
Personalizing LLM Responses to Combat Political Misinformation
Adiba Proma

Computer Science
University of Rochester
Rochester, NY, USA

aproma@cs.rochester.edu

Neeley Pate
Computer Science

University of Rochester
Rochester, NY, USA

npate@ur.rochester.edu

James Druckman
Political Science

University of Rochester
Rochester, USA

jdruckma@UR.Rochester.edu

Gourab Ghoshal
Physics, Computer Science
University of Rochester
Rochester, NY, USA

gourab.ghoshal@gmail.com

Ehsan Hoque
Computer Science

University of Rochester
Rochester, NY, USA

mehoque@cs.rochester.edu

Abstract
Despite various efforts to tackle online misinformation, people in-
evitably encounter and engage with it, especially on social media
platforms. Recent advances in LLMs present an opportunity to de-
velop personalized interventions to address misinformed beliefs,
and potentially offer more effective approaches than existing non-
tailored methods. In this paper, we design and evaluate personalized
LLM agent that can consider users’ demographics and personalities
to tailor responses to mitigate misinformed beliefs. Our pipeline is
grounded in facts through an external Retrieval Augmented Gener-
ation (RAG) knowledge base and is able to generate diverse output
as a result of the personalization, with an average cosine similarity
of 0.538. Our pipeline scores an average rating of 3.99 out of 5 when
evaluated by a GPT-4o-mini LLM judge for response persuasiveness.
Our methods can be adapted to design similar personalized agents
in other domains.

CCS Concepts
•Human-centered computing→ User models; Collaborative
and social computing theory, concepts and paradigms; • Social and
professional topics→ User characteristics.
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Figure 1: A high-level diagram depicting example outcomes
of our proposed system. Consider the false claim – “Electric
vehicles and hybrid vehicles have surged in popularity in
the United States, making up 30% of all cars on the road."
Assuming Person A and Person B have different personas
and therefore different news source and rhetoric preferences,
the proposed LLM agent would tailor responses accordingly.

1 Introduction
False news has been shown to spread six times faster than the truth
on social media [38]. This rapid spread of misinformation, i.e. com-
munication that is “false, misleading, or [based on] unsubstantiated
information" [24] – can have serious real-world consequences, like
influencing elections, or worsening public health crises such as
COVID-19, where misinformation fueled vaccine hesitancy [6]. As
generative AI tools like large language models (LLMs) and large
vision-langugage models (LVLMs) becomemore ubiquitous, there is
growing concern about misinformation getting rampant and harder
to detect [5], especially on social media.

At the same time, LLMs have enhanced potential to counter mis-
information [18]. LLMs have been used to detect misinformation
through various fact-checking methods [26] such as integrating
stance and emotion [39], knowledge distillation [41] and generat-
ing explanations to support or refute claims [40]. Yet, detecting
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misinformation is not sufficient on its own. Misinformation online
is widespread enough that individuals will inevitably encounter it.
Moreover, individuals are more likely to believe the misinformation
if it aligns with their existing beliefs or resonates with them [30].
Simply informing them about the information being false has been
shown to be ineffective [24]. A promising alternative approach is to
generate more targeted persuasive interventions aimed at reducing
belief in the encountered misinformation. This might be possible
with recent advancements in generative AI, which can be used to
design personalized interventions to counter misinformed beliefs –
a research gap still relatively underexplored in literature.

In this paper, we explore if it is possible to counter misinformed
beliefs in a personalized manner (Figure 1). For the context of our
research, a claim is considered misinformation if it is demonstra-
bly false, i.e. a claim against which there exist objective empirical
contradicting evidence [12], and a misinformed belief would be
believing that the claim is true. However, if the claim is in fact
true, a misinformed belief would involve incorrectly believing that
the claim is false. We design and evaluate personalized AI agents
that can consider the user’s persona and their established trust in
credible news sources to support belief updates toward the truth
in an empathetic manner (for example, see Figure 1). Our specific
research questions are:

• RQ1: How to design an LLM agent that can provide person-
alized information to support or disprove a claim?
• RQ2: How well does the proposed system create diverse
content, given the goal of personalization?
• RQ3: How well does the proposed system combat hallucina-
tions, given the goal of grounding responses in truth?

To design the LLM pipeline, we first model user persona consid-
ering their demographic information and personality [29], using
collaborative filtering. Given a specific statement and user persona,
the pipeline is designed to pull relevant information from multi-
ple credible sources using a retrieval-augmented generation (RAG)
method. The output is ranked according to the user preference,
then summarized, after which different persuasion techniques are
used to convince the user regarding the veracity of the statement.

To show the efficacy of our design, we evaluate both the individ-
ual components of the pipeline as well as the final output, testing
the pipeline as a whole. We investigate the effectiveness of the
outputs, the diversity of all outputs when compared to each other,
and the groundedness of the outputs within real news articles. Our
pipeline is rated to be convincing when evaluated by an LLM judge,
with an average score of 3.99 out of 5. Moreover, our pipeline gener-
ates diverse outputs as a result of the personalization, with average
cosine similarity of 0.538, and is also able to ground its responses in
the provided source materials (which reduces hallucination). These
evaluations collectively show the efficacy of our personalization
and guardrails to support LLMs in combating misinformed beliefs.

Our research shows that the generative AI can be enhanced
with both personalization and external source materials, to craft di-
verse and grounded responses, with the specific goal of combatting
misinformed beliefs. While most current approaches to counter-
ing misinformation largely overlook individual user characteristics
[11], our methods emphasize tailoring information and aligns with
work that suggests the effectiveness of targeted persuasion over

non-targetted persuasion [10, 32]. The paper makes the following
contributions:

• We introduce an LLM agent pipeline that is grounded in
facts, and can help reduce an individual’s misinformed beliefs
through personalization.
• Our proposed pipeline is a mix of traditional ML methods
and LLMs, ensuring that the final output is interpretable.

2 Background
This section explores prior work related to our research, providing
theoretical groundings for selecting the three persuasion styles,
and discusses existing research in the intersection of LLMs and
persuasion. Moreover, we explore current work in RAG models,
establishing the advantages of using a RAG model in the pipeline.

2.1 The Theory of Persuasion
In his manuscript “Rhetoric”, Aristotle defined three kinds of per-
suasion that affect the audience: “personal character of the speaker”,
“putting the audience into a certain frame of mind”, and, “proof,
or apparent proof, provided by the words of the speech itself” [8].
Today, these are framed as ethos, pathos, and logos, and they are
commonly used as measures of persuasion in the psychology and
social sciences domain. Ethos is appeal to the credibility of the
source of the information, pathos refers to the emotions evoked
by the statement, and logos refers to the evidence/logic provided
in a given argument [8]. In this research, we incorporate these
three classical persuasive approaches; that is, we generate tailored
messages that employ the approach that best fits the targeted au-
dience member (based on their demographic characteristics and
personality). This aligns with work that shows targeting is often
more effective than non-targeted persuasion [21].

Extending Aristotle’s initial theories of persuasion, models have
appeared within psychology to characterize the effect of a mes-
sage on an individual, emphasizing the role the individual plays
in message reception. Persuasion, which can be thought of as an
attitude change [19], can be pursued through two routes according
to the Elaboration Likelihood Model [27]: central or peripheral. In
the central route, opinions are formed around argument strength,
while in the peripheral route, opinions are formed more on heuris-
tics. These two methods of persuasion can be utilized in tandem
to determine the effect of the message on the individual [19]. In
turn, persuasion is highly reliant on the individual receiving the
message, and personalization can play a large role in successfully
expressing a message effectively [34, 44].

2.2 LLMs and Persuasion
As use of LLMs has become more ubiquitous, researchers have
looked into the intersection of persuasion and LLMs. While persua-
sion can be used for malicious purposes such as convincing people
to believe falsehoods [7], there is potential for LLMs to utilize per-
suasion for the positive goal of countering misinformation [18]. A
recent study exploring the persuasiveness of LLMmodels suggested
that simply prompt-engineering a base Llama-2-70B-chat model
can “generate persuasive arguments that incorporate dimensions of
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Figure 2: Our proposed pipeline aimed at providing personalized information to help users reduce belief in political misinfor-
mation. Individual demography and personality is used to predict preferred news source and rhetorical styles. With the claim
and preferred news sources as input, RAG is queried to find verifying articles from preferred news sources. These articles are
summarized, and then rephrased to incorporate the preferred rhetorical style. This rephrased information is the final output.

social pragmatics underpinning established psycho-linguistic theo-
ries of opinion change” and that these arguments had persuasive
impacts on individuals [4].

Another study focused on measuring the persuasive power of
LLM-generated responses based on personality traits of individuals
[21]. Commonly used to measure personality, the “Big Five” person-
ality traits are a means to describe an individual through openness,
conscientiousness, extroversion, agreeableness, and neuroticism
[23], and “Big Five” personality traits have been previously shown
to affect user engagement [14]. For each of these features, there is
a range that an individual can fall into. For example, an individual
on the extroversion scale could be more introverted, or extroverted
and social. In the study by Matz et al., ChatGPT-3 was prompted
to write persuasive statements to cater to opposite ends of each
of these features for domains such as marketing, political appeals
for climate actions, and so on. Individuals then selected the more
persuasive statement, and they were able to find openness, consci-
entiousness, and extroversion played a role in determining what
an individual would prefer; agreeableness was found to have no
effect and neuroticism was not tested. This study highlighted how
ChatGPT can create tailored messages based on personality traits,
and that individuals are receptive to this persuasion method [21].

2.3 Retrieval Augmented Generation
Retrieval Augmented Generation [17], or RAGs, provide a way to
empower LLMs with specific data without prior fine-tuning. In
the original study where RAG was introduced, the RAG method
was tested on question-answering task on open domains, abstracts,
Jeopardy, and fact verification [17]. Their study found that the RAG

system achieved state-of-the-art performance, offering key advan-
tages including effective document marginalization, generation of
accurate answers, and reduced hallucination in responses [17].

Since the original study, RAG models have been used extensively
in combination with LLMs across various domains, especially when
factual accuracy is important, such as in misinformation and fake
news detection. Khaliq et al. explored using RAG for multimodal
political fact-checking with textual claim and a corresponding im-
age as context [15]. They also explored enhancing the reasoning
capabilities of RAG using Chain of RAG (CoRAG) and Tree of RAG
(TreeRAG) [15]. Similarly, Markey et al. utilized a RAG for drafting
medical documents from LLM responses [20]. The incorporation
of the RAG was found to improve writing quality and accuracy of
up-to-date information [20]. These examples suggest that integrat-
ing RAG can improve performance of LLM response generation in
information niches, thus making it suitable for political domain.

3 Methods
We provide an overview of the proposed agent pipeline (Figure 2).
The agent consists of multiple components - 1) News-source rank-
ing block (subsection 3.3), which predicts potential news sources
that the user might like, 2) Verification block (subsection 3.4), which
pulls in information from a RAG model to verify the claim, 3) Sum-
marizing block (subsection 3.5), which summarizes the information
pulled from the RAG model in a few sentences, 4) Persuasion Rank
block (subsection 3.6) to determine the persuasion style most im-
portant to the user, and 5) Style transfer block (subsection 3.7),
which rephrases the summarized information to match the per-
suasion style. To build the news ranking and persuasion ranking
prediction models, we collect and annotate data for training (sub-
section 3.1). Moreover, we also build a RAG model which is used
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in the verification block (subsection 3.2). The codebase for our
pipeline can be found in this github link: https://github.com/ROC-
HCI/Personalizing_LLM_Responses_Pipeline.

3.1 Data Collection and Annotation
To extract relationships between an individual’s demographics and
personalities with news trust and persuasion preferences, a dataset
is built to train the news source ranking block and the persuasion
ranking block. We first curate a series of political misinformation
statements and their corresponding verifying information, and we
also select a set of diverse news sources. These are then annotated
by 338 individuals, with each individual annotating three samples.

3.1.1 Curating political misinformation statements and their cor-
responding pieces of verifying information. We start by collecting
and curating a series of political misinformation statements and
their corresponding pieces of verifying information. The misinfor-
mation statements are related to political parties or policies, and
are statements with objective ground truth.

The data collection is done in three different ways to include
variety. First, we conduct a series of in-person focus group studies,
where participants craft their own misinformation, and find its cor-
responding verifying information online. Participants then discuss
the believability of each of the misinformation statements they
came up with, and through this process, we qualitatively validate
that people’s perceptions and emotional reactions to misinforma-
tion differ. Second, we look through online sources such as Politifact
[13], AP News (specifically, a column called Not Real News) [36]
and FactCheck.org [35], to find the most popular online political
misinformation and its debunking evidence. Finally, researchers
also generated 100 misinformation statements, and found verifying
information from news sources such as groundnews.org [1], AP
News, Reuters and so on.

All the misinformation statements and corresponding debunking
information gathered using the above ways is then fact-checked by
two annotators. The debunking information is stylistically modified
to be unambiguous and directly address the claim. Overall, we
generate 100 such pairs.

Next, seven different paraphrased versions are made of the ver-
ifying information using a GPT 3.5 model, where the model is
prompted to come up with different paraphrased variations of the
same verifying information. These paraphrased versions are re-
viewed and edited by two separate annotators to ensure that they
all contain the same information. Through this process, each politi-
cal misinformation claim has seven different paraphrased versions
of the same verifying information.

3.1.2 Selection of news sources. A list of ten news sources is se-
lected, ensuring a balanced representation of right, left, and center-
leaning sources. We use Ad Fontes [2], All sides Media bias chart
and the ratings in groundnews.org [1] to determine the political
leaning of the news source. Our final news sources and their re-
spective political leanings are Washington Examiner (right), New
York Post (right), Fox News (right), AP News (center), The Econ-
omist (center), BBC (center), New York Times (left), CNN (left),
Washington Post (left), and MSNBC (left).

3.1.3 Data annotation. After curating the political statements (in-
cluding corresponding verifying information) and the set of news
sources, we set up an experiment to understand individuals’ pre-
ferred news sources and persuasion, recruiting participants through
MTurk. Each annotator first rates on a 5-point Likert scale the be-
lievability of the misinformation statement (where the scale ranges
from “Strongly Disagree” to “Strongly Agree”). Then, they are
shown seven different verifying information with different news
sources attached to them, and asked asked to rank the top three
verifying information-news source pairs. Since the verifying in-
formation essentially contain the same information, the ranking
choices made by participants reveal their news sources preferences.
Participants also provide demography and personality-related (us-
ing a shortened version of the Big Five Questionnaire [29]) data and
rank the relative importance of ethos, pathos, and logos to them
when assessing information. This data is used to train the news
ranking block (using individual persona and news ranking infor-
mation), and the persuasion block (using individual persona and
their persuasion rankings). 338 participants in total participated in
this data collection, leading to a sample size of 1014 annotated data
(as each participant contributed 3 data points).

3.2 Implementing Retrieval-Augmented
Generation

We utilize Retrieval Augmented Generation (RAG) to provide the
pipeline with accurate, up-to-date information. The RAG is hosted
through ChromaDB, an online platform that allows for easy storage
and retrieval of data, and populated with full-length news arti-
cles from the same 10 news sources as mentioned before. Utilizing
GNews, an API to pull news headlines from a given news source
over a given time period, and Newspaper3k [25], an API to scrape
full articles based on an article URL, 100 full length articles were
requested from each source for every week in 2023 and 2024 (until
the first week of September). By only considering the most recent
articles, we can ensure the content will be (1) most up to date and
(2) most likely contain accurate information. After collecting all full
length articles, articles that experienced errors during the retrieval
process, articles containing the words “opinion” or “editorial”, and
duplicate articles were removed from the dataset. Overall, we cu-
rated 72594 full articles, having removed 1715 duplicates.

After compiling the final set of articles for the RAG, each article
was encoded using the ‘all-MiniLM-L6-v2’ model, as it is native to
ChromaDB. Finally, the list of full length articles and their embed-
dings were stored using ChromaDB to be used later for retrieval.

This database can then be queried, and the results pruned to
only include news sources the individual trusts. The statement to
be proven or disproven is provided to the RAG, and the Chroma
query returns the top 10 articles related to the query. For each
article returned, if the news source the article belongs to is included
in the user’s predicted list of trusted sources, that article will be
considered. If none of the articles returned from the query are from
a source in the individual’s trusted source list, the top two relevant
articles will be returned to ensure the pipeline has facts to base its
response on in future steps.
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Rhetorical
Style

Generated Response

Ethos Response I must respectfully disagree with the claim that electric and hybrid vehicles make up 30% of all cars on the road in
the U.S. According to credible reporting from AP News, electric vehicle sales are projected to reach only 9% of all
passenger vehicles this year, a significant difference from the 30% figure. Additionally, the U.S. is still behind other
countries in EV market share, which further supports that we are not at that level of adoption. Lastly, the higher
average cost of new electric vehicles indicates that affordability is still a significant barrier for many consumers,
making widespread adoption at that level unlikely.

Pathos Response I understand how easy it is to get caught up in the excitement surrounding electric vehicles, especially with all the
buzz about their growing popularity. However, the reality is that electric vehicle sales in the U.S. are projected to
only reach about 9% of all passenger vehicles this year, which is significantly lower than the 30% claim. It’s important
to recognize that while progress is being made, we still have a long way to go compared to other countries leading
in EV adoption. I hope this clarifies the situation and helps us have a more accurate understanding of the current
landscape.

Logos Response The claim that electric and hybrid vehicles make up 30% of all cars on the road in the U.S. is misleading. According to
AP News, EV sales are projected to only reach 9% of all passenger vehicles this year, which starkly contrasts with
the 30% figure. Additionally, the U.S. still trails behind other countries in EV adoption, indicating that our market is
far from saturated. The higher average cost of new EVs further suggests that many consumers are still opting for
traditional vehicles, undermining the assertion of widespread EV popularity.

Table 1: Examples of final outputs, based on different rhetorical preferences, assuming results from all other blocks remain the
same. Ethos emphasizes on the credibility of the source of the information, pathos refers to emotional appeal, and logos refers
to the logic of the argument. Each response is generated using the same personality and false statement: “Electric vehicles and
hybrid vehicles have surged in popularity in the United States, making up 30% of all cars on the road.”

3.3 News Source Ranking Block
We use collaborative filtering, with K-means clustering to predict
people’s news source preferences. As features, we consider their
personality and demographic information. For every new user, we
consider the top five similar user and their preference in news
sources. The weighted score for the news source preferences for
the similar user, is used as the prediction for the new user.

3.4 Verification block
The verification block serves the purpose of identifying relevant
articles for a given statement and selecting only the articles written
by predicted trusted sources using RAG. The verification block
takes in the ranked news sources (the output from the news source
rank block), the statement, and the statement’s factuality as input
and provides a list of M sources with full length articles regarding
the topic.

3.5 Summarization Block
The content of the selected new articles is summarized through
prompt-engineering using GPT 4o-mini model. The number of
tokens is set to 1000 to ensure that the output of this block captures
all of the relevant information but is still somewhat concise. The
summarization block takes in the full articles of the trusted sources
(the output of the verification block), the statement to be proven or
disproven, and the factuality of the statement as input. As output,
the summarization block provides a concise summary of K relevant
articles (where K <= M). To add appropriate guardrails to protect
users and ensure that they do not encounter offensive language, the
prompt ends with “Do not use any hate speech or vulgar language”.

3.6 Persuasion Block
We use collaborative filtering, with K-means clustering to predict
people’s preferred ranking of the persuasion styles. Considering
their personality and demographic information as features, we first
find the top five similar users. Next, we consider their ranking of
the ethos, pathos, and logos, and do a weighted sum. This provides
the ranking of the persuasion styles for the user.

3.7 Style Transfer Block
The last block of the pipeline is the style transfer block, which
also uses the GPT 4o-mini model. The style transfer block takes
in the summarized articles (output from the summarizing block),
the dominant style for the person (output from the persuasion rank
block), the statement to prove or disprove, and the factuality of
the statement as input and provides a presentation of the facts in
the dominant style. This is the final and only output that the end
user sees. Table 1 shows the different outputs based on different
persuasion ranking.

We use the same setup as the summarization block except for
the maximum amount of tokens, which is set to 150. This allows the
response to be concise, clear, and simple since the output should
be 4 sentences or less. The factuality of the statement to prove or
disprove directly affects the prompt fed into the model. The prompt
begins, “You are an informed citizen, persuading another citizen
that the ‘Information’ is true / false”.

For true statements, the prompt starts with, “Given that the
‘Information’ is true, rephrase the ‘Summary’ to prove the ‘Informa-
tion’ by...” and is reversed for the false case. Since we are attempting
to speak to an individual’s preference on style, we want to either
emphasize “the credibility of the news sources”, “empathy towards
the reader”, or “the impact of the evidence”, which represent ethos,
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pathos, and logos. This grounds our pipeline in the basic princi-
ples of persuasion, presented by Aristotle [8]. We also prompt the
model to respond as an informed citizen, limited to four sentences,
and remove any summaries irrelevant to the statement. Finally, to
ensure that the model does not use offensive language, we bar the
use of hate speech or vulgar language as part of the prompt.

4 Evaluation 1: Evaluation of Individual Blocks
In this section, we discuss our evaluation results at the block level.
Evaluating each block separately allows us to identify their individ-
ual strengths and weaknesses, while also providing insight into the
overall performance of the pipeline.

4.1 News Ranking Block Validation
To validate our news ranking block, we perform a stratified k-fold
cross validation as our model aims to predict the top news sources
for the individual. For evaluation, a prediction was deemed success-
ful if the model correctly identified at least one of the individual’s
top news sources, assigning a score of 1 to that prediction. Predic-
tions that did not meet this criterion were assigned a score of 0.
The success rate for each fold was computed as the ratio of correct
predictions to the total number of predictions in that fold. Consid-
ering k=10, the average success rate was determined by taking the
mean of the success rates across all folds, giving a value of 0.82.

Prior literature suggests that most individuals exhibit moderate
preferences for news sources, with only some highly politically-
charged individuals watching partisan news [28]. This means that
the difference in scores for each of the news sources might be very
slight in most cases. This characteristic inherently increases the
difficulty of the prediction task. Within the context of our work,
the goal of this block is to maximize the chance that at least one
of the news sources mentioned by the pipeline is preferred by the
individual. Therefore, our evaluation here suffices for the intended
purpose of the system.

4.2 Verification Block Validation
Validating the efficacy of the verification block response is chal-
lenging because there is no golden set of correct information to
provide. A statement may be true, or untrue, for several reasons.
For example, the statement, “Only Americans under 50 are affected
by the increased recent inflation” is false for several reasons: (1) in-
flation simply impacts everyone who lives within the United States,
(2) inflation can pose unique challenges for individuals who are
older, for example, those who draw from social security [16], (3) the
price of most items are affected by inflation, including items such as
cable TV [31] that may skew towards older populations, and so on.
Therefore, there is no “correct” response to debunk this statement,
other than providing some information that discredits it, which as
shown, could take on a variety of forms. Because personality and
demographics are inputs into the system, we expect this output to
look different based on those attributes, further complicating the
evaluation.

TruLens, a software tool, offers a way to validate effectiveness
between the query and the resulting articles, the retrieved articles
and the summarization, and the summarization to the intended
goal of the project [9]. The “RAG Triad” is aimed at quantifying

Statement Factuality
The United States does not produce the most oil in
the world.

False

Electric vehicles and hybrid vehicles have surged in
popularity in the United States, making up 30% of all
cars on the road.

False

While gas prices are expensive in certain states, it is
consistently most expensive in California and West
Coast states.

True

In 2023, only 10 states saw a population increase. False
United States population trends have never recovered
since COVID in 2020.

False

The provisional number of births for the United States
in 2023 was 3,591,328, down 2% from 2022.

True

Only Americans under 50 are affected by the increased
recent inflation.

False

Prices for used cars and trucks, and new vehicles have
fallen since 2023.

True

The average price for airline tickets increased in Au-
gust 2024 when compared to August 2023.

False

The number of people in the U.S. illegally is upwards
of 20, 25, maybe 30 million.

False

In January 2023, the U.S. started accepting people
monthly from Cuba, Haiti, Nicaragua and Venezuela
under a humanitarian parole program.

True

New York City has been accommodating illegal immi-
grants in luxury hotels.

False

Table 2: Statements and associated factuality used in evalua-
tions

context relevance, groundedness, and answer relevance of a RAG
system. Context relevance investigates how the retrieved context
(in our case, full articles) are relevant to the original query (asking
to prove or disprove a given statement). Groundedness investigates
how the LLM response (the summarization of the articles) is sup-
ported by the context. Answer relevance provides insight into how
relevant the response is to the original query (ensuring the model
did not hallucinate or stray from the original purpose). Each of
these metrics is on a scale from 0 to 1, with 1 being the best score
for all.

To set up the RAG Triad evaluation, we utilized a TruLens cus-
tom wrapper function, with the backbone of our previously curated
RAG and the three feedback measures (context relevance, answer
relevance, groundedness). From there, we integrated our verifica-
tion block and summarization block setup within the wrapper. The
process queries our RAG to receive relevant source material and
then generates the summarization as if it were a part of the pipeline.
When running the process, TruLens monitors the inputs and out-
puts for each step and then calculates the feedback scores for the
internal setup.

To analyze our verification and summarization blocks, a set of
12 statements and their factuality were provided as inputs into the
system (Table 2). For each statement, the RAG was queried and a
summary of the sources were generated. After completing the query
and summarization process for all 12 statements, TruLens provided
the process-wide feedback measures. Groundedness and answer
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Algorithm 1: LLM Evaluator Workflow
𝑝𝑒𝑟𝑠𝑜𝑛 ← 0
while 𝑝𝑒𝑟𝑠𝑜𝑛 ≤ 160 do

𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡 ← 0
while 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡 ≤ 12 do

𝑜𝑢𝑡𝑝𝑢𝑡 ← 𝑃𝑖𝑝𝑒𝑙𝑖𝑛𝑒 (𝑝𝑒𝑟𝑠𝑜𝑛, 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡, 𝑓 𝑎𝑐𝑡𝑢𝑎𝑙𝑖𝑡𝑦)
𝑜𝑢𝑡𝑝𝑢𝑡_𝑠𝑐𝑜𝑟𝑒 ←
𝐿𝐿𝑀𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑜𝑟 (𝑜𝑢𝑡𝑝𝑢𝑡, 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡, 𝑓 𝑎𝑐𝑡𝑢𝑎𝑙𝑖𝑡𝑦)

end
𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡 ← 𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡 + 1
𝑝𝑒𝑟𝑠𝑜𝑛 ← 𝑝𝑒𝑟𝑠𝑜𝑛 + 1

end

relevance will be discussed further in the summarization block
evaluation. The context relevance score was 0.9104, suggesting that
the articles provided in the RAG are robust and comprehensive.

4.3 Summarization Block Validation
The parts of the RAG Triad method relevant to the summarizing
block are the answer relevance and the groundedness. This setup
was fed the relevant articles from the RAG query, and then asked
to summarize the information. With these parameters, the answer
relevance was 0.9917 and the groundedness was 0.8884. These re-
sults support the notion that the summarizations tend to prove
or disprove the statements provided, and the RAG can support
summarizations through relevant articles.

4.4 Persuasion Block Validation
We run a k-fold cross-validation with k=10, and the model has
to correctly predict the order of the three persuasion styles. Our
accuracy is 0.208, where we consider a prediction to be correct if the
models gets the entire ranking correct. Theoretically, the probability
of predicting ranking of ethos, pathos, and logos correctly in order
is 0.167, and hence our block out-performs the theoretical ranking.

5 Evaluation 2: Evaluation of the Final Output
In this section, we evaluate the final output of the pipeline. In
order to judge both effectiveness and diversity within the pipeline,
we conducted three different analyses on the final outputs of the
system. The first utilizes an LLM judge to rate the effectiveness of
the pipeline output, as done in prior work [4]. Second, we analyze
the uniqueness of responses across the specific input statements
provided. Finally, we analyze the robustness of the final output in
accurately incorporating correct sources and not hallucinating.

5.1 Evaluation Using an LLM Judge
In order to complete this evaluation, 160 participants provided
their personality and demographic data. For each personality, the
response was generated for 12 unique statements using the pipeline
methodology. After generating each of these responses, a separate
GPT 4o-mini instance acts as an evaluator. The evaluator is given
the ground truth of the statement and the statement itself, and rates
each generated response individually on a discrete scale from 1 to 5,
with 5 representing ‘extremely convincing’ and 1 representing ‘not

Figure 3: Frequency of the effectiveness rating by LLM evalu-
ator. Given the pipeline-generated output, the LLM evaluator
scored the output on a scale of 1-5, based on how convinc-
ing the output was at supporting or countering the original
statement, with 5 being the most convincing.

Figure 4: Frequency of source occurrence in the pipeline-
generated output. Given all pipeline-generated outputs, the
graph shows the total instance of each source.

convincing’. Algorithm 1 represents the workflow for generating
the responses and evaluations.

Results from the 1,920 generations and comparisons found that
the evaluator tended to rank the pipeline responses highly, with
an average score of 3.99 across all responses. Figure 3 shows the
frequency of the scores given by the evaluator.

Looking at the responses provided by the pipeline, we see a
diverse representation of news sources, shown in Figure 4. Notably,
there seems to be some preference in news source, for AP News and
CNN. However, there is a lack of preference for MSNBC. While the
distribution of the 10 identifiable sources deviates from a uniform
distribution (Chi-Square test statistic = 958.622, p = 1.438e-200),
we emphasize representation in most sources. We also see a large
category of ‘Other’, which encompasses information from outside
of the 10 expected news sources. This is further investigated in the
hallucination detection subsection (section 5.3).

5.2 Cosine Similarity of Responses
Because the pipeline utilizes personality to curate the response, it
is important that the responses between individuals are somewhat
unique. To understand this, we conducted cosine similarity between
responses, eliminating evaluations against a response generated
for the same person. For each prompt statement, all outputs were
compared against each other, resulting in 25440 comparisons per
input. Figure 5 shows the cosine similarity between all outputs
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Figure 5: Cosine similarity of outputs based on statement,
removing comparisons between outputs for the same person.
Comparisons are made across all outputs for a given state-
ment, as they would be expected to have the most similar
responses. Lower scores indicate more diverse responses.

Statement ID 0 1 2 3 4 5
Average Cosine
Similarity 0.654 0.603 0.564 0.504 0.494 0.477

Statement ID 6 7 8 9 10 11
Average Cosine
Similarity 0.520 0.528 0.487 0.567 0.497 0.561

Table 3: Average Cosine Similarity of Outputs Based on State-
ment, Removing Comparisons BetweenOutputs for the Same
Person

for a given statement. Table 3 shows the average cosine similarity
score per input statement. We find the average cosine similarity
across all statements to be 0.538, indicating that the pipeline does
produce diverse outputs when given different personalities and
demographics as input.

5.3 Hallucination Detection
Given that we know the pipeline is being provided with real, exter-
nal sources, the hallucination efforts focus on hallucination regard-
ing misattributions. In Figure 4, we note a large amount of “Other”
citations, or citations that fall outside of the expected 10 sources. It
is important to determine whether this is hallucination (where the
“Other” source did not show up at all, or there is no source attribu-
tion) or rather an internal attribution (where, for example, CNN
cites Pew Research Center, so the final output cites Pew Research
Center). Given the articles pulled for generation, we aim to verify
whether the sources mentioned (1) come from our list of 10, (2) are
referenced by our list of 10, or (3) are not found anywhere. The
tiers for this evaluation is listed below:

• Tier 1: (source) referenced is one of the set of 10 and returned
in RAG query
• Tier 2: (source) referenced is not one of the set of 10; another
source referenced by set of 10
• Tier 3: (source) referenced is not one of the set of 10; source
is completely fabricated and not mentioned by any articles
used for generation
• Tier 4: no (source) provided

As the presentation of the sources in the final output and the
original articles can be somewhat inconsistent, potential sources
were identified by looking for strings of words beginning in capital
letters (as this seemed to be the only consistency). These words
or strings of words were pulled out and then searched for within
the original documents. When words or strings of words were not
found, this was deemed a hallucination. Of course, this method
has the potential to pull non-source words, such as words at the
beginning of sentences or proper nouns such as “United States” or
“Saudi Arabia”. To try and correct this, a check was then run to
search for each individual word within a string of words to verify
whether it occurred in the original document. As the LLM often
includes filler words (such as “Additionally”) and abbreviations
(such as “CDC”), we consider these estimates to be the upper bound
of pipeline misattributions. Both versions are reported below.

Of the 1920 final outputs generated by the pipeline, 248 had
no detectable sources cited. Figure 6a shows the results for the
full string search within the pulled sources. While the majority
of citations fall within tiers 1 and 2 (acceptable for our pipeline),
we see a large amount of sources within tier 3. After running a
check on each individual word within a string (with the hopes of
eliminating non-sources that were detected as such), we find a more
acceptable minority of sources fall within tier 3. Figure 6b reports
the results of the updated search and categorization.

6 Discussion and Limitations
The potential for dual-use of LLMs as a tool for both mitigating and
amplifying misinformation means that it is critical to study their
impact, and ensure appropriate guardrails are put in place for their
use. We take several measures to better ground our agent in facts,
thus reducing scope for hallucination. For example, as we provide
the system with both the claim and the factuality of the claim,
conflicting information that does not match the factuality label
would not be considered. Our findings suggest that LLM agents can
be designed to be grounded in facts, and therefore, they can better
counter misinformed beliefs.

Moreover, while one might argue that persuasion tactics can
have malicious intent, it must be noted that our goal is to only
tackle misinformed beliefs. On using personalized systems like this,
it must be only deployed and used in spaces where people are open
to such an intervention and they have given their consent. To build
our system, participants agreed to share their demographic and
personality data, along with their responses to the tasks. Similarly,
future work is needed to understand what data individuals are
willing to share for personalization tasks in real-world settings.

One notable strength of our pipeline for both news ranking and
persuasion prediction lies in the use of collaborative filtering. While
this approach is relatively traditional, it offers two key advantages.
First, it ensures a level of interpretability in the predictions, making
the model’s outputs easier to understand and trust. Second, by em-
ploying traditional machine learning algorithms that can be trained
locally, our approach addresses privacy and security concerns by
avoiding the need to share sensitive data with LLMs. That said, it is
worth acknowledging that methods for locally training LLMs are
emerging, and in the future, might be worth looking into.
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(a) Source attributions based on capitalized
strings.

(b) Source attributions based on individual capi-
talized words.

Figure 6: Comparison of pipeline source attributions based
on two different detection methods.

The goal of our study was to achieve reasonable performance in
each of the blocks, ensuring the overall system functions effectively.
Future studies can focus on improving the performance of each
of the blocks and also evaluating them across a variety of metrics.
This includes opting for larger datasets for persuasion and news
source preferences, while also findingmore interpretable evaluation
metrics (unlike Trulens [9], for which some details of the model
evaluation mechanism are hidden). Moreover, getting data from
a large representative sample of participants to train the models
would also help reduce potential biases in user modeling.

Due to resource constraints, we did not focus on directly compar-
ing our pipeline with baseline models. However, standard LLMs are
subjected to a training cutoff date (with information only available
till the date it was trained), and the data used is also proprietary
(and unknown to the end user) [3]. Our pipeline is not limited by
training cutoffs of standard LLMs as it draws information from
more recent news sources and our source bank is well-documented,
which highlight the potential benefits of our system. Moreover,
while we used GPT models for our pipeline, it might be worth
exploring how the pipeline would perform if the model was re-
placed with other foundation models such as Gemini [33], Llama

[37], and so on. Testing on multiple models would help improve
the generalizability of our work.

Finally, large-scale user studies are needed to evaluate how the
pipeline performs in a real-world setting. This includes understand-
ing whether people are open to such an intervention and analyzing
the impact of such an intervention both short-term and long-term,
especially on social networks. Future research can involve design-
ing various empirical studies to evaluate how participants interact
with the pipeline, and also with each other after interacting with
the pipeline.

7 Ethical Considerations
The authors of this paper would like to recognize the ethical impli-
cations of the proposed work. First, in order to deploy such a system
on a large scale, it is imperative to receive consent from the users of
that system to receive personalized content. We also recognize that
technology can often be utilized for both beneficial and malicious
use, especially persuasive methods. Extensive research has explored
both the positives and the negatives associated with personalized
persuasion [22, 42, 43]. Thus, it is crucial to build systems with
safeguards, such as our design which incorporates credible articles
as the backbone. Finally, we attempt to mitigate use of our system
by bad actors by withholding the specific data used for building our
model, while keeping the code open-source to promote research
in this field. Any researcher interested in using our data can re-
quest access. We emphasize that all future researchers utilizing our
system should gather large quantities of data and rely on various
credible sources of information to reduce bias.

8 Conclusion
Our work demonstrates the ability to incorporate personalization
into LLMs for positive social change: combating misinformed be-
liefs. We propose and evaluate a RAG-based LLM pipeline that
personalizes information by considering user demographics, per-
sonalities, and trust in credible sources. Our evaluation of the sys-
tem suggests that this approach improves both the diversity of
the messages, while also reducing hallucinations and improving
groundedness. The pipeline generates convincing responses, as
indicated by its average rating of 3.99 out of 5 for response persua-
siveness. Our findings contribute to the broader research goal of
understanding personalization using LLMs.
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