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Introduction

Generative large language models (LLMs) have great potential for social and political sci-

ence. The potential range of social science applications of LLMs includes the capacity

to generate research questions, ideas, and hypotheses (Meincke et al., 2024; Si, Yang and

Hashimoto, 2024; Manning, Zhu and Horton, 2024; Wang et al., 2025; Qin, 2024); build

on theories from a variety of social science disciplines (Xu, 2023; Kirkeby-Hinrup and

Stenseke, 2025; Ke et al., 2025; Argyle, Busby, Gubler, Hepner, Lyman and Wingate, 2025);

assist in coding (Nejjar et al., 2025); classify text and image data (Ornstein, Blasingame

and Truscott, 2023; Törnberg, 2024; Heseltine and Clemm von Hohenberg, 2024; Wang,

2024; Timoneda and Vallejo Vera, 2026; Li and Jiang, 2026; Wu, 2024); act as interventions

in experiments (Velez and Liu, 2025; Argyle et al., 2023; Tessler et al., 2024; Hackenburg

and Margetts, 2024); simulate the attitudes and behavior of people and social networks

(Argyle et al., 2023a; Dillion et al., 2023; Park et al., 2023; Chengxing Xie, 2024; Sreedhar

et al., 2025; Bojić et al., 2025; Wang et al., 2025); and represent treatment effects in exper-

iments (Dillion et al., 2023; Hewitt et al., 2024; Manning, Zhu and Horton, 2024; Cui, Li

and Zhou, 2024).1

One growing application of LLMs in political science and political communication is

in the study of persuasion. This topic is both a key area for science and central to the work-

ings of democracy (Mutz, Sniderman and Brody, 1996). It is also a source of significant

concern as political elites and malicious actors can use persuasive strategies to manipulate

mass opinion for their own political purposes (Garsten, 2006; Hamilton, 1787; Druckman

and Jacobs, 2015). Work focusing on generative AI and political persuasion indicates that

LLMs can generate messages that are at least as persuasive as human-created messages

1These applications are separate from research on the governance of AI, an important

area of study in computer and political science (Gasser and Almeida, 2017; Minkkinen

and Mäntymäki, 2023; Lu et al., 2024; Woods, 2025; Batool, Zowghi and Bano, 2025)
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(Bai et al., 2023; Palmer and Spirling, 2023; Hackenburg and Margetts, 2024; Matz et al.,

2024), although perhaps with some penalties when people are aware the messages are

AI-authored (Palmer and Spirling, 2023). Others have shown how LLMs offer important

ways to explore core theoretical concepts in the study of persuasion, such as customiza-

tion and elaboration (Argyle, Busby, Gubler, Lyman, Olcott, Pond and Wingate, 2025),

the way different features of LLMs (such as their size in number of parameters) influence

their ability to be persuasive (Hackenburg, Tappin, Röttger, and Margetts, 2025; Hacken-

burg et al., 2025), and how LLMs perform when given different persuasive tactics and

post-training (Hackenburg et al., 2025).

The proficiency of LLMs at persuasion tasks raises additional normative concern for

democratic institutions and societies (Summerfield et al., 2025). The concern is two-fold,

based on potential misinformation and manipulation. On the one hand, LLMs can easily

produce believable misinformation, whether as an incidental byproduct of their training

(hallucinations), or because directed to by actors interested in propagating disinforma-

tion. In research analysis, both factual and artifactual claims in AI-generated texts make

the output more persuasive (Hackenburg et al., 2025). Further concern about the poten-

tial negative impact of AI on public opinion arises from the potential for manipulation

due to the ability of LLMs to produce personally targeted messaging at scale (Goldstein

and Sastry, 2023; Simchom, Edwards and Lewandowsky, 2024; Goldstein et al., 2024). In

the worst case scenario, individualized messaging at scale could exacerbate echo cham-

bers and stymie critical thinking. The specter of LLMs as infinitely flexible and adaptive

misinformation and manipulation tools poses daunting challenges to democratic societies

around the world.

In this paper, we add to the existing work on political persuasion by LLMs by con-

sidering exactly what LLMs do when asked to target or customize persuasive appeals to

citizens. Understanding the details of how LLMs approach a micro-targeting task can im-

prove both scholarly and policy-making assessment of the risks, benefits, and potential
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impacts of LLM-produced persuasive text on democratic outcomes. We begin by dis-

cussing the concept of customization from the social sciences broadly and possible ways

that LLMs might customize persuasive appeals to individual people. We then provide

two empirical studies evaluating customization and persuasiveness in LLM output.

In our first empirical study, we re-analyze data collected in published work on gen-

erative AI and persuasion (Argyle, Busby, Gubler, Lyman, Olcott, Pond and Wingate,

2025) and compare customized to uncustomized messages created by one specific LLM

(OpenAI’s GPT-4)(OpenAI, 2023). We consider both how customized and generic mes-

sages differ along a range of semantic and content features and how they elicit different

responses from persuadees. In this analysis, we find that customized messages differ

systematically from non-customized messages, but that these differences do not corre-

spond with increases or decreases in how persuasive the messages are to their human

targets. We then expand this analysis in our second empirical study, where we evalu-

ate customized and non-customized messages generated by GPT-4 (from Study 1), GPT-5

(OpenAI)(OpenAI, 2025), Gemma 3 27b (Google)(Team, 2025), and Qwen3-Next-80b (Al-

ibaba Cloud)(QwenTeam, 2025). We consider the same types of variables as in study 1

and present conclusions about customization that go beyond a single model.

We conclude with a discussion of the implications of these findings for democracy,

theories of persuasion, and using LLMs as a tool to tailor messages, survey questions, and

experiments to specific individuals (Argyle et al., 2023; Velez and Liu, 2024; Argyle, Busby,

Gubler, Lyman, Olcott, Pond and Wingate, 2025). Specifically, we find that LLMs are at a

baseline quite persuasive, but that they vary in their steerability — meaning the models

demonstrate different levels of capacity to provide systematically different content across

topics, directions, and targets. However, even when microtargeting induces relatively

large content differences targeted to specific individuals, exhibiting the ability scholars

and policy-makers have feared might lead to unusually high persuasive power, these

changes in content or rhetorical strategy are not correlated with systematically higher levels of
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persuasion in the human targets. On average, messages without any microtargeting are just

as persuasive.

We note that our prompts instruct the models to microtarget using common sociode-

mographic characteristics, perhaps the most common approach to microtargeting. There

might be more effective ways to microtarget using LLMs that need further exploration.

Still, as we discuss further in our conclusion, our results raise questions about many of the

assumptions underpinning arguments about microtargeting by suggesting that targeting

individual characteristics does not necessarily lead to more persuasive power. More gen-

erally, while our results do not mitigate the need to be vigilant about future develop-

ments and deployments of AI messaging, they suggest that the scholarly and policymak-

ing communities have at least some time to develop appropriate bulwarks against the

potential negative future implications of AI microtargeting.

Persuasion and Customization

Persuasion involves changing or influencing the mental state of another, where the target

of persuasion has at least some choice or agency (O’Keefe, 2016). Empirical and theoreti-

cal work on political persuasion emphasizes a variety of factors that are likely to make an

appeal more successful. These include the source of a message or argument (Nicholson,

2012; Kam, 2020), the emotions evoked by a persuasive appeal (Brader, 2005; Albertson,

Dun and Kushner Gadarian, 2020; Van Kleef, van den Berg and Heerdink, 2015), rhetor-

ical strategies such as moral re-framing (Voelkel and Feinberg, 2018; Kalla, Levine and

Broockman, 2022; Feinberg and Willer, 2019) or storytelling (Krause and Rucker, 2019;

Kalla and Broockman, 2020; Green and Brock, 2000), the strength of a persuasive state-

ment (Aarøe, 2011; Petersen and Arceneaux, 2020), the degree of elaboration on the part

of the person being persuaded (Petty and Cacioppo, 1986; O’Keefe, 2013; Susmann et al.,

2021; Wagner and Petty, 2022), and the amount of information provided in the persuasive

appeal (Petty and Cacioppo, 1986; Coppock, 2023; Hackenburg et al., 2025; Sides, Vavreck
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and Warshaw, 2022).

Many perspectives on persuasion posit that customized messages — appeals that

adapt arguments or rhetorical approaches to the characteristics, values, beliefs, or per-

sonality of the target of persuasion — will be more successful than more generic argu-

ments (Hirsh, Kang and Bodenhausen, 2012; Tappin et al., 2023; Dijkstra, 2008). This

is because customization is thought to lead to messages that draw on concepts and ex-

periences more familiar to participants than more generic messages. This should make

customized message more likely generate the type of affect necessary for persuasion. In

politics, customization is often referred to as "microtargeting"2 and is widespread (Hersh,

2015; Votta et al., 2024).

One type of customization relies on matching messages to the sociodemographic char-

acteristics of the target of persuasion. This approach assumes that groups of people — as

defined by a set of social, political, and demographic characteristics - will react differently

to persuasive appeals with content more directly related to their lived experience. Cus-

tomization allows appeals to adapt messages based on group-level differences. Due to

the promise of this idea, this type of messaging and campaigning has long been a part of

political campaigns and has persisted (if not increased) in the time of digital media (Votta

et al., 2024; Bär et al., 2024).

However, there are a number of reasons to be skeptical that this kind of customization

provides consistent persuasive benefits. Many have noted that the effects of persuasive

efforts are often remarkably homogeneous across groups (Hersch and Schaffner, 2013;

Coppock, Hill and Vavreck, 2020; Coppock, 2023). Others find that persuasive efforts

2We make no distinction between the terms customization and microtageting, only

to note that customization is used more broadly outside of political science. Some dis-

tinguish targeted from microtageting by the number of criteria used to select and send

messages (Votta et al., 2024). From that perspective, we examine microtageting here as

multiple characteristics of the targets of persuasion are used in combination.
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may be most effective when they use fewer and less complex criteria for customization

(Tanusondjaja et al., 2023; Tappin et al., 2023), raising questions about the processes be-

hind this element of persuasion. Customization may also work better when based on

attitudinal or psychological traits, such as moral foundations or Big 5 Personality traits,

than based on more coarse demographic categories (Matz et al., 2024; Nezhad, Kisomi

and Gholinezhad, 2025; Timm, Talele and Haimes, 2025). Some who have specifically

explored customization from LLMs have noted that targeting messages to respondents’

characteristics neither diminishes nor improves the persuasiveness of LLM-generated ap-

peals (Hackenburg and Margetts, 2024; Argyle, Busby, Gubler, Lyman, Olcott, Pond and

Wingate, 2025; Hackenburg et al., 2025; Lin et al., 2025), although other research finds

people report a preference for messages that align with their predispositions (Matz et al.,

2024).

We build on this latter body of research to consider exactly what LLMs do (or do not)

do when asked to customize persuasive appeals to people based on their sociodemo-

graphic characteristics. In addition, we consider whether certain customization strategies

used by LLMs are more persuasive than others. This will help researchers understand the

ways LLMs approach customization and the possible consequences of increasing LLM

use by political actors and campaigns across society. Unlike humans, LLMs lack an in-

trinsic intent to persuade, but are optimized through a variety of procedures to respond

to users’ instructions (Ouyang et al., 2022). Consistent with other work on persuasion

(Durmus et al., 2024; Hackenburg and Margetts, 2024; Schoenegger et al., 2025; Palmer

and Spirling, 2023; Hackenburg et al., 2025; Lin et al., 2025), we begin with the idea that

humans can provide persuasive goals to LLMs through their prompts and instructions to

the models, and that models are programmed to complete these tasks to the best of their

ability. Thus, while this differs from human’s intrinsic intent to persuade, models can

adopt this intent through their prompting.

We consider a range of things that the generative AI tools might vary when asked
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to customize a persuasive message. These come from established work on persuasion

broadly and include the following:

• Persuasive strategies: Persuasive actors have a range of strategies to choose from,

including storytelling (Krause and Rucker, 2019; Kalla and Broockman, 2020; Green

and Brock, 2000), personal narratives (Naunov, Rueda-Cañòn and Ryan, 2025), moral

reframing (Voelkel and Feinberg, 2018; Kalla, Levine and Broockman, 2022; Fein-

berg and Willer, 2019), debate-based strategies (Blumenau and Lauderdale, 2024),

perspective-taking or active listening (Kalla and Broockman, 2016), referencing norms

or the beliefs of others (Cialdini, Kallgren and Reno, 1991; Gerber, Green and Larimer,

2008), and more. Existing research on customization does not provide complete or

systematic evidence that some of these strategies are consistently more effective for

some demographic groups. We consider whether LLMs use some of these types of

rhetorical strategies more than others when asked to customize persuasive appeals.

• Emotional tone: Other work evaluates the degree to which persuasion intersects

with emotions in different ways, finding that the emotions evoked by an appeal

are related to its effectiveness (Brader, 2005; Albertson, Dun and Kushner Gadar-

ian, 2020; Van Kleef, van den Berg and Heerdink, 2015). Some work, outside the

LLM context, has found that targeted appeals do not differ in their overall nega-

tivity from more general appeals (Ortega, 2022), but this has not been connected

to other notions of emotions or linked to LLMs’ efforts to customize. Accordingly,

we consider if LLMs evoke emotions in different ways when asked to customize

persuasive statements.

• Informational content and density: A key element for some existing work on per-

suasion is the information present in the appeal, both in terms of density and di-

versity of appeals (Coppock, 2023; Hackenburg et al., 2025; Lin et al., 2025). Gener-

ally, more information-dense appeals (i.e., persuasion that involves more arguments
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or fact-like statements) appear to be more successful.3 Some have also noted that

customized messages tend to be more diverse in their content than more generic

appeals (Ortega, 2022); this diversity may in turn result in more persuasiveness.

Given this work, we consider if customization by LLMs changes information diver-

sity, density, or both.

• Values-based appeals: As mentioned, one underlying element of the logic of cus-

tomization is that it works by tailoring the structure and content of an appeal to re-

spondents’ experiences and perspectives. One way that this might occur is through

appealing to different values, or goals that people have that transcend specific situ-

ations, serve as larger guiding principles, and vary in their importance (Schwartz,

1992; Schwartz et al., 2012). Existing studies of political communication have found

that persuasiveness can be influenced by the correspondence between the values

in a persuasive message and the values held by the target of persuasion (Nelson

and Garst, 2005; Barker, 2005; Gordon and Miller, 2004), further indicating possible

connections between values and customization.

• Obvious targeting/pandering: One thing that LLMs might do when asked to cus-

tomize their messages is obvious targeting of specific respondent characteristics.

Others have called this group-centric "pandering" and noted that it has contingent

and sometimes ironic effects (Hersch and Schaffner, 2013). Nonetheless, LLMs may

make direct or clearly inferrable references to specific groups or attitudes respon-

dents have when asked to customize persuasive messages.

• Structural features of the message: A final element we consider are the structural

features of the message itself - elements like length and textual complexity. There

3Some have found a more complex relationship between arguments/facts and persua-

sion, concluding that narratives and perspective taking are more consistently persuasive

than facts (Naunov, Rueda-Cañòn and Ryan, 2025).
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are a number of ways this might relate to persuasiveness, for example one way to

customize a message for someone with less education might be to reduce the text

complexity. However, because there is scant work connecting these kinds of features

to customization directly we consider these elements of persuasive appeals without

strong expectations from existing research.

We look for changes in these elements in persuasive messages generated by LLMs

that do and do not attempt to customize those messages to specific respondents. In the

section below, we explain the data we use to consider these factors and how we use these

data to explore persuasion and customization. In doing so, we use an openly inductive

approach - while previous research makes suggestions about what elements to consider

(as discussed above), this work does not indicate what LLMs may or may not do in this

context. As such, we explore the data presented below, hoping to gain insights for other

studies and theories about persuasion, customization, and generative AI.

Data and Methods

We use two different empirical studies to examine customization and persuasion by LLMs.

The first evaluates what one LLM (GPT-4) does when asked to customize persuasive

appeals to specific individuals, how those individuals perceive customized and generic

messages, and how the messages from the LLM correspond with actual persuasion. The

second builds on these findings and considers three other, recently released LLMs - one

closed-weight and two open-weight - to expand our conclusions beyond a single LLM.

We describe the data and approach we use for each below:

Study 1:

In the first study, we re-analyze data collected in the United States from a recently pub-

lished paper on persuasion and generative AI (Argyle, Busby, Gubler, Lyman, Olcott,
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Pond and Wingate, 2025). As part of this project, the authors prompted OpenAI’s GPT-4

model to craft persuasive messages under different conditions. Two of these conditions —

which we re-analyze here — had the LLM generate paragraph-long persuasive statements

for respondents that worked to persuade respondents away from their initial views on a

topic. For a randomly selected half of these respondents, the LLM was provided with

a description of the respondent and told to customize its appeal to that person.4 This

study also involved two different topics, with one data collection focusing on whether

the United States should increase the amount of legal immigration (hereafter, "immigra-

tion"), and the other on whether the federal government should increase regulation re-

lated to K-12 teachers sharing their personal social and political views in the classroom

(hereafter, "K-12 education"). The original study was conducted in May of 2024; Table 1

lists the number of respondents (and therefore LLM-generated appeals) for the different

conditions in these data.

Immigration K-12 education Totals
Generic 306 302 608
Customized 313 300 613
Totals 619 602 1221

Table 1: Count of messages by type and topic

In general, LLM output is strongly and directly influenced by the prompt used. The

task of microtargeting is very broad and can encompass a variety of approaches or cus-

tomization criteria; in this case, the LLM was asked to target messages on the following

4There were four other conditions in the original study that we do not consider here

as they differ in their structure and objective. This included a dynamic conversation, a

more introspective, motivational-interviewing conversation, a dynamic control discus-

sion about board games, and a single static control message about board games. See the

original study for more details about these conditions (Argyle, Busby, Gubler, Lyman,

Olcott, Pond and Wingate, 2025).
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variables: age, religion, marital status, education, occupation, location, political party,

and political ideology. The model was then presented with the topic on which it was

to persuade the respondent, followed by the respondent’s demographics. It was also

given the respondents’ initial view on that topic and told to persuade the person away

from that position. Then, the model was given a reasoning template that instructed the

model to think about the respondent and construct a persuasive message that is "as micro-

targeted as possible" without explicitly referencing the respondent’s demographics. The

exact prompts and other technical details can be found in online Appendix A.

We analyze these messages for the elements discussed in the previous section. In do-

ing so, we consider patterns across the whole sample (all 1221 messages) and within each

topic (N=619 for immigration and N=602 for K-12 education). We also make corrections

for multiple comparisons in these tests (using a Bonferroni comparison), given that our

analyses involve more than 100 statistical comparisons.

The following list describes the features of these messages and how those elements

were analyzed. All of the persuasive strategies, emotional appeals, and fear-based ap-

peals in the list were identified using an LLM (GPT-4o)(OpenAI, 2024). This process

involved randomly sampling 50 messages from each of the combinations of topic (im-

migration or K-12 education) and argument direction (in favor of more or less regulation

of those topics). This gave us two balanced sets of 100 messages, one for each topic. For

each set of 100, we used GPT-4o to read the messages and extract the persuasive strategies

used across the messages, with specific emphasis on strategies that were present in some

but not all messages (to ensure the strategies would discriminate between messages.)5

Because the model was tasked with finding strategies independent of message content,

the lists were very similar across topic and direction. We used a reasoning model, R1 1776

(AI, 2025), to distill the two lists into a single, final list of 11 strategies. We describe the

relevant strategies from this list below.

5The text of this and all prompts used in this study can be found in the appendix.
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• Persuasive strategies: In comparing these messages, we evaluate a range of persua-

sive strategies, including:

– Storytelling: This involves the use anecdotes (e.g., immigrant success stories)

and efforts to humanize issues and foster emotional investment.

– Refutation of counter-arguments: This strategy acknowledges opposing views

(e.g., "Some say diversity divides, but...") to preempt criticism. It aims to

strengthen persuasiveness by demonstrating thoroughness and disarming po-

tential counter-arguments.

– Use of rhetorical questions: This tactic provokes reflection ("Shouldn’t we value

diverse viewpoints?") to nudge audiences toward desired conclusions. It also

engages readers by prompting active thought.

– Analogies or metaphors: This approach compares complex ideas to relatable

concepts (e.g., classrooms as "marketplaces of ideas," immigration policies as

"gardens needing balance"). It attempts to clarify abstract arguments through

vivid imagery.

– Credibility statements: This tactic aligns arguments with trusted sources (histor-

ical precedents, democratic ideals, expert data) in an attempt to bolster trust-

worthiness and authority.

– Hypothetical scenarios: Messages using this tactic paint vivid "what if" futures

(e.g., societal collapse vs. utopia due to immigration levels). One of the goals

is to leverage imagination to amplify stakes and outcomes.

– Logical arguments: This strategy uses cause-effect arguments (e.g., "immigra-

tion drives innovation"), problem-solution, or cost-benefit analysis. It also

supports arguments with structured reasoning and empirical/logical consis-

tency (logos).
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– Pragmatic appeals: Messages employing this approach use centrist rhetoric to

lightly push the reader. They frame issues as pragmatic, realistic, or grounded

in the real world.

• Emotional tone: We also assess the messages for emotion in different ways, includ-

ing:

– Emotional appeals: This tactic evokes empathy (immigrant stories), pride ("Amer-

ican Dream"), or fear (resource strain). It creates personal connections to ab-

stract policies.

– Fear-based appeals: This strategy highlights risks (indoctrination, cultural ero-

sion) to motivate caution and is often paired with urgency ("Without action,

we lose...").

– Sentiment: Sentiment was evaluated using NLTK’s VADER package (Valence

Aware Dictionary and sEntiment Reasoner) Hutto and Gilbert (2014), a rule-

based sentiment analysis tool. This package generates positive, negative, and

neutral sentiment scores for each passage of text, which can be aggregated into

a composite score.

• Informational content and density: We use multiple measures of informational

content and density as we compare these messages. This includes the following:

– Semantic embeddings: We consider differences in the substance of messages in

the different cells of Table 1 through semantic embeddings. Specifically, we use

Qwen3-Embedding-4b(Zhang et al., 2025) with an embedding dimension of

2560 to create the embeddings. In this space, messages (represented as vectors)

that are closer have more similar meanings than messages that are more dis-

tant. For visualization and presentational purposes, we then projected these

points into two dimensions using UMAP.
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– Number of topics: We also used a LLM to extract the topics being used across

the persuasive messages. Similar to the process used to identify persuasive

strategies and appeals, we randomly sampled 100 immigration messages (50

messages in each direction), and used GPT-4o to extract and distill a list of 10

topics used across the messages. We repeated this process for the K-12 educa-

tion topic. With these lists, we use GPT-4o to code each persuasive message,

identifying whether each listed topic is present in the message. We sum the

number of topics present in each message. Higher values on this variable in-

dicate that the LLM brought up more distinct topics in the message.

• Values-based appeals: There are many competing notions of values that may be at

play in persuasive appeals. Here we consider one prominent values system - moral

foundations theory (Graham, Haidt and Nosek, 2009; Graham et al., 2013)- but we

recognize that this is only one of a number of possible value sets we could examine.

Further, there are a number of important concerns and debates about this particular

approach to moral values (Suhler and Churchland, 2011; Haidt and Joseph, 2011;

Gray and Keeney, 2015). Nonetheless, this approach to values is commonly used

both by academics and many in the public sphere.

In a similar process to the rest of the text annotation, GPT-4o was used to code each

persuasive message for moral foundations. We prompted the annotator to evaluate

on a three-point scale whether each moral foundation was

– Not referred to

– Referred to weakly/implicitly

– Referred to strongly or multiple times

The annotating model was provided with a list of the six moral foundations (au-

thority, care, equality, loyalty, proportionality, and purity), as well as a description
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and definition of each foundation. For each foundation, the model provided a jus-

tification and score for each foundation, and a subset of the model’s justifications

and scores were reviewed by a human reviewer to validate performance. This LLM

coding was nonexclusive; in other words, a message could make reference to one,

several, or all of these values.

• Obvious targeting/pandering: In the prompt used to generate persuasive mes-

sages, models were explicitly instructed not to reference the user’s demographics

in the message. Consequently, very few messages refer to the microtargeted vari-

ables. However, roughly 10 percent of messages contain an explicitly targeted anal-

ogy based on the user’s occupation. (In one instance, while crafting a message to

an IT manager, the model likens America’s economy and immigration system to a

well-engineered network requiring scalable capacity.) Once again, we used GPT-4o

to identify microtargeted analogies, which were reviewed by a human annotator.

While analogies based on occupation were the only instances of microtargeting that

humans could discern, it is possible that the model performed some type of micro-

targeting discernible only to itself. There is evidence to support the idea that LLMs

can generate text that is meaningful to the LLM, but whose meaning is opaque to

others (Zolkowski et al., 2025; Roger and Greenblatt, 2023). To test this, we had GPT-

4o, the same model that generated the persuasive messages, read each message and

attempt to guess the target’s demographics, given a list of options.

• Structural features of the message: We also consider two structural features of these

messages. This includes:

– Message length: We used different indicators of message length — the number

of characters in the statement generated by the LLM, the number of words

in the LLM message, and the amount of time the human respondent spent

reading the message (measured in seconds).
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– Textual difficulty: Textual difficulty was measured using the Flesch Reading

Ease Flesch (1948), a simple metric based on average sentence length and num-

ber of syllables per word. We also consider Type-token ratio, or TTR, as an

alternative measure. TTR is an indicator of lexical diversity that is the ratio of

the number of unique words to the total number of words in a document or

statement. Higher values of TTR indicates greater diversity in a text.

In addition to these strategies, and as mentioned in the prior section, we also consid-

ered the impact of generic and customized persuasive appeals on respondents’ percep-

tions and attitudes. We consider four variables, all of which correspond to the partici-

pants’ reported attitudes after exposure to the persuasive appeal.

• Actual persuasion: We evaluate the degree to which respondents moved in their

attitudes related to the persuasive appeal from the LLM. These were derived by

comparing respondents’ pre and post-persuasive appeal attitudes on the topic of

persuasion (immigration or K-12 education). We construct this measure in the same

way reported in the original analysis of this experiment (Argyle, Busby, Gubler, Ly-

man, Olcott, Pond and Wingate, 2025); more positive values of this variable indicate

more movement towards the persuasive appeal.

• Perceived persuasion: The original experiment also measured respondents’ percep-

tions of persuasion. This involved a survey question after the persuasive appeal

which stated "Earlier, you read some arguments that attempted to convince you that

[persuasive position here]. How persuasive did you find those arguments?". We in-

clude this because some other research focuses on perceptions of persuasion (Sim-

chom, Edwards and Lewandowsky, 2024) and because there is significant debate

and disagreement about how much perceived and actual persuasion correspond

(Dillard, Weber and Vail, 2007; O’Keefe, 2018, 2020).

• Confidence: As an alternative, attitude-based measure, we consider respondents’
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self-reported confidence or certainty in their views following the persuasive ap-

peals. This is in recognition that attitudes have many features, only one of which is

the direction or specific position. Persuasion may have an impact not just on chang-

ing people’s views but shifting their underlying confidence in or strength of those

views (Crano and Prislin, 2006; Visser, Bizer and Krosnick, 2006; Tormala, 2016).

• Source perceptions: One key element in persuasion can be the source of a persua-

sive appeal (Hartman and Weber, 2009; Kam, 2020). This has become important in

the domain of AI-empowered persuasion, as some work has found that the persua-

sive effects of AI-generated messages can be impacted by knowledge of its source

(Palmer and Spirling, 2023; Lu, Tormala and Duhachek, 2025). We therefore con-

sider the degree to which respondents’ perceived the persuasive messages as com-

ing from an AI source. We assessed this using a question near the end of the survey,

asking respondents to guess the source of the persuasive appeal; one of these op-

tions was "A chatbot (like ChatGPT)".

Study 2:

To expand the analysis in Study 1, we recreated the same messages from those data with

three other LLMs that were released more recently than GPT-4: GPT-5, Gemma 3, and

Qwen3. Two of these - Gemma 3 and Qwen3 - are open-weight and one — GPT-5 — is

closed-weight. To generate the messages, we provided these LLMs with the same respon-

dent backgrounds (in the customized conditions) and instructions and prompted them to

create the corresponding persuasive appeals. As such, we have a set of 1221 messages for

each of these models, with the same breakdown as shown in Table 1.

To generate these new messages we use exactly the same prompts deployed with GPT-

4 in Study 1 with each of these three models. There are likely gains to be made by tailoring

prompts to each of these models, as different LLMs often react differently to the same in-

structions (Argyle, Busby, Gubler, Hepner, Lyman and Wingate, 2025; Zhuo et al., 2024).
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However, if we were to do this, we would also run the risk of distilling different defini-

tions of customization to each of these LLMs and generating different kinds of empirical

patterns due to unintentional changes in how we conceptualize customization. To avoid

this, we use identical prompts for all of these models, acknowledging that this comes with

the tradeoff of failing to optimize prompt performance for each of these different LLMs.

We then analyzed these persuasive messages using the same variables that we dis-

cussed for Study 1. The exceptions to this are the perception/human-derived variables;

for Study 2, we do not have human assessments of the messages created by these three

different LLMs. As such, we focus on the observable elements of the messages themselves

and rely on Study 1 for conclusions about effects on persuasion and human perceptions.

Results

Study 1:

We begin by describing differences in the customized versus generic messages from GPT-

4 used in the original study. We consider both analyses of the statements themselves

and evaluations of how human targets of persuasion reacted differently to the two types

of messages. In all the analyses that follow, we look at the aggregated results across

topics and break out the patterns for the two different issue areas (immigration and K-12

education).

We begin by comparing the semantic embeddings for the customized and generic mes-

sages across both topics. Figure 1 presents these results.

These findings suggest that (1) there is clear separation based on the topic of the per-

suasive appeal (as we would hope) and (2) generic and customized messages differ from

one another. Although these gaps are smaller than the gaps by topic, this analysis sug-

gests that the generic and customized messages are semantically distinct from one an-

other.
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Figure 1: Embedded Messages
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When we consider the length of the messages (see Figure 2), we see that customized or

microtargeted messages are significantly longer than generic messages. At the same time,

respondents do not spend more time reading these longer messages. The LLM generates

longer statements, but not statements that result in more in-depth engagement from re-

spondents. This may be explained by a general lack of a difference in the difficultly of

reading the messages between the two message types (see Figure 3).

We next evaluate the different strategies used in the persuasive statements and in-

formation density; the corresponding results of comparisons across the customized and

generic messages can be found in figures 4 and 5. Although not all strategies vary by

the message type, these comparisons suggests some areas of difference between the two

kinds of messages. Customized messages tend to include fewer preemptive refutations of

counterarguments than generic messages, more analogies, more hypotheticals, and fewer

logical strategies. Taken together, these suggest that the LLM draws from a different set of

persuasive tactics when asked to customize its persuasive appeals. Figure 4 also includes

estimates on the number of topics referenced in each appeal and speaks to information
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Figure 2: Length in words and time spent reading the different messages. The y-axis
shows the differences between the microtargeted and generic messages; positive values
indicate more of the variable in the microtargeted messages.

density. In this case, the customized messages reference fewer topics and are, by exten-

sion, lower in information density than the generic appeals.

We also observe differences in emotions and value-based appeals. With respect to

affect and emotional appeals, we observe that customized messages are lower in negative

sentiment than generic messages and make fewer emotional appeals (see figures 6 and

7. Figure 8 suggests that customized appeals make fewer references to care and loyalty

values, despite the fact that these values are not explicitly referenced in any of the prompts

given to the LLM. On other values, we do not observe differences across the message

types.

We next consider how respondents reacted to both kinds of messages - this can be

found in Figure 9. Despite the fact that we observe some differences in the strategies,

length, emotions, and information density of the customized and generic messages, these
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Figure 3: Textual ease of reading (Flesch Reading Ease) of the different messages. The
y-axis shows the differences between the microtargeted and generic messages; positive
values indicate more of the variable in the microtargeted messages. Higher values indi-
cate easier texts to read.

do not seem to carry over to different perceptions of the messages by the human respon-

dents. We see no differences in the perceived or actual persuasiveness of the messages

(distinguished by self-reported persuasiveness and actual attitude change). The differ-

ent messages also do not generate weaker or less confident attitudes, and customized

messages do not provoke more concerns or awareness of the AI source of the appeals.

Connecting this to the analyses of the other attributes of the messages suggests that while

this LLM constructs messages differently when asked to customize, those differences do

not result in measurable changes in human reactions to the persuasive appeals.6

6Given the possibility of heterogeneity in response to political persuasion, we also
estimated the results in Figure 9 for ideologues (as measured by extreme ideological self-
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Figure 4: The figure shows different strategies in the different messages. The y-axis shows
the differences between the microtargeted and generic messages; positive values indicate
more of the variable in the microtargeted messages.

Figure 5: The figure shows different strategies in the different messages. The y-axis shows
the differences between the microtargeted and generic messages; positive values indicate
more of the variable in the microtargeted messages.
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Figure 6: Sentiment in the different messages. The y-axis shows the differences between
the microtargeted and generic messages; positive values indicate more of the variable in
the microtargeted messages.

One possible explanation for the combination of these results — that the LLM is chang-

ing its tactics when microtargeting but that this does not lead to more persuasion or

changes in perceptions — is that changes the LLM introduces do not correspond in sys-

tematic ways to the demographic groups involved in the targeting. In other words, the

variations introduced by the LLM when it is asked to microtarget may not consistently be

aligned with targets’ different social and political characteristics.

We consider this possibility in different ways. First, we evaluate evidence of signals

placement), non-ideologues, those without a four year college degree, those with at least

a four year college degree, those who reported being interested in politics, and those who

reported not being interested in politics. Across all of these subgroups, we fail to observe

statistically significant differences in reactions to the microtargeted and generic messages.

This homogeneity is consistent with larger research about political persuasion (Coppock,

Hill and Vavreck, 2020; Coppock, 2023).
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Figure 7: Various appeals in the different messages. The y-axis shows the differences
between the microtargeted and generic messages; positive values indicate more of the
variable in the microtargeted messages.

about the characteristics of the target that can be inferred from the text of the persuasive

appeal (we call this obvious pandering in the preceding sections). Because it is possible

that the model is customizing messages in an advanced or nuanced way that is difficult

to detect by an outside observer, we ask whether a different instance of the same LLM,

exposed only to a microtargeted or generic message, can infer any of the respondent’s

demographics from the message. We then compared these guesses to the respondents’

actual characteristics and coded for correct and incorrect inferences.

When considering inferences from the microtargeted messages, we find that the in-

ferences from the LLM (GPT-4, the same one used to create the messages) significantly

underperform random chance. This provides additional evidence that systematic micro-

targeting isn’t occurring in any discernible way. We also compare the rate of correct infer-

ences in the generic and microtargeted messages; figure 10 shows the results of this anal-

ysis. Here again we see no clear evidence of signals about persuasive targets in the tar-

geted messages. The exception to this is ideology, which seems to be more evident in the
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Figure 8: Moral foundation use in the different messages. The y-axis shows the differ-
ences between the microtargeted and generic messages; positive values indicate more of
the variable in the microtargeted messages.

customized messages in the immigration topic. However, this seems, at best, weak and

inconsistent evidence that detectable signals about respondents can be discerned from the

messages. Moreover, we note that the model may be able to infer certain aspects of the

user, simply given the direction of persuasion. For example, the model may be able to

infer from prior knowledge about party platforms that a Republican is more likely to be

the recipient of a message on decreasing defense spending.

We also considered the degree to which the changes in the rhetorical and persua-

sive strategies noted earlier correspond with the characteristics of the respondents. This

would still be evidence of successful targeting - using metaphors or emotional appeals for

men more than for women, for example, would indicate a coherent (even if unsuccessful)

attempt to microtarget - even if it is less obvious or explicit than the signaling in Figure 10.

As a test of this, we evaluate the correlations between different respondent characteristics

and the strategies we document in the sections above.

One thing we consider in this analysis is that for all of our messages - generic and mi-

crotargeted - the LLM was provided with the respondents’ initial position on the subject

of persuasion. This was necessitated by the study design, which had the LLM persuade

respondents away from their initial positions. At the same time, this might introduce
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Figure 9: Subjective outcomes in the different messages. The y-axis shows the differences
between the microtargeted and generic messages; positive values indicate more of the
variable in the microtargeted messages.

some changes in persuasive tactic that may, in a second-order way, then correspond to re-

spondents’ characteristics. To account for this possibility, we compare the correlations be-

tween the tactics and respondent characteristics in the microtargeted and static conditions;

specifically, we subtract the pairwise correlations from the generic conditions from the tar-

geted conditions to estimate what increase or decrease in correlation between persuasive

tactics and respondent characteristics is provided from the microtargeting instructions

and information (as opposed to just knowing about respondents’ initial positions on im-

migration or K-12 education). We would expect increases in the correlations if the LLM

is using the microtargeting information to deploy different persuasive approaches to dif-

ferent groups of respondents.

We provide additional information on these results, and figures of these differences

in correlations, in the appendix (their size and the number of variables being compared

make them difficult to see in the main text). Our conclusion from these results is that the

difference in correlation in the microtargeted messages is inconsistent, small, and more

likely to be negative than positive. This suggests evidence against the claim that the

LLM is targeting with different approaches to persuasion. In other words, microtarget-
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Figure 10: Signals found in the different messages. Correct signals occur when the cod-
ing LLM (GPT-4o) correctly guesses the characteristic based on the message. The y-axis
shows the differences between the microtargeted and generic messages; positive values
indicate more of the variable in the microtargeted messages.

ing strategies and approaches are generally not tied systematically to any of the target’s

demographics.

A final possibility is that the LLM is inconsistently effective, and some of the micro-

targeting tactics are more persuasive to the targets but this effect is lost in the aggregate

results depicted in Figure 9. In order to test for this possibility, we conducted a series

of OLS regressions predicting attitude change in the human respondents on the basis of

each set of the measured text features. None of the features have a significant relationship

with measured attitude change. Notably, however, several of the features have a positive

impact on the respondent’s subjective rating of whether the message was persuasive. 7 In

other words, some of these features feel more persuasive to the reader, but they do not re-

sult in additional attitude change - a pattern that corresponds with existing results in the

7All results provided in the appendix. The features that had a positive effect on subjec-

tive ratings of persuasiveness include: Equality and Proportionality moral foundations,

correct prediction by an LLM of ideology, party, and ethnicity; fear appeals and argu-

ments about resource strain had negative impacts on persuasiveness.
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literature (Hackenburg and Margetts, 2024; Matz et al., 2024). This suggests that while

the LLM might be able to make changes that sound appealing on the surface, it is not

fundamentally selecting arguments or strategies that result in more real-world attitude

change on the part of the respondents.

Study 2:

We next expand the findings from Study 1 to look beyond a single LLM and consider the

customized and generic messages created by the three other models mentioned earlier

(GPT-5, Gemma 3, and Qwen3). As mentioned earlier, the variables we analyze here are

the objective characteristics of the messages we can evaluate, rather than the perceptions

or responses to the messages by human participants. We summarize these analyses here

and point readers to the appendix for additional details.

Across the models, we see a number of similarities that hint at patterns that may go be-

yond a single LLM. As an example, Figure 11 shows the semantic embeddings for all four

models. The separation between the blue and yellow points in these graphs indicates that

all four LLMs create customized messages that are different semantically from the generic

messages. When it comes to length in characters, all of the LLMs generated longer mes-

sages when asked to customize their persuasive appeals (as compared to generic appeals).

With respect to values, all of the models made fewer appeals to loyalty when customiz-

ing, especially on the topic of immigration. Three of the four models (all except Gemma 3)

used more analogies and fewer topics (or lower information density) when constructing

customized or microtargeted messages. We also observe small and typically statistically

insignificant differences in the positive and negative sentiment of customized and generic

messages. These patterns support the idea that LLMs generally employ different tactics

and write messages differently when customizing persuasive appeals.

At the same time, some patterns seem model-specific. Referring back to Figure 11,

the separation based on customization is stronger for GPT-4 and GPT-5 than for either
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Figure 11: Embedded Conversations, All Models
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of the other models. Additionally, Gemma 3 and GPT-4, use fewer appeals to emotions

when microtargeting; the same is not true for GPT-5 or Qwen3. Qwen3 and GPT-4 made

fewer references to logical frameworks when customizing, but this finding did not emerge

for GPT-5 or Gemma 3. Customized messages by Gemma 3 and GPT-4 were harder to

read than generic messages, but the opposite was true for Qwen3 and GPT-5. GPT-4

was the only LLM to use more hypothetical scenarios when customizing persuasive mes-

sages. Results along these lines suggest that the specific ways that LLMs change their

customized appeals varies by the model being deployed. Combined with the similar

patterns discussed previously, this suggests that LLMs do construct persuasive appeals

differently when asked to target those appeals to specific people, but do not necessarily

use the same tactics as other LLMs when customizing. Those interested in studying cus-

tomization by LLMs will likely need to consider a range of LLMs to understand precisely

how this occurs (rather than inferring from a specific LLM to a whole class of models).
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Conclusion and Implications

The preceding analysis suggests two main patterns with implications for LLM persua-

sion. First, prompting an LLM to customize or microtarget a persuasive appeal to a spe-

cific individual pushes the model to create substantively different messages than when

prompting generic persuasive statements. We see this across studies 1 and 2, although

the precise way in which the messages changes can depend on the LLM being used. One

possible explanation (among others) as to why LLMs are responsive to the instruction to

microtarget has to do with how they are constructed and the process of Reinforcement

Learning from Human Feedback (RLHF) that nearly all LLMS undergo, including each of

the LLMs used in this study. RLHF is explicitly designed to provide “reinforcement sig-

nals tied to... success [however defined]" (Bai et al., 2022) and has been shown to demon-

strably improve models’ abilities in many areas (Ouyang et al., 2022; Stiennon et al., 2020),

including goal-directedness, reasoning and persuasion (Pan et al., 2023; Lightman et al.,

2023; Hackenburg et al., 2025). We believe this is part of the reason why these models do

complete the narrow task assigned them: customizing messages in a variety of different

ways.

The second pattern we observe is that these changes in the behavior of LLMs do not

result in more persuasion or correlate in detectable ways with respondent characteristics

(such as gender, race, and partisanship). These findings, combined with published work

concluding that demographic-based microtargeting does not provide persuasive boosts

(such as Argyle, Busby, Gubler, Lyman, Olcott, Pond and Wingate, 2025; Hackenburg

and Margetts, 2024; Tappin et al., 2023), suggest that while LLMs are generally capable

of successful persuasion, they at present have no special skill when it comes to crafting

personalized messages based on demographic variables. This is true even for messages

that have features that make users subjectively rate them as more persuasive.

In a more narrow way, our findings (primarily in Study 2) also add to the body of
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work in computational social science that considers variation in performance across mod-

els. When considering four LLMs from different families (GPT-4, GPT-5, Gemma 3, and

Qwen3), we find that LLMs vary in their response to microtargeting instructions. All

models meet a baseline of steerability, meaning that they introduce changes to their nor-

mal output in response to the task they are asked to do. However, different models com-

plete the task in different ways and to varying extents. Some only adjust a few charac-

teristics of the message, while others change a more extensive set of features resulting

in bigger semantic differences. When studying LLMs as a persuasive tool (and for other

kinds of tasks), it remains important to evaluate different LLMs to establish larger claims

about the capacity of this class of generative AI tools.

One interpretation of these results is to suggest that, although LLMs will instantly

comply with the task, the vast array of potential information and arguments at the dis-

posal of an LLM does not provide it with a master key to persuasive strategizing. While

the LLMs produce systematically different messages, the messages produced are not

more persuasive than generic messages, and individual features do not correspond sys-

tematically to more persuasion. The black box of an LLM does not seem to hold superhu-

man persuasive skill – for now, at least. At present, this helps to clarify the boundaries of

the behavior of several recent and widely used LLMs.

There are a number of possible explanations for what we find here that should mo-

tivate future work in this area, prompting more discovery and productive research into

this topic. Our results generalize to a specific context: LLM microtargeting attempts us-

ing basic sociodemographic data in the context of hot-button political issues. While we

successfully replicate these results across a variety of different types of models and across

two different political topics, future work should vary both model type and microtarget-

ing type to further explore the bounds of these findings. For example, perhaps the reason

we (and other authors) do not see big improvements from demographic microtargeting

is because LLMs are not able to systematically and meaningfully target messages on the
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basis of the types of features we have provided. They might, however, be able to target

individuals more successfully if given different kinds of personal information or fewer

constraints on how to employ that information in the text. For example, LLMs might

become more persuasive if their efforts focused on detailed reasoning for people’s spe-

cific beliefs rather than relatively generic features of partisanship and ideology. It is also

possible that LLMs may perform differently in this area if asked to craft persuasive ap-

peals in other, nonpolitical domains. Alternatively, perhaps these results point to a more

fundamental theoretical insight suggesting that the psychological assumptions behind

microtargeting need further questioning.

More broadly, these results point out present limits to the impact of hyper-focused

LLM political targeting. On the one hand, the pace of development and change in this

technological space suggests a continued need for vigilance and continued evaluation

about the impact and processes of AI-empowered messaging and persuasion. On the

other hand, our present understanding, including the results shown here, suggest that

scholarly and policymaking communities have some space, albeit of an unknown dura-

tion, to develop bulwarks and barriers against more negative and potent applications of

AI microtargeting.
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