpretation of climate
change impacts.

CONSTRUCTIVE REPHRASE

Focus on the importance of accurate data and scientific understanding. Gently challenge
the assertion that media outlets are solely driven by a ‘green energy lobby’ without offering
alternative perspectives on the data's interpretation. Emphasize the value of consistent,
reliable infermation.

CONSTRUCTIVE REPHRASE

Express your concern about the potential for misinformation and encourage critical
evaluation of sources. Suggest that people should consider multiple perspectives and
consult credible scientific reports.

Figure 5: Moderation output for an unhealthy comment expressing climate skepticism. The system assigns a high
risk level based on healthiness score, detects frames and retention, and recommends refusing the comment. The
LLM generates three ways to reformulate more constructively while preserving the user’s core concern and idea.
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