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Abstract

Social media platforms have become primary
sources for news consumption due to their
real-time and interactive nature, yet they have
also facilitated the widespread proliferation
of misinformation, negatively impacting pub-
lic health, social cohesion, and market stabil-
ity. While professional fact-checking is es-
sential for debunking rumors, the process is
time-consuming, necessitating automation to
effectively combat fake news. Existing ap-
proaches, such as extractive methods, often
lack coherence and context, whereas abstrac-
tive methods leveraging large language mod-
els (LLMs) can generate more readable and
informative debunking passages. However,
readability alone is insufficient for effective
misinformation correction; user acceptance is
critical. Recent advancements in LLMs of-
fer new opportunities for personalized debunk-
ing, as these models can generate context-
sensitive responses and adapt to user profiles.
Building on this, we propose the MUlti-round
Refinement and Simulated fEedback-enhanced
framework (MURSE), which generates Chi-
nese user-specific debunking passages by it-
eratively refining outputs based on simulated
user feedback. Specifically, MURSE-generated
user-specific debunking passages were pre-
ferred twice as often as general debunking pas-
sages in most cases, highlighting its potential to
improve misinformation correction and foster
positive dissemination chains.

1 Introduction

Social media platforms are increasingly preferred
over traditional media due to their real-time and
interactive qualities, becoming primary sources
for news consumption. However, this shift has
facilitated the proliferation of fake news across
platforms in various domains, especially after
generative AI techniques have made significant
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Figure 1: Paradigm comparison between existing ➀ ex-
tractive, ➁ abstractive approaches, and our proposed
method ➂ MURSE. Our proposed MURSE considers
the user profile to personalize the generation of debunk-
ing passages, which can more effectively help vulnera-
ble populations clarify misconceptions.

progress (Liu et al., 2024; Hu et al., 2025).
Such misinformation negatively impacts public
health (Pierri et al., 2022), social cohesion (Shu
et al., 2019), and market stability (Micevičienė
et al., 2024), making its moderation a priority for
maintaining a healthy information ecosystem.

In cases where rumors have already gained
widespread traction, simply labeling information
as a rumor without providing specific explanations
is insufficient. An effective explanation to debunk
rumors is fact-checking reports written by profes-
sional fact-checkers. However, the fact-checking
reports this time-consuming process necessitates
automation to effectively curb fake news prolifer-
ation and its harmful effects. While some exist-
ing approaches have employed extractive methods
to identify key sentences as debunking informa-
tion (Yang et al., 2022; Atanasova et al., 2020;
Russo et al., 2023b), these extracted sentences
often lack coherence and comprehensive context.
Given the impressive capabilities of LLMs, abstrac-
tive approaches now can leverage LLMs to generate
readable and informative debunking passages.

However, debunking passages with adequate
readability alone is insufficient for widespread dis-
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semination to achieve the purpose of misinforma-
tion correction. For misinformation correction to
be truly effective, it must transcend basic readabil-
ity standards and focus on user acceptance (Ma
et al., 2023). Through the collection and analy-
sis of user feedback, fact-checkers can precisely
identify the cognitive tendencies and psychological
needs of their target audience, thereby optimizing
the presentation of corrective information (Basol
et al., 2020). This user-centered approach to de-
bunking not only enhances the persuasiveness of
the content but also ensures that information effec-
tively reaches those most susceptible to misinfor-
mation (Pennycook and Rand, 2019). When cor-
rective content aligns with the audience’s compre-
hension abilities, concerns, and value systems, in-
dividuals become more willing to proactively share
such information, creating positive dissemination
chains that ultimately help vulnerable populations
clarify misconceptions and resist the adverse ef-
fects of false information (Guo et al., 2020; De
keersmaecker and Roets, 2017; Sun et al., 2025).
He et al. (2023) have adopted response generation
methods for debunking misinformation, but they
fail to take into account users personal profiles for
personalized debunking.

In this context, the rapid development of large
language models (LLMs) offers new perspectives
and technical support for addressing this issue.
LLMs are capable of generating responses through
role-playing, as they possess a strong ability to
comprehend human instructions and produce high-
quality text. Furthermore, they can adapt their re-
sponses based on interactions with different indi-
viduals, enabling more personalized and context-
sensitive debunking strategies. Russo et al. (2023a)
has utilized LLM to generate corresponding de-
bunking short texts for rumors with different emo-
tions and styles specific to social media platforms,
exploring strategies for debunking passages.

We propose a MUlti-round Refinement
and Simulated fEedback-enhanced framework
(MURSE) for generating debunking passages.
MURSE is based on rumors and evidence,
utilizing LLM to generate debunking passages
and iteratively refining them through multi-round
revisions based on simulated user feedback.
Fig. 1 illustrates the distinctions between the
extractive approach, the abstractive approach,
and our proposed MURSE framework. Our
MURSE framework is capable of generating
user-specific debunking passages. We evaluated

the generated user-specific debunking passages
using three quantifiable criteria and conducted
human evaluations on corresponding profiles.
Through multiple rounds of iteration, the MURSE
framework improves the performance of these
metrics. Moreover, in human evaluations, the
user-specific debunking passages generated by
MURSE were preferred twice as often as general
debunking passages in most cases.

2 Related Works

Explanation Generation for Fact Checking.
According to Russo et al. (2023b), fact-checking
tasks are often divided into two parts: one part in-
volved Veracity Prediction, while the other is the
more challenging task of explanation generation
for the verdict (Justification Production). Since
the inputs are often rumors and evidence, explana-
tion generation for fact-checking is typically done
by summarizing(Kotonya and Toni, 2020a; Eld-
ifrawi et al., 2024), which is further divided into
approaches of extractive approach like (Atanasova
et al., 2020) and (Yang et al., 2022), and abstrac-
tive approach like (Kotonya and Toni, 2020b). The
extractive approach often adopts joint learning of
veracity prediction and summary sentence extrac-
tion to generate explanations. However, this ap-
proach tends to yield debunking passages that lack
coherence, are not content-rich, and have poor read-
ability. In contrast, the abstractive approach bases
evidence to generate new sentences for explanation.
With the development of LLMs, this approach has
become more promising than simply extracting sen-
tences (Yue et al., 2024; Russo et al., 2025). There-
fore, we employ the abstractive approach based
on iterative feedback to the LLM-based passage
generation module.

Simulated Human Feedback on Social Media
Platform. Human feedback is a crucial signal for
related work, such as rumor detection and stance
detection (Ma et al., 2018; Zhang et al., 2021), as
it provides an additional perspective about how the
crowd reacts to the described event and indicates
the consequences that the message creator intends
to make (Wang et al., 2025b,a). Jiang and Wilson
(2018) analyze linguistic signals in user comments
on social media posts associated with misinforma-
tion and fact-checking. Gatto et al. (2023) use the
chain-of-thoughts embedding for stance detection
on social media platforms. And Nan et al. (2025)
distill the comment information to a content-only
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detector to facilitate early detection. With the emer-
gence of LLMs, recent studies have explored using
these models to simulate human feedback by gen-
erating role-specific comments (Qiu et al., 2025).
In the domain related to fake news detection, Wan
et al. (2024) use LLM to generate comments for so-
cial graphs and simulate the social media platform
in the real world. Nan et al. (2024) generate com-
ments from multiple subpopulations within diverse
views and make veracity judgments. However, their
ultimate goal is to improve the detection perfor-
mance of misinformation. In this work, we exploit
the simulation of human feedback based on LLM-
driven role-playing to refine rumor-debunking pas-
sages.

3 Method

Existing studies have demonstrated that LLMs pos-
sess the capability to generate readable debunking
passages (Yue et al., 2024; Kim et al., 2024). How-
ever, these studies have not adequately addressed
the need to personalize debunking passages based
on different user characteristics. Fig. 2 shows an
overview of our framework. In our approach, af-
ter generating the initial debunking passage, we
introduce a Simulated Feedback Module that pro-
vides refinement advice based on user responses to
rumors. Subsequently, we employ a multi-round
Passage Refinement Module to iteratively modify
these passages, enhancing their effectiveness. The
debunking passage undergoes continuous improve-
ment until it satisfies our established criteria.

3.1 Debunking Passage Initialization
For each rumor, there exist several corresponding
pieces of evidence provided by professional fact-
checking organizations such as CHEF (Hu et al.,
2022). But these pieces of evidence are always
too long to read fast for most people, making them
harder to gain widespread circulation. Unlike these
official evidences, in this paper, we propose gener-
ating personalized debunking passages tailored to
specific user characteristics, designed for broader
dissemination across social media platforms to help
vulnerable populations clarify misconceptions. The
rumor, along with its related evidence, is input into
the LLM to generate initial debunking passages for
refinement. The prompt is shown in Appendix A.

3.2 MURSE Framework
Our framework consists of two main modules: the
Simulated Feedback Module and the Passage Re-

finement Module. There are also three roles simu-
lated by LLM: Commenter, Advisor, and Editor.
The input is the initial debunking passage, and the
output is a refined, user-specific debunking passage
that meets our established evaluation criteria. For
the following modules, the utilized prompts are
provided in Appendix A.

3.2.1 Simulated Feedback Module
In this module, we utilize the Commenter to simu-
late target user responses to rumors on social media.
The Advisor then analyzes the user feedback along-
side the debunking passage to generate advice for
further refinement.

The Commenter simulates real users on social
media platforms who, when exposed to a circulat-
ing rumor, choose to believe it and post their own
comments. For user profiles, we follow Nan et al.
(2024), selecting gender, age, and education as key
attributes. Specifically, these three attributes are
categorized as follows:
• Gender: male; female.
• Age: adolescent; young adult; the middle-aged;

the elderly.
• Education: college graduate; has not graduated

from college; has a high school diploma or less.
Similarly, we combined these three attributes, re-
sulting in 24 possible combinations of user profiles.
The user profile, along with the rumor, is then used
to prompt the Commenter to generate simulated
comments.

The Advisor analyzes simulated user feedback
regarding rumors and proposes further refinement
advice for debunking passage (either initial or it-
eratively refined versions). The advice is then for-
warded to the Editor for subsequent modifications.

3.2.2 Passage Refinement Module
In this module, we utilize the Editor to modify
the debunking passage based on advice from the
Advisor. We propose three criteria to evaluate
whether the modified debunking passage meets the
requirements. If qualified, it is output as the final
user-specific debunking passage; if unqualified, the
modified debunking passage is input back into the
previous stage for iterative improvement.

The Editor is responsible for modifying the de-
bunking passage according to the advice proposed
by the Advisor. To ensure that throughout the itera-
tive process, the debunking result maintains fidelity
to the original facts, we also provide the rumor and
supporting evidence to the Editor.
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Figure 2: Illustration of the proposed MURSE framework. MURSE consists of a Simulated Feedback Module
and a Passage Refinement Module. The Simulated Feedback Module utilizes a Commenter to simulate target user
responses to rumors and an Advisor to analyze user feedback and provide advice. The Passage Refinement Module
uses an Editor to modify the debunking passage based on this advice. The debunking passage undergoes continuous
improvement until it satisfies our established criteria.

Given the modified debunking passage gener-
ated by the Editor, we introduced three crite-
ria—sentiment, informativeness and redundancy
to evaluate the quality of the debunking passage:
• Sentiment: Emotion plays an important role in

the field of news dissemination (Kjerstin Thor-
son and Ekdale, 2010; Steffens et al., 2019;
Zhang et al., 2021; Russo et al., 2023a;). To
mitigate user defensiveness, we ensure that de-
bunking passages maintain a positive tone.

• Informativeness: Chan et al. (2017) demon-
strate that debunking passages containing more
evidence-based information are more effective
in reducing misconceptions and increasing user
acceptance. Therefore, we measured the infor-
mativeness of debunking passages to ensure su-
perior debunking outcomes.

• Redundancy: Lewandowsky et al. (2012) iden-
tify the familiarity backfire effect, where repeat-
edly mentioning misinformation during correc-
tions actually reinforces false claims. Similarly,
Lazer et al. (2018) demonstrate that restating
erroneous information increases its familiarity,
potentially causing debunking efforts to backfire.
Thus, we require low redundancy between the
debunking passages and the rumor to reduce the
familiarity backfire effect.
When these three criteria reach the specified

thresholds, we consider the modified debunking
passage to have met the requirements and can be
output as the user-specific debunking passage. If

Table 1: Domain distribution and statistics for the test
dataset of CHEF.

Society Culture Health Science Politics Total

117 12 143 31 30 333

Statistical Indicator #

Avg #Words in Rumor 25
Avg #Words in Evidence 4,018
Avg #Words in Gold Evidence 124

the requirements are not met, the modified debunk-
ing passage is resubmitted to the Advisor for a new
iteration of revision advice. This process iterates
continuously until the requirements are satisfied or
the maximum number of iterations is reached.

4 Experiment

We experimentally answer the following questions:

• EQ1: Is the multi-round iterative improvement
and user simulation module in MURSE effec-
tive?

• EQ2: How does the MURSE framework’s re-
sponse to the target user reflect in human evalua-
tions?

4.1 Dataset

We conduct the experiment on the public dataset
CHEF (Hu et al., 2022), which stands as the only
Chinese real-world evidence-based fact-checking
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dataset annotated with human-labeled gold evi-
dence. This dataset contains data points that in-
clude rumor, verdict, domain, evidence, and anno-
tated gold evidence sentences from the evidence.
The gold evidence sentences can be considered a
form of extractive approach for debunking passage
generation. The evidence and golden evidence sen-
tences come from the annotation team of CHEF.
The annotation team has 25 members, all annota-
tors are native Chinese speakers. The data points in
CHEF are categorized into three types: supported
(SUP), refuted (REF), and not enough information
(NEI). Since our framework focuses on rumors, we
selected the rumors labeled with REF in its test set,
totaling 333 rumors. The domain distribution and
statistics are shown in Table 1.

4.2 Experimental Settings

4.2.1 Compared Baselines
We compared MURSE with the following three
baselines:
• Gold Evidence: Use manually annotated gold

evidence as the debunking passage.
• General: Input the claim and evidence into the

LLM to generate a general-purpose summary,
which is used as the debunking passage.

• Single-Round: Directly use the debunking pas-
sage obtained in the first round of MURSE with-
out performing iterative refinement.

4.2.2 Implementation Details
In our MURSE framework, the LLM we use
for prompting is GLM-4-Air (Team GLM, 2024),
which is employed to generate general debunking
passages and simulate the roles of commenter, ad-
viser, and editor. We set the sampling temperature
to 0.95 to increase diversity. For generating gen-
eral debunking passages and simulating the adviser
and editor, we set the max tokens to 200, while
for simulating a commenter, we set it to 100. This
is because we consider that user comments on so-
cial media are typically relatively short. Besides,
we use automated methods to evaluate the metrics.
The implementation details for each dimensionare
as follows:
• Sentiment We use HanLP (He and Choi, 2021)

to assess the sentiment polarity of the debunking
passage. The sentiment polarity S is a value
between [-1, 1], where the sign of the value
represents positive or negative emotions, and
the absolute value represents the intensity of the
emotion.

Table 2: Average values of three criteria. The highest-
performing results are indicated in bold, while the
second-best results are underlined.

Method Sentiment ↑ Informativeness ↑ Redundancy ↓
Gold Evidence 0.1197 3.3970 0.1370

General 0.2581 2.7612 0.0974
Single-Round 0.3989 2.8869 0.0802

MURSE 0.5118 2.9670 0.0690

• Informativeness We use LLM to calculate the
perplexity of debunking passages. We initialize
the MiniCPM-2B-128k model (Hu et al., 2024),
and I is calculated by using Equation 1. I is
greater than 0, with a higher I indicating more
informativeness. Θ denotes the parameters of
the LLM (Sachan et al., 2022).

I =
1

|d|
∑

t

log p(dt|d<t; Θ). (1)

• Redundancy There are typically ROUGE-1,
ROUGE-2, and ROUGE-L (Atanasova et al.,
2020) in explanation generation. Given that the
purpose of this metric is to prevent the content
of the rumor from appearing coherently in the
debunking passage, which would undermine the
debunking effect, we use F1 score of ROUGE-L
as the R. A lower ROUGE-L F1 score indicates
lower redundancy. The calculation formula is
shown by Equation 2:

R =
2× LCS(c, d)

|c|+ |d| , (2)

where LCS denotes Longest Common Subse-
quence.
When the debunking passage is refined in the

second round, MURSE begins to calculate the dif-
ferences in these three criteria between the debunk-
ing passage produced in the current round and
the one from the previous round. If |∆S| < 0.1,
|∆N | < 0.2 < and |∆R| < 0.05, the iteration
stops. Beginning with the general debunking pas-
sage, MURSE modifies it up to 10 rounds.

4.3 Effectiveness of MURSE (EQ1)
To assess the effectiveness of the user-simulation
module and the iterative improvements in the
MURSE framework, we evaluate MURSE’s per-
formance on all 24 profiles and compare it against
several baseline methods, as shown in Table 2. The
average values of S we calculate involve first aver-
aging the values for each rumor, and then averaging
the values across different profiles.
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Figure 3: Three criteria changes with the iteration.
Round 0 corresponds to the general debunking passage.

In comparison with the three abstractive-based
methods, Gold Evidence exhibits notable short-
comings. On the one hand, it falls behind all
abstractive-based methods in terms of Sentiment
and Redundancy metrics, reflecting the advan-
tages of abstractive-based approaches in gener-
ating emotionally balanced and less redundant
content. On the other hand, Gold Evidence out-
performs abstractive-based methods in Informa-
tiveness, likely due to the fact that sentences in
Gold Evidence are directly extracted from human-
written sources, which results in higher perplexity
when evaluated by an open-source LLM.

Compared to other abstractive-based methods,
MURSE demonstrates comprehensive superiority
over the other two approaches, highlighting its ef-
fectiveness. Specifically, the performance of the
Single-Round method surpasses that of the General
method, indicating that the modification advice pro-
vided by the User-Simulated Module contributes
significantly to enhancing the quality of debunking
passages. Furthermore, MURSE outperforms the
Single-Round method, underscoring the effective-
ness of the Iterative Improvement module.

To further analyze the relationship between the
Iterative Improvement module and the number of
iterations, Fig. 3 illustrates the detailed changes in
metrics after each round of modification. It shows
that, starting from the 6th round onward, the met-
rics largely stabilize, indicating that the MURSE
framework has reached its optimal capability for
generating user-specific debunking passages.

Figure 4: Results of human evaluation (No Higher Edu-
cation). “Preferred” means that more annotators favored
that debunking passage. “Equal” means that the number
of participants who liked each of the two debunking
passages was the same. (M-Male; F-Female; YA-Young
Adult; E-The Elderly; MA-The Middle Aged; A-Adult;
NH-has not graduated from college)

4.4 Evaluation of Debunking Passage for
Target User Profile (EQ2)

To verify whether the user-specific debunking pas-
sages generated by the MURSE framework can
attract the corresponding target profile users on so-
cial media platforms, we conducted a human eval-
uation experiment. For each profile, we recruited
20 eligible participants to provide annotations. In
the questionnaire, the annotators were required to
determine which debunking passage was more ap-
pealing. The prompt is shown in Appendix A. The
display order of the options and questions is ran-
dom to avoid the position bias.

A data point consists of a rumor, a user-specific
debunking passage, and a general debunking pas-
sage. In Fig. 4, we can observe that for each pro-
file, more than half of the data points indicate that
the user-specific debunking passages are preferred.
Additionally, the percentage of “User-specific Pre-
ferred” cases is 60% or higher in most profiles. The
percentage of participants who preferred the gen-
eral debunking passage generally did not exceed
30%. It should be noted that the evaluation pre-
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Table 3: A Case in Male-Young Adult-College Graduate

Rumor: Foods containing additives are all bad; only natural,
additive-free, and preservative-free foods are high-quality.

User-specific Debunking Passage: The Truth About Food
Additives: Safety and Misconceptions You Need to Know
Before Eating! Buddy, your perspective on food additives
might need an update. The Red Bull in your hand or the
PowerBar after your workout—they all rely on food additives.
But are they really as bad as the internet claims?...

General Debunking Passage: From Me to You! It seems
you have concerns about food additives, which is completely
normal. However, not all foods containing additives are bad.
When used properly, food additives can enhance the color,
aroma, and taste of food, as well as extend its shelf life...

sented here is based on participants without higher
education, while the complete evaluation results
are provided in the Fig. 7. In Table 3, we can
observe that user-specific debunking passages are
more appealing.

5 Conclusion

This paper presents MURSE, a framework for
combating misinformation through personalized
debunking passage generation. MURSE gener-
ates user-specific debunking passages that are both
context-sensitive and highly effective. Experimen-
tal results show that MURSE-generated passages
are preferred twice as often as general debunking
content, underscoring the importance of personal-
ization in misinformation correction.
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Limitations

In this paper, we selected gender, age, and educa-
tion as attributes to model the key characteristics
of a user. However, these three attributes may not
fully represent users, indicating limitations in user
modeling depth. In the future, we plan to explore
more effective modeling approaches. Furthermore,
our framework was implemented by using multiple
commercial and open-source LLMs, and we did not
conduct an exhaustive model selection process. We
will consider more economic and effective LLM
integration solutions in future exploration.

Ethical Consideration

In this paper, we propose to tailor rumor-debunking
passages for targeted user groups to improve the
reading willingness and experience, which could
contribute to the ultimate rumor-debunking effects
to some extent and provide a new automatic solu-
tion based on large language models for improving
social good.

In the human evaluation, we recruit annotators
from a public third-party platform. During the eval-
uation, no private information that reveals personal
identities is obtained by our team, and the annota-
tors know and understand their rights and respon-
sibilities by agreeing to the platform’s user policy.
By clearly describing the annotation task and pro-
vide author-verified rumor-debunking passages, we
do our best to avoid any misleading materials indi-
vidually during the annotation process. We do not
receive any complaints about the task contents.

Due to the fact that large language models are
trained on large-scale general corpora, it is in-
evitable that the commenters played by LLMs
in our simulated feedback module would entail
some common impressions of specific user groups.
This somewhat benefits the tailoring of rumor-
debunking passages, but also brings a potential
that a specific person in the target group does not
favor the output passages because of their unique
preferences. We advocate deeper research in this di-
rection to better shape such preferences to generate
higher-quality rumor-debunking passages.
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A Prompt Templates

We list the five prompt templates used in the
MURSE framework as follows:

Prompt 1: General Debunking Passage Genera-
tion Prompt

System Prompt: You are a writer of refutation summaries.
Based on evidences, debunk the rumor. Return only the
refutation summary.
Context Prompt: #Rumor: [rumor] #evidences: [evi-
dences]

Prompt 2: Commenter Prompt

System Prompt: You are [gender]. Your education level is
[education level]. Your age is [age]. You now believe this
news. Please comment on it in the style of social media.
Context Prompt: #News: [rumor]

Prompt 3: Advisor Prompt

System Prompt: You are an advisor of refutation sum-
maries. Based on the rumor and its comments, provide
revision suggestions for the refutation summary to better
align with the target audience. Return only the revision
suggestions.
Context Prompt: #Rumor: [rumor] #Evidences: evi-
dences: [evidences] #debunking passage: [debunking pas-
sage] #Target Audience Gender: [gender] Education Level:
[education level] Age: [age]

Prompt 4: Editor Prompt

System Prompt: You are a refutation summary editor.
Modify the refutation summary based on the provided revi-
sion suggestions. Return only the revised refutation sum-
mary.
Context Prompt: #Rumor: [rumor] #Evidences: evi-
dences: [evidences] #debunking passage: [debunking pas-
sage] #Target Suggestions: [feedback]

Prompt 5: Questionnaire Prompt

While browsing the news, you come across the follow-
ing headline: [rumor] According to feedback, this news
contains misinformation. Which of the following replies
would catch your attention at first glance?
[user-specific debunking passage]
[general debunking passage]

B Relationship between Profile Attributes
and Criteria

To quantitatively assess the personalization capa-
bility of MURSE, we analyzed the correlation be-
tween configured user profile attributes and the
corresponding automatic evaluation scores, as sum-
marized in Table 4. The systematic discrepancies
in the results across different demographic and be-
havioral profiles provide concrete evidence that our
framework does not generate generic responses.
Instead, it successfully produces tailored debunk-

Table 4: The relationship between Profile Attributes and
Criteria.

Profile Attribute Sentiment Informativeness Redundancy

Gender

Male 0.4676 2.9463 0.0705
Female 0.5560 2.9876 0.0675

Age

Adolescent 0.5099 3.0466 0.0679
Young Adult 0.5195 3.0547 0.0686
The Middle-Aged 0.5009 2.8902 0.0693
The Elderly 0.5170 2.8764 0.0702

Education

High School or Less 0.5416 3.0232 0.0692
Has Not Graduated

0.5127 3.0205 0.0685
From College
A College Graduate 0.4813 2.8573 0.0694

Avg. 0.5118 2.9670 0.0690

ing passages that are adapted to the specific at-
tributes of each user profile. This data-driven val-
idation confirms that the personalization mecha-
nisms within MURSE are functionally effective,
enabling it to modulate various aspects of the gen-
erated text—such as tone, framing, or evidence
selection—in response to different user contexts.

C Questionnaire Platform

Regarding evaluation metrics, our findings demon-
strate that three criteria exhibit strong consistency
with human cognitive judgments. This correlation
was validated through our user study conducted via
the Fengling platform1. The compensation is ¥4.15
per response at least. The threshold settings were
also determined empirically. Our questionnaire is
accessible on both mobile and desktop platforms.
The interface and demo scenarios are illustrated in
Fig. 5 and Fig. 6, respectively.

D More Information About Dataset and
Baselines

For industrial deployment considerations, we exclu-
sively evaluated our approach on the CHEF dataset
for these key reasons: Our system primarily serves
Chinese-language applications. Existing baselines
are not directly comparable for this specific task,
and the dataset provides gold-standard evidence
sentences that establish an upper bound for extrac-
tive approaches (concatenated gold evidence serves
as the extractive ceiling). In our experiments, the

1Fengling crowdsourcing platform: https:
//www.powercx.com/product
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Figure 5: Questionnaire on the mobile client (in Chi-
nese)

baseline strategies employed for comparison are all
variants derived from this particular dataset.

E Analysis of Demographic Preference
Distributions

From Fig. 7, we observe a consistent pattern: User-
specific Preferred responses dominate across nearly
all groups, indicating that personalized content is
generally more favored than generic alternatives.
In contrast, the proportion of General Preferred re-
sponses remains relatively small, though it varies
noticeably across profiles, suggesting that certain
user groups are more tolerant of non-personalized
outputs. The Equal category shows the largest fluc-
tuation among profiles, reflecting differences in
how strongly various demographic groups distin-
guish between personalized and general content.
Notably, the overall shapes of the male and female
subgroups are highly similar, implying that gender
itself is not the primary determinant of preference
patterns; rather, variations are more pronounced
along dimensions such as age and education level.
These results collectively highlight that personaliza-
tion exerts a robust and consistent influence on user
preference, while demographic attributes modulate
the degree to which users discriminate between
personalized and general responses.

Figure 6: Questionnaire on the desktop client (in Chi-
nese)

F Faithfulness Verification

To assess the factual consistency of the user-
specific debunking passages produced by the editor,
we evaluated their faithfulness with respect to the
provided evidence. We employed GPT-4o (Ope-
nAI, 2024) to rate each debunking passage on a
1–5 scale, where higher scores indicate stronger
alignment with the ground-truth evidence. Table 5
reports the distribution of scores across different
user groups. Overall, all user profiles achieve high
average faithfulness scores of more than 4.00, sug-
gesting that the editor-edited debunking passages
maintain strong factual grounding regardless of
user profile.

G Latency and Cost

Latency In our experiments, a single iteration of
MURSE completes in approximately 12 seconds.
A full run of 10 iterations has a total latency of
only 2 minutes. Furthermore, the framework ex-
hibits high scalability, as the core LLM inference
step (using the GLM model) can efficiently handle
concurrency levels ranging from 50 to 500.

Cost We utilize the GLM-4-Air model, which is
priced at 5 RMB per million tokens. Each iteration
of MURSE consumes approximately 4,000 tokens.
Therefore, a complete 10-iteration run consumes
about 40,000 tokens. The cost in RMB is calculated
as: (40,000 tokens / 1,000,000 tokens) × 5 RMB
= 0.2 RMB ($0.028 USD). This shows that our
framework can run using cost-competitive LLMs
and has potential to scale up when the requests
increase.
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Figure 7: Results of all human evaluations

Table 5: Faithfulness score distribution (1–5) across all
demographic groups.

User Profile 5 4 3 2 1 Avg

M-A-CG 87 147 23 8 5 4.12
M-A-HL 76 145 38 6 5 4.05
M-A-NH 78 150 36 6 3 4.06
M-YA-CG 88 146 24 7 5 4.13
M-YA-HL 88 144 27 3 7 4.13
M-YA-NH 84 148 33 5 3 4.07
M-MA-CG 86 145 26 7 6 4.10
M-MA-HL 78 146 34 5 6 4.07
M-MA-NH 77 149 38 6 3 4.05
M-E-CG 85 147 27 6 5 4.10
M-E-HL 77 147 38 5 3 4.07
M-E-NH 78 148 37 5 2 4.07
F-A-CG 86 149 20 9 5 4.13
F-A-HL 75 154 23 8 4 4.11
F-A-NH 76 155 29 7 3 4.08
F-YA-CG 89 148 19 9 5 4.14
F-YA-HL 76 159 24 7 3 4.11
F-YA-NH 77 158 30 7 2 4.09
F-MA-CG 86 147 26 6 5 4.12
F-MA-HL 74 155 28 6 4 4.10
F-MA-NH 75 154 33 7 4 4.06
F-E-CG 85 149 27 6 5 4.11
F-E-HL 75 156 26 6 4 4.11
F-E-NH 75 152 31 7 3 4.07
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