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Abstract

Fake news detection is often treated as a
content-centered task, yet social media posts
are embedded in user reactions that express
skepticism, endorsement, correction, ridicule,
and affective responses. This paper asks what
makes user reactions useful for fake news de-
tection. We study performance according to
different dimensions: text only, emotions in
comments, and number of available comments.
We study this question across Fakeddit and
Weibo20 under both standard and chronolog-
ical splits (in a chronological split, most re-
cent posts are included in the testing split). Ro-
bustness of results is measured across two en-
coder families (BERT-base, RoBERTa-base)
and two English emotion taxonomies (dair-
ai/emotion1, GoEmotions 2). Across these
configurations, comment-only representations
outperform post-only baselines in most eval-
uation regimes, though this gain depends on
dataset, split, and number of available com-
ments. Emotion fine-tuning yields a consis-
tently positive benefit under the chronological
evaluations studied here, while its effects under
standard evaluation are mixed.

These findings suggest that user responses
should be preserved and considered when
developing fake-news detection systems and
benchmarks.

1 Introduction

Fake news detection is often framed as a content-
centered classification problem: given a claim, arti-
cle, or social media post, a model predicts whether
it is fake or genuine. This formulation has led
to a wide range of methods based on lexical fea-
tures, neural text representations, retrieved evi-
dence, propagation patterns, social context, and

1https://huggingface.co/datasets/dair-ai/emotion
2https://huggingface.co/datasets/google-research-

datasets/go_emotions/

multimodal signals. However, social media misin-
formation is rarely encountered as isolated content.
Posts are embedded in user reactions: people ques-
tion them, endorse them, mock them, correct them,
amplify them, or respond with anger, fear, surprise,
and skepticism.

This paper asks: What makes user reactions use-
ful for fake news detection? We argue that user
comments, which we treat as reactions, provide
useful veracity signal in their own right, and that
their affective structure can improve chronological
evaluation robustness.

Comments may help simply because they pro-
vide additional text about the event. They may also
help because they reveal social interpretation, such
as collective skepticism or endorsement. A third
possibility is that comments are useful because
they encode affective responses. Fake news often
attempts to attract attention and provoke emotional
reactions, and prior work has shown that emotion-
aware signals can improve fake news detection. Yet
it remains unclear whether the useful signal lies in
explicit emotion distributions, generic comment
semantics, or learned affective representations.

We investigate this question through a staged
empirical analysis. First, we ask whether emotion
distributions in user comments are statistically as-
sociated with veracity. Second, we test whether
these shallow emotion-distribution features are suf-
ficient for fake news detection. Third, we compare
generic comment embeddings against embeddings
extracted from emotion-fine-tuned encoders.

Across two datasets, two encoder families, two
emotion taxonomies on the English side, and re-
constructed chronological splits on both datasets,
emotion fine-tuning of comment encoders produces
a consistent and reproducible effect: significant im-
provement on chronological splits in 6 of 6 paired
comparisons. The single configuration with the
weakest base encoder and the richest emotion tax-
onomy (RoBERTa-base with GoEmotions) is the
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only one we test whose macro-F1 does not de-
grade between standard and chronological Fakeddit
splits.

We further find that the chronological evaluation
benefit depends on the availability of substantial
reaction context: at low engagement thresholds,
emotion fine-tuning significantly degrades perfor-
mance. Geometry analyses suggest that affective
fine-tuning consistently increases global fake/real
separation, while local neighborhood effects de-
pend on the dataset and neighborhood scale.

Our contributions are as follows:

• Reactions carry veracity signal. We show
that comment-only representations outper-
form post-only baselines in most evaluation
regimes.

• Chronological evaluation robustness gap.
We show that most evaluated representations
degrade under chronological evaluation, ex-
posing a robustness gap that standard or ran-
dom splits tend to hide.

• A consistent benefit in Chronological eval-
uation. Across two encoders (BERT-base,
RoBERTa-base), two English emotion tax-
onomies (dair-ai/emotion, GoEmotions), and
two languages (English, Chinese), emotion-
fine-tuned comment encoders significantly im-
prove macro-F1 on chronological splits (all
p ≤ 0.020, magnitudes 2 to 9 points).

• Engagement-cohort dependence. On Faked-
dit, the effect of emotion fine-tuning depends
on the engagement-defined population. It is
negative or neutral in lower-engagement co-
horts and positive in the high-engagement co-
hort, but this should not be interpreted as a
universal numerical cutoff at exactly 50 com-
ments.

2 Related Work

2.1 Fake News Detection
Fake news detection has been studied through
multiple modeling paradigms, including content-
based classification (Farhangian et al., 2025; Pan
et al., 2018), evidence-based verification (Thorne
et al., 2018; Xu et al., 2022), propagation model-
ing (Monti et al., 2019; Bian et al., 2020), social-
context modeling (Zhang et al., 2021; Mehta et al.,
2022), and multimodal detection (Nakamura et al.,
2020; Zhou et al., 2020; Wang et al., 2018).

Content-based methods classify claims, posts, or
articles using lexical, stylistic, semantic, or neural
representations of the source text. Evidence-based
approaches instead verify a claim against external
sources or retrieved evidence. Other approaches
model how information spreads, exploiting chrono-
logical propagation patterns, user interactions, or
graph structure. Multimodal methods further incor-
porate images, videos, metadata, or cross-modal
inconsistencies.

Despite this diversity, many fake news detection
systems remain centered on the source post or arti-
cle. This is natural in settings where early detection
is required, where user reactions are unavailable, or
where the task is formulated as claim verification.
However, social media misinformation is not only
a content-level phenomenon. Posts are embedded
in user responses: users question them, endorse
them, mock them, correct them, or express anger,
fear, surprise, and skepticism. These reactions can
reveal how a crowd interprets a post, and may con-
tain information that is not directly present in the
source content. Our work focuses on this reaction
signal and asks what makes it useful for fake news
detection.

2.2 User Reactions and Social Context
Several lines of work have incorporated social
context into fake news and rumor detection (Der-
czynski et al., 2017). In rumor verification, re-
ply threads and user responses are often modeled
through stance, support, denial, questioning, cer-
tainty, or evidentiality. In fake news detection,
social-context methods use comments, reposts,
propagation graphs, user engagement, or chrono-
logical interaction patterns to complement content-
based representations.

However, comments are often treated as generic
auxiliary text or as nodes in a propagation struc-
ture. While this can improve detection, it does not
directly explain which aspects of user reactions
carry the useful signal. Reactions may help be-
cause they add topical context, because they reveal
collective skepticism or endorsement, because they
encode affective responses, or because they pro-
vide signals that are more stable than the lexical
content of emerging fake news. Our paper is posi-
tioned around this question: rather than proposing
a new comment architecture, we investigate what
makes reactions useful by comparing post-only
models, comment-only models, shallow emotion-
distribution features, and what we call learned af-
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fective comment representations.

2.3 Emotion-Aware Fake News Detection

Emotion has been repeatedly linked to misinforma-
tion, since fake news often seeks to attract atten-
tion, provoke outrage, exploit fear, or trigger sur-
prise. The most directly related work is Zhang et al.
(2021), which introduces dual emotion for fake
news detection. Their framework distinguishes be-
tween publisher emotion, expressed in the news
content, and social emotion, expressed in user com-
ments, and models the relationship between them.
They show that dual emotion is distinctive between
fake and real news and that dual-emotion features
can be plugged into existing detectors as an en-
hancement, establishing that social emotion in com-
ments should not be ignored.

Our work differs in focus. Rather than design-
ing publisher–social emotion gap features, we ask
when reaction-based affective signals are useful,
and specifically whether they help under chrono-
logical distribution shift. A related line of work pro-
poses Intermediate-Layer Emotional Representa-
tions (ILER) for the source-content side (Toughrai
et al., 2025).

While prior emotion-aware methods establish
that affective signals help detection in general, our
contribution is to characterize when and why they
do.

3 Experimental Setup

We study post-level binary fake news detection
with user reactions. Each instance consists of a
source post x, a set of associated user comments
Cx = {c1, . . . , cn}, and a binary veracity label
yx ∈ {0, 1}, where the two labels correspond to
fake and genuine/real news according to the dataset
annotation scheme. The objective is to predict yx
from different views of the instance: the post con-
tent alone, the comments alone, or combinations of
post and comment representations.

Our goal is not to propose a new fake news de-
tection architecture. Instead, we use controlled
baselines to investigate what makes user reactions
useful for detection. Specifically, we ask whether
the useful signal comes from: (i) the semantic con-
tent of comments, or (ii) learned affective represen-
tations obtained from emotion-fine-tuned encoders.

In post-only settings, the model predicts yx from
x alone:

ŷx = f(x).

In comment-only settings, the model predicts yx
from an aggregated representation of Cx:

ŷx = f(g(Cx)),

where g(·) is either an emotion-distribution aggre-
gation function or an embedding-pooling function.
In fusion settings, we use scalar late fusion over
independently trained post-only and comment-only
predictors:

pLF(y | x,Cx) = λpp(y | x)+ (1−λ)pc(y | Cx),

where pLF denotes the scalar late-fusion prob-
ability, pp the post-only prediction, and pc the
comment-only prediction. λ is selected on the vali-
dation set.

3.1 Datasets

We evaluate our hypotheses on two fake-news
datasets with user reactions: Fakeddit and Weibo20.
Table 7 in Appendix B summarizes the post-level
splits used in our experiments.

Fakeddit (Nakamura et al., 2020). Fakeddit is a
large multimodal fake-news dataset collected from
Reddit, containing post-level labels, textual content,
metadata, images, and associated comments. We
focus primarily on a comment-rich subset, which
we call Fakeddit-50, consisting of posts with at
least 50 matched comments. This threshold is not
intended to define a representative subset of Faked-
dit; rather, it provides a controlled setting for study-
ing reaction-based models when substantial user
feedback is available.

We also construct Fakeddit-50-Chronological,
a chronological version of Fakeddit-50 in which
models are trained on older posts and evaluated on
the most recent posts.

Weibo20 (Zhang et al., 2021). Weibo20 is a
Chinese fake-news dataset containing social me-
dia posts, associated user comments, and binary
fake/real labels. For Weibo20, we use all avail-
able comments associated with each post. We eval-
uate both the standard split and a reconstructed
chronological split of the same underlying collec-
tion. The standard split measures in-distribution
performance, while the chronological split places
earlier posts in training/validation and more recent
posts in testing, approximating future-post detec-
tion.
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This distinction is central to our analysis: com-
paring standard and chronological evaluation al-
lows us to test whether affective reaction repre-
sentations merely improve ordinary classification
performance or provide more stable signals when
lexical, topical, and event-specific overlap between
training and test data is reduced. We do not evalu-
ate on Weibo-21 (Tong et al., 2024), as access to
the full release was not granted to us.

3.2 Emotion Annotation of Comments

To analyze the affective structure of user reac-
tions, we assign soft emotion probabilities to each
comment using emotion classifiers matched to the
dataset language. For Fakeddit-50, we use En-
glish BERT and RoBERTa emotion classifiers fine-
tuned on dair-ai/emotion; we also evaluate a
GoEmotions-fine-tuned encoder as a robustness
check. For Weibo20, we also use Chinese BERT
and RoBERTa emotion classifiers fine-tuned on
SMP-2020 3 weibo sentiment dataset.

The English and Chinese label inventories are
not strictly parallel (see comparisons in appendix
A.1).

For each post x with comment set Cx, we aggre-
gate comment-level probabilities into a post-level
emotion distribution:

pe(x) =
1

|Cx|
∑︂

ci∈Cx

P (e | ci).

This representation captures the average affective
profile of the reactions to a post. In addition to
mean emotion probabilities, we compute simple
distributional statistics over comments, including
the standard deviation and maximum probability
for each emotion, as well as entropy-based features.
These features are used for statistical analysis of
fake/genuine emotion differences.

3.3 Reaction Representations

We compare aggregated generic comment embed-
dings and aggregated emotion-fine-tuned comment
embeddings.

Generic comment embeddings. This uses
frozen pretrained BERT encoders to embed com-
ments without emotion-specific fine-tuning. For
Fakeddit-50, we use bert-base-uncased; for
Weibo20, we use bert-base-chinese.

3https://smp2020ewect.github.io/

Emotion-fine-tuned comment embeddings.
This uses the same embedding and aggregation
pipeline, but replaces the generic encoder with
an encoder fine-tuned on emotion classification.
These embeddings are intended to represent
comments in an affectively organized space while
preserving richer information than explicit emotion
probabilities alone.

For embedding-based representations, we pool
comment embeddings at the post level using mean
pooling:

zx =
1

|Cx|
∑︂

ci∈Cx

h(ci),

where h(ci) is the comment representation ex-
tracted from the corresponding encoder. Mean
pooling is not intended to be an optimal aggre-
gation mechanism: it can discard higher-order in-
formation about the token or comment embedding
distribution (Hara et al., 2026). We use it because
it is simple, parameter-free, and keeps the com-
parison focused on the representation space itself.
More expressive aggregation mechanisms, such
as attention pooling, may further improve perfor-
mance, but would introduce additional modeling
capacity and make it harder to isolate the effect of
affective representation learning.

3.4 Baselines

We compare post-based, reaction-based, affective,
and fusion baselines.

Post-only baselines. We first evaluate models
that use only the source post, without comments.
We include TF-IDF, BERT and RoBERTa as base-
lines. These baselines measure how much signal is
available from the post content alone.

Comment-only baselines. We evaluate
comment-only models using pooled comment
embeddings. The generic comment baseline
uses BERT and RoBERTa encoders without
emotion-specific fine-tuning. The affective
comment baseline uses the same architecture
and pooling strategy, but replaces the encoder
with emotion-fine-tuned BERT and RoBERTa
variants. This comparison isolates the effect of
emotion fine-tuning while keeping the downstream
classifier and aggregation procedure fixed.

Post-reaction fusion baselines. Finally, we eval-
uate whether reactions complement post content by
using scalar late fusion.
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Dataset Input Feature / Encoder Test Acc. Test Macro-F1
Fakeddit-50

Post only TF-IDF 0.8247 0.7484
Post only BERT 0.8424 0.7738
Post only RoBERTa 0.8503 0.7861
Comments only BERT 0.8807 0.8288
Comments only BERT + dair-ai/emotion 0.8915 0.8482
Comments only BERT + GoEmotions 0.8846 0.8320
Comments only RoBERTa 0.8670 0.8075
Comments only RoBERTa + dair-ai/emotion 0.8724 0.8183
Comments only RoBERTa + GoEmotions 0.8527 0.7987
Post + comments BERT post + BERT emotion (dair-ai) 0.9221 0.8858

Fakeddit-50-Chronological
Post only TF-IDF 0.7413 0.6819
Post only BERT 0.8041 0.7694
Post only RoBERTa 0.8007 0.7614
Comments only BERT 0.7550 0.7298
Comments only BERT + dair-ai/emotion 0.7796 0.7493
Comments only BERT + GoEmotions 0.8031 0.7747
Comments only RoBERTa 0.7442 0.7146
Comments only RoBERTa + dair-ai/emotion 0.7801 0.7490
Comments only RoBERTa + GoEmotions 0.8351 0.8085
Post + comments BERT post + BERT emotion (dair-ai) 0.8750 0.8615

Weibo20
Post only TF-IDF 0.7747 0.7697
Post only BERT 0.8203 0.8202
Post only RoBERTa 0.8218 0.8218
Comments only BERT 0.9074 0.9074
Comments only BERT + SMP2020 0.9105 0.9105
Comments only RoBERTa comments 0.9042 0.9042
Comments only RoBERTa + SMP2020 0.9019 0.9018
Post + comments BERT post + emotion 0.9438 0.9438

(Zhang et al., 2021) Post + comments BERT + Dual Emotion Features 0.915 0.915
Weibo20-Chronological

Post only TF-IDF 0.7009 0.6948
Post only BERT 0.6735 0.6625
Post only RoBERTa 0.6978 0.6864
Comments only BERT 0.7370 0.7244
Comments only BERT + SMP2020 0.7967 0.7920
Comments only RoBERTa 0.7033 0.6844
Comments only RoBERTa + SMP2020 0.7449 0.7343
Post + comments BERT post + emotion 0.8215 0.8195

(Zhang et al., 2021) Post + comments BERT + Dual Emotion Features 0.734 0.734

Table 1: Post-only, comment-only, and post–reaction fusion results across encoders. Macro-F1 is the primary metric.
Comment-only rows show base encoders (orange) and emotion-fine-tuned variants (teal). Paired significance tests
for the emotion vs base comparisons are reported in Table 11.

3.5 Evaluation

We evaluate all models at the post level. We re-
port accuracy and macro-F1, using macro-F1 as
the primary metric because Fakeddit-50 is label-
imbalanced and because fake/real performance can
differ across datasets. For each test result, we com-
pute 95% confidence intervals using nonparametric
bootstrap over test posts.

For comparisons between generic and emotion-
fine-tuned comment encoders, we keep the dataset
split, comment aggregation method, classifier ar-
chitecture, and training protocol fixed. Thus, differ-
ences between these models primarily reflect the
representation induced by emotion fine-tuning.

4 Are User Reactions Useful?

We first compare post-only, comment-only, and
post–reaction fusion models across our standard
and chronological splits (Table 1).

Reactions are useful across all configurations.
Comment-only representations achieve macro-F1
comparable to or better than post-only baselines in
most settings, and post–reaction fusion improves
over post-only in every configuration we evalu-
ate. Under standard evaluation, the comment-
only advantage is large: on Fakeddit-50, for
BERT, post-only macro-F1 = 0.7738 against best
comment-only macro-F1 = 0.8482; on Fakeddit-
50, for RoBERTa, post-only macro-F1 = 0.7861
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against best comment-only macro-F1 = 0.8183;
on Weibo20, 0.8202 against 0.9105 (for BERT);
0.8218 against 0.9042 (for RoBERTa). Under
chronological evaluation, the advantage of generic
comment encoders over post-only narrows or disap-
pears, but emotion fine-tuning restores and exceeds
the comment-vs-post lead in every configuration.

Emotion-fine-tuned comments are the strongest
standalone representation under chronological
shift. The best comment-only result on Fakeddit-
50-Chronological is RoBERTa + GoEmotions at
0.8085 macro-F1, compared to 0.7614 for post-
only RoBERTa and 0.7146 for base RoBERTa
comments. On Weibo20-Chronological, BERT
+ SMP2020 reaches 0.7920, compared to 0.6625
post-only and 0.7244 base comments. The best-
performing configuration in every (dataset, split)
combination we tested includes emotion-fine-tuned
comment representations, either as the standalone
encoder or as part of post–reaction fusion. Table
14 in appendix G shows that this benefit is sta-
tistically significant across encoders, emotion tax-
onomies, and languages — significant in all six
chronological-split paired comparisons, with mag-
nitudes ranging from +0.019 to +0.094 macro-F1.

5 Are Reaction Emotions Associated with
Veracity?

In this section, we test whether the distributions
of comment emotions on fake and real posts differ
statistically.

We assign soft emotion distributions to each
comment using BERT-based emotion classifiers
(dair-ai/emotion for English, SMP2020 for Chi-
nese), aggregate them into post-level mean distribu-
tions, and compare fake and real posts sets by test-
ing whether the distribution of dominant post-level
emotions differs between them using a global chi-
square test of independence. We report Cramér’s V
as a measure of effect size. Results are reported in
Appendix F.

On Fakeddit-50, the association is statistically
detectable but small: the chi-square test over domi-
nant post-level emotion is significant (p = 0.0074)
with Cramér’s V = 0.026, and the permutation
test over post-level mean emotion vectors is also
significant (p = 0.0001).

The association is much stronger on Weibo20.
Fake posts show substantially more angry and sur-
prised reactions and fewer happy reactions than
real posts. The chi-square test is highly significant

(p < 10−300), with a large effect size (Cramér’s
V = 0.475).

The presence of an association is consistent
across both datasets. Whether this association is
large enough to be exploitable for classification,
and under what conditions, is the question we ad-
dress next.

6 Do Posts and Reactions Provide
Complementary Signals?

Table 1 shows that the scalar late-fusion "Post +
comments" baseline obtains the best performance
among the evaluated baselines in all four dataset–
split settings, both in accuracy and macro-F1. This
suggests that post content and user reactions pro-
vide complementary predictive information.

This result should not be interpreted as showing
that comments are always more useful than posts.
Rather, it supports the more limited claim that user
reactions are a useful signal in their own right and
can be at least as informative as the source post
under the evaluated conditions. The strong perfor-
mance of scalar late fusion further suggests that the
two views capture partly different information, so
preserving and modeling reactions is important for
fake-news detection.

7 Does just any supervised fine-tuning
help?

Before analyzing when affective representations
help, we first test a simpler alternative explana-
tion: the gains observed with emotion-fine-tuned
encoders may not come from affective supervision,
but from supervised fine-tuning in general. If this
were the case, then another supervised semantic
task should produce similar improvements over the
generic encoder.

We therefore introduce a non-affective super-
vised control based on natural language inference
(NLI). For Fakeddit-50, we use a BERT encoder
fine-tuned on MNLI; for Weibo20, we use a Chi-
nese BERT encoder fine-tuned on OCNLI.

The NLI source-task models successfully learn
their respective objectives, obtaining test macro-F1
scores of 0.7580 on MNLI and 0.7249 on OCNLI.
However, Table 2 shows that this supervised se-
mantic fine-tuning does not reproduce the benefit
of emotion fine-tuning. The NLI encoder yields
lower macro-F1 than the generic encoder in all
four dataset–split settings. More importantly, the
emotion-fine-tuned encoder outperforms the NLI
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Setting Gen. NLI Emo. ∆E−N Holm p

Fakeddit-50 0.8288 0.8264 0.8482 +0.0218 .031/.036
F50-Chron. 0.7298 0.7083 0.7493 +0.0410 .0003/.0003

Weibo20 0.9074 0.8760 0.9105 +0.0345 .0003/.0003
W20-Chron. 0.7244 0.7051 0.7920 +0.0869 .0003/.0003

Table 2: Macro-F1 for generic, NLI-fine-tuned,
and emotion-fine-tuned BERT comment encoders.
∆E−N denotes Emotion minus NLI. Holm-corrected
p-values are reported as paired bootstrap / approximate-
randomization. F50 = Fakeddit-50; W20 = Weibo20.

encoder in every setting, with gains ranging from
+0.0218 to +0.0869 macro-F1. All four Emotion–
NLI differences remain significant after Holm cor-
rection under both paired bootstrap and approxi-
mate randomization tests.

These results argue against the explanation that
the improvements are merely caused by exposing
the encoder to any supervised NLP task. Instead,
they suggest that the relevance of the auxiliary task
matters: emotion classification provides a supervi-
sion signal that is better aligned with user reactions
than the NLI control considered here.

8 When Do Affective Representations
Help?

Setting F1 ∆ 95% CI p

Fakeddit, engagement-cohort analysis
≥ 1, standard −0.0220 [−0.0256,−0.0184] < 10−4

≥ 1, chronological −0.0142 [−0.0183,−0.0101] < 10−4

≥ 10, standard −0.0099 [−0.0148,−0.0052] 0.0002
≥ 10, chronological −0.0054 [−0.0132,+0.0025] 0.19
≥ 50, standard +0.0195 [+0.0031,+0.0362] 0.017
≥ 50, chronological +0.0194 [+0.0032,+0.0358] 0.020

Weibo20
standard +0.0031 [−0.0094,+0.0165] 0.62

chronological +0.0676 [+0.0466,+0.0890] < 10−4

Table 3: Paired bootstrap tests of emotion-fine-tuned
vs. generic comment encoders under BERT. Cross-
encoder and cross-taxonomy replication is reported in
Table 11.

Section 4 establishes that emotion-fine-tuned
comment encoders are the strongest standalone re-
action representations on chronological splits. We
now characterize when this benefit emerges.

Emotion fine-tuning shows an engagement-
cohort effect on Fakeddit. Under BERT with dair-
ai/emotion, we vary the comment inclusion thresh-
old from ≥ 1 to ≥ 50 comments per post (Ta-
ble 3). At low engagement (≥ 1 on both splits and
≥ 10 on the standard split), emotion fine-tuning
significantly degrades macro-F1. At ≥ 10 under

chronological evaluation, it is statistically neutral.
At ≥ 50, it significantly improves performance on
both splits.

These results suggest that the usefulness of emo-
tion fine-tuning depends on the evaluated popula-
tion and the amount of reaction context. In the
Fakeddit cohort analysis, positive effects appear
only in the high-engagement cohort.

9 Geometry Analysis

We now examine whether this benefit is reflected in
the structure of the comment-representation space
itself. We compute two complementary diagnos-
tics: the cosine distance between fake and real
post-level centroids in pooled comment-embedding
space, which measures global class separation,
and veracity-neighborhood purity under k-nearest-
neighbors, which measures local class structure.
These diagnostics are run on the BERT + dair-
ai/emotion configuration for Fakeddit and bert-
base-chinese + SMP2020 for Weibo20.

9.1 Fake/Real Centroid Separation
Table 4 reports fake/real centroid cosine distance
under base and emotion-fine-tuned comment en-
coders across all four (dataset, split) cells.

Dataset Encoder Centroid Distance

Fakeddit-50
Base 0.000539
Emotion 0.002434

Fakeddit-50-Chronological
Base 0.002873
Emotion 0.006292

Weibo20
Base 0.005024
Emotion 0.074819

Weibo20-Chronological
Base 0.003908
Emotion 0.030671

Table 4: Fake/real centroid cosine distance in pooled
comment-embedding space, under base and emotion-
fine-tuned encoders. Base values in orange, emotion-
fine-tuned values in teal.

The central observation is that emotion fine-
tuning increases fake/real centroid separation in
every (dataset, split) cell we test, across both lan-
guages and both evaluation regimes. The base en-
coder produces small centroid distances through-
out: pretrained comment embeddings without aux-
iliary fine-tuning do not place fake and real posts in
well-separated regions of the representation space.
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The emotion-fine-tuned encoder, in contrast, pro-
duces representations with consistently larger class
separation under all four conditions.

What is robust to this caveat is that emotion fine-
tuning never leaves fake/real centroid separation
unchanged or decreased in any cell of our matrix.
The geometric reorganization induced by emotion
fine-tuning produces class separation in every con-
figuration we examine, regardless of dataset, lan-
guage, or split.

9.2 Veracity-Neighborhood Purity
Table 5 reports the fraction of each post’s k-nearest
neighbors in pooled comment-embedding space
that share its veracity label, averaged across posts,
for k ranging from 1 to 500 on the two chronologi-
cal splits.

Fakeddit-50-Chronological Weibo20-Chronological

k Base Emotion k Base Emotion

1 0.7796 0.7393 ↓ 1 0.6546 0.7182 ↑
3 0.7663 0.7318 ↓ 3 0.6484 0.6894 ↑
5 0.7560 0.7291 ↓ 5 0.6411 0.6851 ↑

10 0.7382 0.7244 ↓ 10 0.6319 0.6666 ↑
20 0.7230 0.7192 ↓ 20 0.6220 0.6540 ↑

50 0.7077 0.7101 ↑ 50 0.6072 0.6386 ↑
75 0.7025 0.7060 ↑ 75 0.6008 0.6288 ↑

100 0.6986 0.7035 ↑ 100 0.5967 0.6231 ↑
200 0.6892 0.6960 ↑ 200 0.5860 0.6080 ↑
500 0.6671 0.6762 ↑ 500 0.5652 0.5861 ↑

Table 5: k-nearest-neighbors veracity-neighborhood pu-
rity under chronological evaluation. Base values in
orange, emotion-fine-tuned values in teal.

The neighborhood-purity results are scale-
dependent. At neighborhood scales (k ≥ 50), emo-
tion fine-tuning increases veracity-neighborhood
purity in every entry of the table, on both chrono-
logical splits. On Fakeddit-50-Chronological, how-
ever, it decreases purity for small neighborhoods
(k ∈ {1, 3, 5, 10, 20}) and improves purity only
from k = 50 onward. Thus, the local-geometry
evidence from Table 4 should not be interpreted as
uniformly positive. Instead, emotion fine-tuning
consistently increases global fake/real centroid sep-
aration, while its effect on local neighborhood
structure depends on the dataset and neighborhood
scale.

Conclusion

We investigated what makes user reactions useful
for fake news detection. The central finding is that
emotion-fine-tuned comment encoders provide a

consistently positive benefit under the chronolog-
ical evaluations studied here: across two encoder
families, two emotion taxonomies, and two lan-
guages, this effect produces significant macro-F1
improvements on chronological splits in 6 of 6
paired comparisons. This pattern suggests that af-
fective fine-tuning can make reaction representa-
tions more useful when evaluation moves to later
posts, although the chronological splits also differ
in engagement, topic, and other population proper-
ties.

Additional findings complement this central re-
sult. First, the chronological evaluation benefit
requires sufficient reaction context: at low en-
gagement thresholds, emotion fine-tuning signif-
icantly degrades performance on Fakeddit. Sec-
ond, geometry analysis shows that emotion fine-
tuning increases fake/real separation in reaction-
representation space.

Our results argue for treating user reactions, and
especially their affective structure, as conditional
signals whose usefulness depends on the evaluation
population and the amount of available reaction
context. They should not be treated as a guaranteed
general performance lift.

Our findings also have implications for bench-
mark construction. Random-split evaluation can
give an incomplete and potentially misleading view
of model robustness, because it masks whether im-
provements persist when evaluation moves to later
posts. Chronological evaluation should therefore
become a standard component of fake-news detec-
tion benchmarks, alongside conventional random
splits.

Limitations

Our study has several limitations. First, our chrono-
logical evaluations are limited to reconstructed
chronological settings for Fakeddit and Weibo20.
Although they are closer to future-post evaluation
than random splits, they do not cover the full diver-
sity of platforms and events that might be encoun-
tered in deployment. Our Chinese evaluation is
restricted to Weibo-20 because access to the more
recent Weibo-21 release was not granted to us.

Second, comments are not always available at
prediction time. Our goal is to understand what
user reactions contribute once they exist, rather
than to optimize early fake news detection. In real
deployment scenarios, comments may arrive grad-
ually, and early detection systems may need to op-
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erate with few or no reactions. We partially control
comment availability in Fakeddit-50 by using posts
with at least 50 comments, which creates a subset
biased toward viral and controversial content. The
engagement-cohort analysis in Section 8 shows this
is not merely a sampling artifact: reaction-based
methods behave qualitatively differently at low en-
gagement, where emotion fine-tuning actively de-
grades performance.

Third, our claim of chronological evaluation
benefit is supported by 6 of 6 paired compar-
isons across encoders, taxonomies, and languages,
but rests on two underlying datasets (Fakeddit,
Weibo20). Extending this evaluation to additional
datasets with reactions and chronological structure
would strengthen the generalization claim and is an
obvious direction for follow-up work.

Fourth, our results do not imply that emotions
cause fake news or that affective reactions are uni-
versally predictive across platforms. We show sta-
tistical association and predictive usefulness under
specific dataset conditions.

Finally, our experiments are limited to binary
fake news detection. Many real-world misinforma-
tion settings involve more fine-grained labels, in-
cluding satire, misleading content, manipulated me-
dia, unverifiable claims, and partially true claims.
Future work should examine whether affective reac-
tion representations remain useful for finer-grained
veracity labels, multilingual settings, and earlier
stages of misinformation spread.
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A Additional Experimental Details

This appendix provides additional implementation
details, dataset statistics, full classification results,
comment-count ablations, emotion-distribution
analyses, and representation-geometry diagnostics.
All classification results are computed at the post
level. Unless otherwise stated, confidence intervals
are 95% percentile bootstrap intervals computed
with 10,000 resamples over the fixed test set. These
intervals quantify test-sample uncertainty only and
do not incorporate training-run randomness across
repeated refits.

A.1 Emotion Classifiers and Label Spaces
Available at Table 6.

Component Details

English encoders:
google-bert/bert-base-uncased.
FacebookAI/roberta-base.

Chinese encoders
google-bert/bert-base-chinese.
hfl/chinese-roberta-wwm-ext.

English label inven-
tory
dair-ai/emotion

sadness, joy, love, anger, fear, surprise.
GoEmotions

admiration, approval, annoyance, grat-
itude, disapproval,amusement, curios-
ity, love, optimism, disappointment, joy,
realization, anger, sadness, confusion,
caring, excitement, surprise, disgust, de-
sire, fear, remorse, embarrassment, ner-
vousness, pride, relief, grief

Chinese label in-
ventory
SMP-2020 angry, fear, happy, neutral, sad, sur-

prise.

Table 6: Emotion classifiers and label inventories.

A.2 Embedding Extraction, Pooling, Classifier
Training and Scalar Late Fusion

Comment embeddings are extracted from the fi-
nal hidden layer, last_hidden_state, using the
CLS token representation. Mean token pooling is
not used. The maximum sequence length is 128.
Tokenization uses Hugging Face default right-side
truncation. The typical extraction batch size is 64
for comment-embedding runs and 128 for emotion-
probability inference. Encoders are frozen during
embedding extraction and probability inference.

Post-level comment representations are obtained
by mean-pooling CLS vectors across comments.
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For comment-only embedding models, we use
the following classifier head:

Linear(768, 256)
↓

ReLU
↓

Dropout(0.2)
↓

Linear(256, 1)

The classifier is optimized with AdamW, learn-
ing rate 5 × 10−4, batch size 64, for 20 epochs.
Checkpoints are selected by validation macro-F1.
The sigmoid decision threshold is 0.5. Class
weights are not used for the comment MLP. Post-
only and fusion baselines use logistic regression
with standardization unless otherwise noted.

For scalar late fusion, we train post-only
and comment-only classifiers independently and
combine their predicted probabilities using the
validation-selected weight defined in Section 3. We
report mean and standard deviation over five seeds.

B Dataset Statistics

Dataset Split # Posts Real Fake

Fakeddit-50
Train 16,292 3,987 12,305
Val 2,036 498 1,538
Test 2,037 499 1,538

Fakeddit-50-Chronological
Train 16,292 3,416 12,876
Val 2,036 862 1,174
Test 2,037 706 1,331

Weibo20
Train 3,816 1,920 1,896
Val 1,272 640 632
Test 1,274 641 633

Weibo20-Chronological
Train 3,816 1,920 1,896
Val 1,272 640 632
Test 1,274 641 633

Table 7: Dataset sizes, label distributions, and comment-
count summaries.

C Emotion Distribution Statistics

This section reports the full post-level emotion-
distribution analyses. Comment-level emotion

probabilities are first aggregated into post-level vec-
tors, and fake/real comparisons are then computed
over posts.

C.1 Fakeddit-50
For Fakeddit-50, the dominant-emotion chi-square
test gives p = 0.007426, with Cramér’s V =
0.026181. A permutation test over post-level mean
emotion vectors gives p = 0.0001. The association
is statistically detectable but small in magnitude.

C.2 Weibo20
For Weibo20, the dominant-emotion chi-square test
gives p = 4.86 × 10−308, with Cramér’s V =
0.4749. A permutation test over post-level mean
emotion vectors gives p = 0.0001. Since Weibo20
standard and Weibo20-Chronological share the
same underlying post collection, the full-dataset
emotion-distribution statistics are identical; the dif-
ference between the two settings lies in how exam-
ples are partitioned and evaluated.
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Emotion Fake Mean Real Mean Fake–Real 95% CI Welch q Cohen’s d Cliff’s δ

anger 0.2292 0.2094 +0.0198 [+0.0172, +0.0224] 3.93e-49 0.2531 0.1353
joy 0.4627 0.4742 -0.0114 [-0.0149, -0.0080] 2.10e-10 -0.1120 -0.0420
sadness 0.2096 0.2154 -0.0059 [-0.0081, -0.0037] 2.28e-07 -0.0846 -0.0702
love 0.0256 0.0275 -0.0020 [-0.0028, -0.0012] 1.26e-06 -0.0858 -0.0350
surprise 0.0178 0.0191 -0.0013 [-0.0019, -0.0007] 5.81e-05 -0.0695 -0.0285
fear 0.0551 0.0543 +0.0008 [-0.0004, +0.0019] 0.1839 0.0231 0.0506

Table 8: Per-emotion fake–real differences for Fakeddit-50.

Emotion Fake Mean Real Mean Fake–Real 95% CI Welch q Cohen’s d Cliff’s δ

angry 0.3932 0.2779 +0.1153 [+0.1067, +0.1241] 9.63e-144 0.6583 0.4005
happy 0.1569 0.3267 -0.1697 [-0.1777, -0.1618] 0.0 -1.0513 -0.5561
surprise 0.1775 0.1091 +0.0684 [+0.0640, +0.0730] 3.36e-172 0.7344 0.4026
sad 0.0669 0.0988 -0.0319 [-0.0349, -0.0288] 1.45e-89 -0.5114 -0.3500
fear 0.0202 0.0123 +0.0078 [+0.0064, +0.0094] 6.29e-25 0.2620 0.1763
neutral 0.1846 0.1752 +0.0094 [+0.0038, +0.0152] 1.03e-03 0.0825 -0.0104

Table 9: Per-emotion fake–real differences for Weibo20.

D Emotion-Distribution Classification
Baselines

Table 10 reports the strongest emotion-distribution
baselines. These models use post-level summaries
of comment-emotion probabilities only.

E Full Classification Results

Table 11 reports the paired bootstrap test results.
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Dataset Feature Variant Classifier Val Macro-F1 Test Acc Test Macro-F1 Test Macro-F1 95% CI

Fakeddit-50
Mean + std + max + entropy XGBoost 0.5408 0.7599 0.5188 [0.4957, 0.5423]
Mean + std + max XGBoost 0.5338 0.7580 0.5121 [0.4899, 0.5352]
Mean + entropy XGBoost 0.5113 0.7541 0.4957 [0.4747, 0.5175]

Fakeddit-50-Chronological
Mean + entropy Small MLP 0.5893 0.7197 0.5879 [0.5641, 0.6119]
Mean + std + max + entropy XGBoost 0.5485 0.6907 0.5663 [0.5430, 0.5900]
Mean + std + max XGBoost 0.5350 0.6897 0.5584 [0.5347, 0.5817]

Weibo20
Mean + std + max XGBoost 0.8050 0.7951 0.7951 [0.7723, 0.8163]
Mean + std + max + entropy XGBoost 0.8065 0.7951 0.7951 [0.7724, 0.8168]
Mean + std + max Random Forest 0.8017 0.7865 0.7864 [0.7634, 0.8085]

Weibo20-Chronological
Mean + std + max XGBoost 0.7624 0.6303 0.6014 [0.5734, 0.6285]
Mean + std + max + entropy Small MLP 0.7092 0.6279 0.6008 [0.5736, 0.6284]
Mean + std + max + entropy XGBoost 0.7649 0.6279 0.5979 [0.5700, 0.6254]

Table 10: Best emotion-distribution baselines across datasets. These models use only post-level summaries of
comment-emotion probabilities.

Encoder Emotion data Acc ∆ Acc 95% CI Acc p F1 ∆ F1 95% CI F1 p

Standard splits
Fakeddit-50
BERT-base dair-ai/emotion +0.0108 [−0.0005,+0.0226] 0.072 +0.0195 [+0.0031,+0.0362] 0.017
BERT-base GoEmotions +0.0039 [−0.0103,+0.0177] 0.60 +0.0033 [−0.0176,+0.0239] 0.75
RoBERTa-base dair-ai/emotion +0.0054 [−0.0093,+0.0196] 0.47 +0.0108 [−0.0108,+0.0318] 0.31
RoBERTa-base GoEmotions −0.0142 [−0.0299,+0.0020] 0.083 −0.0088 [−0.0314,+0.0143] 0.46
Weibo20
BERT-chinese SMP2020 +0.0031 [−0.0094,+0.0165] 0.67 +0.0031 [−0.0094,+0.0165] 0.62
RoBERTa-chinese SMP2020 −0.0024 [−0.0173,+0.0126] 0.80 −0.0024 [−0.0174,+0.0126] 0.74

Chronological splits
Fakeddit-50-Chronological
BERT-base dair-ai/emotion +0.0245 [+0.0098,+0.0393] 0.002 +0.0194 [+0.0032,+0.0358] 0.020
BERT-base GoEmotions +0.0481 [+0.0314,+0.0648] < 10−4 +0.0448 [+0.0264,+0.0636] < 10−4

RoBERTa-base dair-ai/emotion +0.0358 [+0.0177,+0.0545] < 10−4 +0.0343 [+0.0135,+0.0553] < 10−4

RoBERTa-base GoEmotions +0.0908 [+0.0707,+0.1105] < 10−4 +0.0938 [+0.0710,+0.1164] < 10−4

Weibo20-Chronological
BERT-chinese SMP2020 +0.0597 [+0.0400,+0.0793] < 10−4 +0.0676 [+0.0466,+0.0890] < 10−4

RoBERTa-chinese SMP2020 +0.0416 [+0.0220,+0.0612] < 10−4 +0.0499 [+0.0278,+0.0720] < 10−4

Table 11: Paired bootstrap tests of emotion-fine-tuned vs. generic comment encoders across encoders, emotion-
fine-tuning data, datasets, and splits. Differences are computed as emotion − base over the same test posts.
Green indicates significant positive effects (p < 0.05); Red indicates negative point estimates (none significant).
Approximate randomization tests give the same significance pattern (Table 14).

F Post-level emotion-distribution
association with veracity

Dataset Global Test p-value Effect Size Strongest Differences
Fakeddit-50 Dominant emotion χ2 0.0074 V = 0.026 anger higher in fake
Fakeddit-50-Chronological Dominant emotion χ2 0.0074 V = 0.026 same underlying collection
Weibo20 Dominant emotion χ2 ≤ 10−4 V = 0.475 fake: more angry/surprise, less happy
Weibo20-Chronological Dominant emotion χ2 ≤ 10−4 V = 0.475 same underlying collection

Table 12: Post-level emotion-distribution association with veracity.
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G Paired Significance Tests

The model-wise bootstrap confidence intervals re-
ported in the main result tables quantify uncertainty
for each model separately. To directly compare
generic and emotion-fine-tuned comment encoders,
we additionally run paired tests over the same test
posts. For each dataset, we compare the predictions
of the base comment encoder and the emotion-fine-
tuned comment encoder. Differences are computed
as emotion minus base.

We use two paired procedures. First, we com-
pute paired bootstrap confidence intervals with
10,000 resamples over test instances. For each re-
sample, we compute the difference in accuracy and
macro-F1 between the two models. Second, we
run approximate randomization tests with 10,000
permutations, swapping paired predictions between
the two systems. These tests evaluate whether the
observed differences are larger than expected un-
der the null hypothesis that the two systems are
exchangeable on the same test instances.

Dataset Acc. ∆ Acc. 95% CI Acc. p F1 ∆ F1 95% CI F1 p

Fakeddit-50 +0.0108 [-0.0005, 0.0226] 0.0716 +0.0195 [0.0031, 0.0362] 0.0172
Fakeddit-50-Chronological +0.0245 [0.0098, 0.0393] 0.0020 +0.0194 [0.0032, 0.0358] 0.0198
Weibo20 +0.0031 [-0.0094, 0.0165] 0.6652 +0.0031 [-0.0094, 0.0165] 0.6226
Weibo20-Chronological +0.0597 [0.0400, 0.0793] < 10−4 +0.0676 [0.0466, 0.0890] < 10−4

Table 13: Paired bootstrap tests comparing emotion-fine-tuned and generic comment encoders. Differences are
computed as emotion minus base over the same test posts. Macro-F1 is the primary metric.

Setting Acc. p Macro-F1 p

Fakeddit, engagement-cohort analysis
≥ 1, standard < 10−4 < 10−4

≥ 1, chronological < 10−4 < 10−4

≥ 10, standard < 10−4 0.0001
≥ 10, chronological 0.11 0.18
≥ 50, standard 0.0834 0.0212
≥ 50, chronological 0.0017 0.0188

Weibo20
standard 0.7275 0.6048
chronological < 10−4 < 10−4

Table 14: Approximate randomization tests compar-
ing emotion-fine-tuned and generic comment encoders,
mirroring the structure of Table 3 (the paired bootstrap
counterpart).

The paired tests show that emotion fine-tuning
significantly improves macro-F1 on Fakeddit-

50, Fakeddit-50-Chronological, and Weibo20-
Chronological. On Fakeddit-50, the macro-F1 im-
provement is significant under both paired boot-
strap and approximate randomization, although the
accuracy gain is only borderline. On Fakeddit-50-
Chronological, emotion fine-tuning significantly
improves both accuracy and macro-F1. On
Weibo20 standard, the difference is negligible and
not significant.
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Dataset k Base Acc Base Macro-F1 Emotion Acc Emotion Macro-F1

Fakeddit-50
10 0.8748 0.8174 [0.7965, 0.8376] 0.8601 0.8062 [0.7855, 0.8262]

20 0.8910 0.8513 [0.8327, 0.8693] 0.8910 0.8492 [0.8302, 0.8672]

30 0.8925 0.8507 [0.8314, 0.8688] 0.8881 0.8440 [0.8249, 0.8622]

40 0.8856 0.8411 [0.8219, 0.8599] 0.8895 0.8422 [0.8226, 0.8611]

50 0.8876 0.8406 [0.8214, 0.8595] 0.8925 0.8498 [0.8308, 0.8681]

Fakeddit-50-Chronological
10 0.7619 0.7246 [0.7038, 0.7452] 0.7329 0.6886 [0.6671, 0.7103]

20 0.7953 0.7679 [0.7480, 0.7865] 0.7874 0.7493 [0.7292, 0.7690]

30 0.8090 0.7805 [0.7608, 0.7992] 0.7904 0.7472 [0.7260, 0.7675]

40 0.8135 0.7824 [0.7625, 0.8013] 0.7904 0.7585 [0.7382, 0.7779]

50 0.7752 0.7568 [0.7374, 0.7760] 0.7855 0.7514 [0.7305, 0.7712]

Weibo20
10 0.8571 0.8571 [0.8375, 0.8765] 0.8524 0.8524 [0.8326, 0.8720]

20 0.8815 0.8814 [0.8634, 0.8989] 0.8752 0.8751 [0.8570, 0.8932]

30 0.8909 0.8908 [0.8732, 0.9079] 0.8854 0.8853 [0.8677, 0.9026]

40 0.8917 0.8917 [0.8744, 0.9081] 0.9019 0.9019 [0.8852, 0.9176]

50 0.8893 0.8891 [0.8715, 0.9062] 0.8925 0.8924 [0.8752, 0.9089]

Weibo20-Chronological
10 0.6915 0.6735 [0.6464, 0.6993] 0.6931 0.6749 [0.6482, 0.7008]

20 0.7355 0.7248 [0.6994, 0.7501] 0.7331 0.7198 [0.6936, 0.7450]

30 0.7402 0.7304 [0.7053, 0.7552] 0.7865 0.7809 [0.7576, 0.8034]

40 0.7465 0.7362 [0.7113, 0.7610] 0.7708 0.7628 [0.7386, 0.7867]

50 0.7488 0.7377 [0.7130, 0.7623] 0.7418 0.7295 [0.7046, 0.7546]

Table 15: Comment-count ablation for comment-only base and emotion-fine-tuned encoders. For each dataset, the
first k comments per post are used. Subscripts report 95% bootstrap confidence intervals for macro-F1.

H Comment-Count Ablations

We repeat the comment-only experiments us-
ing the first k comments per post, with
k ∈ {10, 20, 30, 40, 50}. The post set and
train/validation/test split are fixed across k, so dif-
ferences reflect only the amount of reaction context
available.

Comments seem to start being insightful at
around 20 to 30 comments per post (figures 1 and
2). Note that this is a truncation effect, complemen-
tary to the inclusion-threshold analysis: section
8 varies which posts enter the dataset, while this
section varies how many of their comments are
seen.
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Figure 1: Comment-count ablation for base and emotion-fine-tuned comment encoders.

Figure 2: Comment-count ablation for base and emotion-fine-tuned comment encoders.
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