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INTRODUCTION: Rapid advances in artificial intelligence (AI) have 
sparked widespread concerns about its potential to influence human 
beliefs. One possibility is that conversational AI could be used to 
manipulate public opinion on political issues through interactive 
dialogue. Despite extensive speculation, however, fundamental 
questions about the actual mechanisms, or “levers,” responsible for 
driving advances in AI persuasiveness—e.g., computational power or 
sophisticated training techniques—remain largely unanswered. In 
this work, we systematically investigate these levers and chart the 
horizon of persuasiveness with conversational AI.

RATIONALE: We considered multiple factors that could enhance  
the persuasiveness of conversational AI: raw computational  
power (model scale), specialized post-training methods for 
persuasion, personalization to individual users, and instructed 
rhetorical strategies. Across three large-scale experiments with 
76,977 total UK participants, we deployed 19 large language models 
(LLMs) to persuade on 707 political issues while varying these 
factors independently. We also analyzed more than 466,000 
AI-generated claims, examining the relationship between persua-
siveness and truthfulness.

RESULTS: We found that the most powerful levers of AI persuasion 
were methods for post-training and rhetorical strategy (prompting), 
which increased persuasiveness by as much as 51 and 27%, respec-
tively. These gains were often larger than those obtained from 
substantially increasing model scale. Personalizing arguments on 

the basis of user data had a comparatively small effect on persua-
sion. We observe that a primary mechanism driving AI persuasive-
ness was information density: Models were most persuasive when 
they packed their arguments with a high volume of factual claims. 
Notably, however, we documented a concerning trade-off between 
persuasion and accuracy: The same levers that made AI more 
persuasive—including persuasion post-training and information-
focused prompting—also systematically caused the AI to produce 
information that was less factually accurate.

CONCLUSION: Our findings suggest that the persuasive power of 
current and near-future AI is likely to stem less from model scale  
or personalization and more from post-training and prompting 
techniques that mobilize an LLM’s ability to rapidly generate 
information during conversation. Further, we reveal a troubling 
trade-off: When AI systems are optimized for persuasion, they may 
increasingly deploy misleading or false information. This research 
provides an empirical foundation for policy-makers and technologists 
to anticipate and address the challenges of AI-driven persuasion, 
and it highlights the need for safeguards that balance AI’s legitimate 
uses in political discourse with protections against manipulation 
and misinformation. 
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Persuasiveness of conversational AI 
increases with model scale. The 
persuasive impact in percentage points on 
the y axis is plotted against effective 
pretraining compute [floating-point 
operations (FLOPs)] on the x axis. Point 
estimates are persuasive effects of 
different AI models. Colored lines show 
trends for models that we uniformly 
chat-tuned for open-ended conversation 
(purple) versus those that were 
post-trained using heterogeneous, opaque 
methods by AI developers (green). pp, 
percentage points; CI, confidence interval.
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There are widespread fears that conversational artificial 
intelligence (AI) could soon exert unprecedented influence over 
human beliefs. In this work, in three large-scale experiments  
(N = 76,977 participants), we deployed 19 large language models 
(LLMs)—including some post-trained explicitly for persuasion—
to evaluate their persuasiveness on 707 political issues. We then 
checked the factual accuracy of 466,769 resulting LLM claims. 
We show that the persuasive power of current and near-future 
AI is likely to stem more from post-training and prompting 
methods—which boosted persuasiveness by as much as 51 and 
27%, respectively—than from personalization or increasing 
model scale, which had smaller effects. We further show that 
these methods increased persuasion by exploiting LLMs’ ability 
to rapidly access and strategically deploy information and that, 
notably, where they increased AI persuasiveness, they also 
systematically decreased factual accuracy.

Academics, policy-makers, and technologists fear that artificial intel-
ligence (AI) may soon be capable of exerting substantial persuasive 
influence over people (1–13). Large language models (LLMs) can now 
engage in sophisticated interactive dialogue, enabling a powerful mode 
of human-to-human persuasion (14–16) to be deployed at unprece-
dented scale. However, the extent to which this will affect society is 
unknown. We do not know how persuasive AI models can be, what tech-
niques increase their persuasiveness, and what strategies they might 
use to persuade people. For example, as compute resources continue 
to grow, models could become ever more persuasive, mirroring the 
so-called scaling laws observed for other capabilities. Alternatively, 
specific choices made during model training, such as the use of highly 
curated datasets, tailored instructions, or user personalization, might 
be the key enablers of ever greater persuasiveness. In this study, we 
set out to understand what makes conversational AI persuasive and 
to define the horizon of its persuasive capability.

To do so, we examine three fundamental research questions (RQs) 
related to distinct risks. First, if the persuasiveness of conversational 
AI models increases at a rapid pace as models grow larger and more 
sophisticated, this could confer a substantial persuasive advantage to 
powerful actors who are best able to control or otherwise access the 
largest models, further concentrating their power. Thus, we ask, are larger 
models more persuasive (RQ1)? Second, because LLM performance in 
specific domains can be optimized by targeted post-training tech-
niques (Box 1), as has been done in the context of general reasoning 

or mathematics (17–19), even small open-source models—many deploy-
able on a laptop—could potentially be converted into highly persua-
sive agents. This could broaden the range of actors able to effectively 
deploy AI to persuasive ends, benefiting those who wish to perpetrate 
coordinated inauthentic behavior for ideological or financial gain, 
foment political unrest among geopolitical adversaries, or destabilize 
information ecosystems (10, 20, 21). So, to what extent can targeted 
post-training increase AI persuasiveness (RQ2)? Third, LLMs de-
ployed to influence human beliefs could do so by leveraging a range 
of potentially harmful strategies, such as by exploiting individual-
level data for personalization (4, 22–25) or by using false or misleading 
information (3), with malign consequences for public discourse, trust, 
and privacy. So finally, what strategies underpin successful AI persua-
sion (RQ3)?

We answer these questions using three large-scale survey experi-
ments, across which 76,977 participants engaged in conversation with 
one of 19 open- and closed-source LLMs that had been instructed to 
persuade them on one of a politically balanced set of 707 issue stances. 
The sample of LLMs in our experiments spans more than four orders 
of magnitude in model scale and includes several of the most advanced 
(“frontier”) models as of May 2025: GPT-4.5, GPT-4o, and Grok-3-beta. 
In addition to model scale, we examine the persuasive impact of eight 
different prompting strategies motivated by prevailing theories of per-
suasion and three different post-training methods—including supervised 
fine-tuning and reward modeling—explicitly designed to maximize AI 
persuasiveness. Using LLMs and professional human fact-checkers, 
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Box 1.  Glossary of abbreviations and key terms (with 
definitions as used in this paper). 

FLOPs Floating-point operations; here used to index model scale 
through “effective pretraining compute.”

Effective compute The total FLOPs used to pretrain a model.

Post-training Any training or adaptation applied after pretraining to 
shape model behavior (e.g., generic chat-tuning, SFT, RM, or SFT+RM).

PPT Persuasion post-training: Post-training specifically to increase 
persuasiveness (operationalized through SFT, RM, or SFT+RM).

SFT Supervised fine-tuning on curated persuasive dialogues to teach 
the model to mimic successful persuasion patterns.

RM Reward modeling: A separate model scores candidate replies for 
how persuasive they will be; the system then selects the top-scoring 
reply for giving to the human user (i.e., a best-of-k reranker at each turn).

SFT+RM Combined approach: An SFT model generates candidates; 
an RM selects the most persuasive one.

Base Model with no persuasion-specific post-training. For open-
source models, this means generic chat-tuning; for closed-source 
models, out of the box.

Chat-tuned Open-source models fine-tuned for generic (nonpersua-
sive) open-ended dialogue to hold post-training constant across models.

Developer post-trained Closed-source frontier models post-trained 
by developers using heterogeneous, opaque methods.

Open-source versus proprietary (closed-source) models 
Open-source models are those that the authors could fine-tune; 
proprietary models could not be fine-tuned and were used out of the 
box (and, where applicable, with RM).

Frontier model Highly capable, developer post-trained proprietary 
model (e.g., GPT-4.5 or Grok-3 in this study’s taxonomy).

Information density Number of fact-checkable claims made by AI in 
a conversation.
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we then count and evaluate the accuracy of 466,769 fact-checkable 
claims made by the LLMs across more than 91,000 persuasive con-
versations. The resulting dataset is, to our knowledge, the largest and 
most systematic investigation of AI persuasion to date, offering an 
unprecedented window into how and when conversational AI can 
influence human beliefs. Our findings thus provide a foundation for 
anticipating how persuasive capabilities could evolve as AI models 
continue to develop and proliferate and help identify which areas may 
deserve particular attention from researchers, policy-makers, and 
technologists concerned about its societal impact.

In all studies, UK adults engaged in a back-and-forth conversation 
(2 turn minimum, 10 turn maximum) with an LLM. Before and after 
the conversation, they reported their level of agreement with a series 
of written statements expressing a particular political opinion relevant 
to the UK on a 0 to 100 scale [following the method used in a related 
recent work (26)]. In the treatment group, the LLM was prompted to 
persuade the user to adopt a prespecified stance on the issue, using a 
persuasion strategy randomly selected from one of eight possible strat-
egies (materials and methods). Throughout, we measure the persua-
sive effect as the difference in mean posttreatment opinion between 
the treatment group and a control group in which there was no per
suasive conversation (unless stated otherwise) in units of percentage 
points. Although participants were crowdworkers with no obliga-
tion to remain beyond two conversation turns to receive a fixed show-​
up fee, treatment dialogues lasted an average of seven turns and 
9 min (see materials and methods for more detail), which implies 
that participants were engaged by the experience of discussing poli-
tics with AI.

Results
Before addressing our main research questions, we begin by validating 
key motivating assumptions of our work—that conversing with AI (i) 
is meaningfully more persuasive than exposure to a static AI-generated 
message and (ii) can cause durable attitude change. To validate the 
first assumption, we included two static-message conditions in which 
participants read a 200-word persuasive message written by GPT-4o 
(study 1) or GPT-4.5 (study 3) but did not engage in a conversation. As 
predicted, the AI was substantially more persuasive in conversation 
than through static message, both for GPT-4o (+2.94 percentage 
points, P < 0.001, +41% more persuasive than the static message effect 
of 6.1 percentage points) and GPT-4.5 (+3.60 percentage points, P < 
0.001, +52% more persuasive than the static message effect of 6.9 
percentage points). To validate the second assumption, in study 1, we 
conducted a follow-up 1 month after the main experiment, which 
showed that between 36% (chat 1, P < 0.001) and 42% (chat 2, P < 
0.001) of the immediate persuasive effect of GPT-4o conversation was 
still evident at recontact—demonstrating durable changes in attitudes 
(see supplementary materials, section 2.2, for complete output).

Persuasive returns to model scale
We now turn to RQ1: the impact of scale on AI model persuasiveness. 
To investigate this, we evaluate the persuasiveness of 17 distinct base 
LLMs (Table 1), spanning four orders of magnitude in scale [measured 
in effective pretraining compute (27); materials and methods]. Some 
of these models were open-source models, which we uniformly post-
trained for open-ended conversation [using 100,000 examples from 
Ultrachat (28) or “chat-tuned” models; see materials and methods for 

Table 1. Parameters, pretraining tokens, effective compute, and post-training (open-source, frontier, and PPT) for all base models across the three studies. Ranks are within each 
study; values marked “≈” are approximate.

Study Rank Model name Parameters Pretraining tokens (T)
Effective compute 
(FLOPS, 1 × 1021) Post-training

1 1  Qwen1.5- 0.5B  0.5 billion  2.4 7.20  Open- source

2  Qwen1.5- 1.8B  1.8 billion  2.4 25.92  Open- source

3 Qwen1.5-4B  4 billion 2.4 57.60  Open- source

4 Qwen1.5-7B  7 billion  4.0  168.00  Open- source

5 Llama3-8B  8 billion  15.0  720.00  Open- source

6  Qwen1.5- 14B  14 billion  4.0  336.00  Open- source

7 Qwen1.5-32B  32 billion 4.0 768.00  Open- source

8  Llama3- 70B  70 billion  15.0  6300.00  Open- source

9  Qwen1.5- 72B  72 billion  3.0  1296.00  Open- source

10 Qwen1.5-72B-chat  72 billion 3.0 1296.00  Frontier

 11  Qwen1.5- 110B- chat  110 billion  4.0  1980.00  Frontier

 12  Llama3- 405B  405 billion  15.0  36,450.00  Open- source

13 GPT-4o  Unknown Unknown ≈38,100.00*  Frontier

2 1 Llama-3.1-8B  8 billion 15.6 748.80  Open- source + PPT

2 GPT-3.5-turbo ﻿≈20 billion* Unknown ≈2578.00*  Frontier + PPT

3 Llama-3.1-405B  405 billion 15.6 37,908.00  Open- source + PPT

4 GPT-4o  Unknown Unknown ≈38,100.00*  Frontier + PPT

5 GPT-4.5  Unknown Unknown ≈210,000.00†  Frontier + PPT

3 1 GPT-4o-old (6 August 2024)  Unknown Unknown ≈38,100.00*  Frontier + PPT

2 GPT-4o-new (27 March 2025)  Unknown Unknown ≈38,100.00*  Frontier + PPT

3 GPT-4.5  Unknown Unknown ≈210,000.00†  Frontier + PPT

4 Grok-3-beta  Unknown Unknown ≈464,000.00*  Frontier + PPT

*Effective compute estimates from Epoch AI (71). †Industry insiders suggest that GPT-4.5 was pretrained on ≈10 × the compute of GPT-4. Multiplying Epoch AI’s GPT-4 estimate (2.1 × 1025 FLOPs) by 10 yields 2.1 × 1026.
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details]. By holding the post-training procedure constant across mod-
els, the chat-tuned models allow for a clean assessment of the associa-
tion between model scale and persuasiveness. We also examined a 
number of closed-source models (such as GPT-4.5 from OpenAI and 
Grok-3-beta from xAI) that have been extensively post-trained by well-
resourced frontier laboratories using opaque, heterogeneous methods 
(“developer post-trained” models). Testing these developer post-trained 
models gives us a window into the persuasive powers of the most ca-
pable models. However, because they are post-trained in different (and 
unobservable) ways, model scale may be confounded with post-training 
for these models, which makes it more difficult to assess the associa-
tion between scale and persuasiveness.

In Fig. 1, we show the estimated persuasive impact of a conversation 
with each LLM. Pooling across all models (our preregistered specifica-
tion), we find a positive linear association between persuasive impact 
and the logarithm of model scale (Fig. 1, dashed black line), which 
suggests a reliable persuasive return to model scale: +1.59 percentage 
points {Bayesian 95% confidence interval (CI), [1.07, 2.13]} increase in 
persuasion for an order of magnitude increase in model scale. Notably, 
we find a positive linear association of similar magnitude when we re-
strict to chat-tuned models only (+1.83 percentage points [1.42, 2.25]; Fig. 1, 
purple), where post-training is held constant by design. Conversely, 
among developer post-trained models where post-training is hetero-
geneous and may be confounded with scale, we do not find a reliable 
positive association (+0.32 percentage points [−1.18, 1.85]; Fig. 1, green; 
significant difference between chat-tuned and developer post-trained 
models, −1.39 percentage points [−2.72, −0.11]). For example, GPT-4o 
(27 March 2025) is more persuasive (11.76 percentage points) than mod-
els thought to be considerably larger in scale, GPT-4.5 (10.51 percentage 
points, difference test P = 0.004) and Grok-3 (9.05 percentage points, 

difference test P < 0.001), as well as models thought to be equivalent in scale, 
such as GPT-4o with alternative developer post-training (6 August 2024) 
(8.62 percentage points, difference test P < 0.001) (see supplementary 
materials, section 2.3, for full output tables).

Overall, these results imply that model scale may deliver reliable in
creases in persuasiveness (although it is hard to assess the effect of scale 
among developer post-training because of heterogeneous post-training). 
Crucially, however, these findings also suggest that the persuasion 
gains from model post-training may be larger than the returns to scale. 
For example, our best-fitting curve (pooling across models and studies) 
predicts that a model trained on 10× or 100× the compute of current 
frontier models would yield persuasion gains of +1.59 percentage 
points and +3.19 percentage points, respectively (relative to a baseline 
current frontier persuasion of 10.6 percentage points). This is smaller 
than the difference in persuasiveness that we observed between two 
equal-scale deployments of GPT-4o in study 3 that otherwise varied 
only in their post-training: 4o (March 2025) versus 4o (August 2024) 
(+3.50 percentage points in a head-to-head difference test, P < 0.001; 
supplementary materials, section 2.3.2). Thus, we observe that persua-
sive returns from model scale can easily be eclipsed by the type and 
quantity of developer post-training applied to the base model, espe-
cially at the frontier.

Persuasive returns to model post-training
Given these results, we next more systematically examine the effect of 
post-training on persuasiveness. We focus on post-training that is spe-
cifically designed to increase model persuasiveness [we called this 
persuasiveness post-training (PPT)] (RQ2). In study 2, we test two PPT 
methods. First, we used supervised fine-tuning (SFT) using a curated 
subset of the 9000 most persuasive dialogues from study 1 (see materi-

als and methods for inclusion crite-
ria) to encourage the model to copy 
previously successful conversational 
approaches. Second, we used 56,283 
additional conversations (covering 
707 political issues) with GPT-4o to 
fine-tune a reward model (RM; a ver-
sion of GPT-4o) that predicted belief 
change at each turn of the conversa-
tion, conditioned on the existing dia-
logue history. This allowed us to 
enhance persuasiveness by sampling 
a minimum of 12 possible AI responses 
at each dialogue turn, and choosing 
the response that the RM predicted 
would be most persuasive (materials 
and methods). We also examine the 
effect of combining these methods, 
using an SFT-​trained base model with 
our persuasion RM (SFT+RM). To
gether with a baseline (where no PPT 
was applied), this 2 × 2 design yields 
four conditions (base, RM, SFT, and 
SFT+RM), which we apply to both small 
(Llama3.1-8B) and large (Llama3.1-
405B) open-source models.

We find that RM provides signifi-
cant persuasive returns to these open-
source LLMs (pooled main effect, +2.32 
percentage points, P < 0.001, relative 
to a baseline persuasion effect of 7.3 
percentage points; Fig. 2A). By contrast, 
there were no significant persuasion 
gains from SFT (+0.26 percentage 
points, P = 0.230), and no significant 

Fig. 1. Persuasiveness of conversational AI increases with model scale. The persuasive impact in percentage points (versus 
control group) is shown on the y axis, plotted against effective pretraining compute [floating-point operations (FLOPs)]  
on the x axis (logarithmic scale). Point estimates are raw average treatment effects with 95% CIs. The black solid line 
represents the association across all models assuming a linear relationship, and colored lines show separate fits for models 
that we uniformly chat-tuned for open-ended conversation (purple) and models that were post-trained using heterogeneous, 
opaque methods by frontier AI developers (green). For proprietary models (GPT-3.5, GPT-4o, GPT-4.5, and Grok-3), where true 
scale is unknown, we used scale estimates published by research organization Epoch AI (59). pp, percentage points.
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interaction between SFT and RM (P = 0.558) (Fig. 2A). Thus, we find 
that PPT can substantially increase the persuasiveness of open-source 
LLMs and that RM appears to be more fruitful than SFT. Notably, ap-
plying RM to a small open-source LLM (Llama3.1-8B) increased its 
persuasive effect from model GPT-4o (August 2024) (see supplemen-
tary materials, section 2.4, for full output tables).

Finally, we also examine the effects of RM on developer post-trained 
frontier models. (Many of these models are closed-source, rendering 
SFT infeasible.) Specifically, we compare base versus RM-tuned mod-
els for GPT-3.5, GPT-4o (August 2024), and GPT-4.5 in study 2 and 
for GPT-4o (August 2024 and March 2025), GPT-4.5, and Grok-3 in 
study 3. We find that, on average, our RM procedure also increases 
the persuasiveness of these models (pooled across models, study 2 
RM: −0.08 percentage points, P = 0.864; study 3 RM: +0.80 percent-
age points, P < 0.001; precision-weighted average across studies: 
+0.63 percentage points, P = 0.003, relative to an average baseline 
persuasion effect of 9.8 percentage points; Fig. 2, B and C), although 
the effect increase is smaller than what we found for the open-source 
models. This could be a result of models with frontier post-training 
generating more consistent responses and thus offering less-variable 
samples for the RM to select between (supplementary materials, 
section 2.10).

How do models persuade?
Next, we examine which strategies underpin effective AI persuasion 
(RQ3). First, given widespread concern that AI systems will be able to 
microtarget their arguments to increase their persuasiveness for spe-
cific individuals (4, 22–25), we consider the effect of providing the LLM 
with information about the user (personalization). We test three per-
sonalization methods across studies: (i) prompt-based personalization, 
where participants’ initial attitude score (0 to 100 scale) and an open-
ended reflection explaining their initial attitude were appended to 
model prompts; (ii) SFT on personalized data, where models were 
post-trained on datasets containing participants’ attitudes and reflec-
tions plus nine pieces of demographics and political information (e.g., 
age, gender, political ideology, and party affiliation); and (iii) personal-
ized RM, where an RM was trained to select persuasive responses using 
all of the aforementioned personalization data during both training 
and inference (see materials and methods for further 
details). Pooling across all personalization methods 
and studies, the overall precision-weighted average 
effect of personalization (relative to no personaliza-
tion) is +0.43 percentage points (95% CI [0.22, 0.64]) 
(for a baseline comparison, the corresponding non-
personalized persuasive effect is 8.5 percentage 
points). Furthermore, across individual methods and 
studies, the effect of personalization is similarly sized 
and never exceeds +1 percentage point (supplemen-
tary materials, section 2.5). Thus, although we do 
find some evidence of persuasive returns to person-
alization, they are small compared with the magni-
tude of the persuasion gains that we document from 
model scale and post-training.

We then examined how the model’s rhetorical 
strategy affected persuasive success. In each conver-
sation, we randomized the LLM’s prompt to instruct 
it to use one of eight theoretically motivated strategies 
for persuasion, such as moral reframing (15, 29, 30), 
storytelling (16, 31, 32), deep canvassing (14, 33), and 
information-based argumentation (in which an em-
phasis is placed on providing facts and evidence) 
(34, 35), as well as a basic prompt (only instruction: 
“Be as persuasive as you can”). The persuasive im-
pact of each strategy, relative to the basic prompt, 
is shown in Fig. 3A. The prompt encouraging LLMs 

to provide new information was the most successful at persuading 
people: Compared against the basic prompt, the information prompt 
was +2.29 percentage points [1.84, 2.75] more persuasive, whereas 
the next-best prompt was only +1.37 percentage points [0.92, 1.81] 
more persuasive than the basic prompt (these are precision-weighted 
averages across studies; see supplementary materials, section 2.6.1, 
for breakdown by study). In absolute persuasion terms, the informa-
tion prompt was 27% more persuasive than the basic prompt (10.60 
percentage points versus 8.34 percentage points, P < 0.001). Notably, 
some prompts performed significantly worse than the basic prompt 
(e.g., moral reframing and deep canvassing; Fig. 3A). This suggests 
that LLMs may be successful persuaders insofar as they are encour-
aged to pack their conversation with facts and evidence that appear 
to support their arguments—that is, to pursue an information-based 
persuasion mechanism (35)—more so than using other psychologi-
cally informed persuasion strategies.

To further investigate the role of information in AI persuasion, we 
combined GPT-4o and professional human fact-checkers to count the 
number of fact-checkable claims made in the 91,000 persuasive con-
versations (“information density”) (materials and methods). {In a vali-
dation test, the counts provided by GPT-4o and human fact-checkers 
were correlated at correlation coefficient (r) = 0.87, 95% CI [0.84, 
0.90]; see materials and methods and supplementary materials, sec-
tion 2.8, for further details.} As expected, information density is con-
sistently largest under the information prompt relative to the other 
rhetorical strategies (Fig. 3B). Notably, we find that information den-
sity for each rhetorical strategy is, in turn, strongly associated with 
how persuasive the model is when using that strategy (Fig. 3B), which 
implies that information-dense AI messages are more persuasive. The 
average correlation between information density and persuasion is r = 
0.77 (Bayesian 95% CI [0.09, 0.99]), and the average slope implies that 
each new additional piece of information corresponded with an in-
crease in persuasion of +0.30 percentage points [0.23, 0.38] (Fig. 3B) 
(see materials and methods for analysis details).

Furthermore, across the many conditions in our design, we observe 
that factors that increased information density also systematically 
increased persuasiveness. For example, the most persuasive models 
in our sample (GPT-4o March 2025 and GPT-4.5) were at their most 

A B C

Fig. 2. PPT can substantially increase the persuasiveness of conversational AI. (A) Persuasive impact  
of Llama3.1-8B and Llama3.1-405B models under four conditions: SFT, RM, combined SFT + RM, and Base 
(no PPT). (B) Persuasive impact of Base and RM in study 2. (C) Persuasive impact of Base and RM in study 3. 
All panels show persuasive impact in percentage points (versus control group) with 95% CIs. In (A), Base 
refers to open-source versions of a model fine-tuned for open-ended dialogue but with no persuasion-
specific post-training; in (B) and (C), it refers to unmodified closed-source models deployed out of the box 
with no additional post-training. Models were prompted with one of a range of persuasion strategies. See 
materials and methods for training details.
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persuasive when prompted to use information (Fig. 3C). This prompt-
ing strategy caused GPT-4o (March 2025) to generate more than 25 
fact-checkable claims per conversation on average, compared with 
<10 for other prompts (P < 0.001) (Fig. 3D). Similarly, we find that 
our RM PPT reliably increased the average number of claims made 
by our chat-tuned models in study 2 (+1.15 claims, P < 0.001; Fig. 3E), 
where we also found it clearly increased persuasiveness (+2.32 per-
centage points, P < 0.001). By contrast, RM caused a smaller increase 
in the number of claims among developer post-trained models (e.g., 
in study 3: +0.32 claims, P = 0.053), and it had a correspondingly 
smaller effect on persuasiveness there (+0.80 percentage points, 

P < 0.001) (Fig. 3E). Finally, in a supplementary analysis, we conduct 
a two-stage regression to investigate the overall strength of this as-
sociation across all randomized conditions. We estimate that infor-
mation density explains 44% of the variability in persuasive effects 
generated by all of our conditions and 75% when restricting to de-
veloper post-trained models (see materials and methods for further 
details). We find consistent evidence that factors that most increased 
persuasion—whether through prompting or post-training—tended 
to also increase information density, which suggests that information 
density is a key variable driving the persuasive power of current AI 
conversation.

A B

C

D

E

Fig. 3. Persuasion increases with information density. (A) Of eight prompting strategies, the information prompt—instructing the model to focus on deploying facts and 
evidence—yields the largest persuasion gains across studies (dark points shown precision-weighted average effects across study chats). (B) Mean policy support and mean 
information density (number of fact-checkable claims per conversation) for each of our eight prompts in each study chat. The information prompt yields the greatest 
information density, which in turn strongly predicts persuasion (meta-analytic slope and correlation coefficients annotated inset). (C) The persuasive advantage of the most 
persuasive models (GPT-4o March 2025, GPT-4.5) over GPT-4o (August 2024) is largest when they are information prompted (see supplementary materials, section 2.6.2, for 
interaction tests). (D) Information prompting also causes a disproportionate increase in information density among the most persuasive models (see supplementary materials, 
section 2.6.2, for interaction tests). (E) Main effects of persuasion post-training (versus Base) on both information density and persuasion. Where PPT increases persuasiveness, 
it also reliably increases information density. In all panels, error bars are 95% CIs.
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How accurate is the information provided by the models?
The apparent success of information-dense rhetoric motivates our final 
analysis: How factually accurate is the information deployed by LLMs 
to persuade? To test this, we used a web search–enabled LLM (GPT-4o 
Search Preview) tasked with evaluating the accuracy of claims (on a 
0 to 100 scale) made by AI in the large body of conversations collected 
across studies 1 to 3. The procedure was independently validated by 
comparing a subset of its ratings with ratings generated by profes-
sional human fact-checkers, which yielded a correlation of r = 0.84 
(95% CI [0.79, 0.88]) (see materials and methods and supplementary 
materials, section 2.8, for details).

Overall, the information provided by AI was broadly accurate: 
Pooling across studies and models, the mean accuracy was 77/100, and 
81% of claims were rated as accurate (accuracy > 50/100). However, 
these averages obscure considerable variation across the models and 
conditions in our design. In Fig. 4A, we plot the estimated proportion 
of claims rated as accurate against model scale (in the supplemen-
tary materials, section 2.7, we show that the results below are substan-
tively identical if we instead analyze average accuracy on the full 0 to 
100 scale). Among chat-tuned models—where post-training is held 
constant while scale varies—larger models were reliably more accurate. 
However, at the frontier, where models vary in both scale and the 
post-training conducted by AI developers, we observe large variation in 
model accuracy. For example, despite being orders of magnitude larger 
in scale and presumably having undergone 
significantly more post-training, claims 
made by OpenAI’s GPT-4.5 (study 2) were 
rated inaccurate >30% of the time—a 
figure roughly equivalent to our much 
smaller chat-tuned version of Llama3.1-8B. 
Unexpectedly, we also find that GPT-3.5—​
a model released more than 2 years ear-
lier than GPT-4.5—made ~13 percentage 
points fewer inaccurate claims (Fig. 4A).

We document another disconcerting 
result: Although the biggest predictor of 
a model’s persuasiveness was the number 
of fact-checkable claims (information) that 
it deployed, we observe that the models 
with the highest information density also 
tended to be less accurate on average. First, 
among the most persuasive models in our 
sample, the most persuasive prompt—​that 
which encouraged the use of information—​
significantly decreased the proportion of 
accurate claims made during conversation 
(Fig. 4B). For example, GPT-4o (March 2025) 
made substantially fewer accurate claims 
when prompted to use information (62%) 
versus a different prompt (78%; differ-
ence test, P < 0.001). We observe similarly 
large drops in accuracy for an information-​
prompted GPT-4.5 in study 2 (56% versus 
70%; P < 0.001) and study 3 (72% versus 
82%; P < 0.001). Second, although applying 
RM PPT to chat-tuned models increased 
their persuasiveness (+2.32 percentage 
points, P < 0.001), it also increased their 
proportion of inaccurate claims (−2.22 
percentage points fewer accurate claims, 
P < 0.001) (Fig. 4C). Conversely, SFT on 
these same models significantly increased 
their accuracy (+4.89 percentage points, 
P < 0.001) but not their persuasiveness 
(+0.26 percentage points, P = 0.230). Third, 

we previously showed that new developer post-training on GPT-4o 
(March 2025 versus August 2024) markedly increased its persuasive-
ness (+3.50 percentage points, P < 0.001; Fig. 1); it also substantially 
increased its proportion of inaccurate claims (−12.53 percentage points 
fewer accurate claims, P < 0.001; Fig. 4A).

Notably, the above findings are equally consistent with inaccurate 
claims being either a by-product or cause of the increase in persuasion. 
We find some evidence in favor of the former (by-product): In study 2, 
we included a treatment arm in which we explicitly told Llama3.1-405B 
to use fabricated information (Llama3.1-405B- deceptive-info; Fig. 4A). 
This increased the proportion of inaccurate claims versus the standard 
information prompt (+2.51 percentage points, P = 0.006) but did not 
significantly increase persuasion (−0.73 percentage points, P = 0.157). 
Furthermore, across all conditions in our study, we do not find evidence 
that persuasiveness was positively associated with the number of inac-
curate claims after controlling for the total number of claims (see ma
terials and methods for details).

The impact of pulling all the persuasion levers at once
Finally, we examined the effect of a conversational AI designed for maxi-
mal persuasion considering all features—or “levers”—​examined in our 
study (model, prompt, personalization, and post-training). This can shed 
light on the potential implications of the inevitable use of frontier LLMs 
for political messaging “in the wild,” where actors may do whatever they 

A

B C

Fig. 4. Factors that made conversational AI more persuasive tended to decrease factual accuracy. (A) Proportion of 
AI claims rated as accurate (>50 on 0 to 100 scale) as a function of model scale. Chat-tuned models (purple) show 
increasing accuracy with scale, whereas developer post-trained models (green) exhibit high variance despite frontier 
scale. Notably, GPT-4.5 (study 2) and Grok-3 (study 3) achieve accuracy comparable to much smaller models. Note that 
some model labels have been removed for clarity. (B) The information prompt—the most effective persuasion strategy—
causes substantial accuracy decreases relative to other prompts, and disproportionate decreases among the most 
persuasive models (GPT-4o March 2025 and GPT-4.5) compared with GPT-4o August 2024 (see supplementary materials, 
section 2.6.2, for interaction tests). (C) Main effects of persuasion post-training (versus Base) on both accuracy and 
persuasion. Where PPT increases persuasiveness, it tends to decrease accuracy. In all panels, error bars are 95% CIs.
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can to maximize persuasion. For this analysis, we used a cross-fit ma-
chine learning approach to (i) identify the most persuasive conditions 
and then (ii) estimate their joint persuasive impact out-of-sample (see 
materials and methods for details). We estimate that the persuasive 
effect of such a maximal-persuasion AI is 15.9 percentage points on 
average (which is 69.1% higher than the 9.4 percentage points average 
condition that we tested) and 26.1 percentage points among partici-
pants who initially disagreed with the issue (74.3% higher than the 
15.2 percentage points average condition). These effect sizes are sub-
stantively large, even relative to those observed in other recent work 
on conversational persuasion with LLMs (36, 37). We further estimate 
that, in these maximal-persuasion conditions, AI made 22.5 fact-
checkable claims per conversation (versus 5.6 average) and that 30.0% 
of these claims were rated inaccurate (versus 16.0% average). Together, 
these results shed light on the level of persuasive advantage that could 
be achieved by actors in the real world seeking to maximize AI persua-
sion under current conditions. They also highlight the risk that AI 
models designed for maximum persuasion—even without explicitly seek-
ing to misinform—may wind up providing substantial amounts of 
inaccurate information.

Discussion
Despite widespread concern about AI-driven persuasion (1–13), the 
factors that determine the nature and limits of AI persuasiveness have 
remained unknown. In this work, across three large-scale experiments 
involving 76,977 UK participants, 707 political issues, and 19 LLMs, we 
systematically examined how model scale and post-training methods 
may contribute to the persuasiveness of current and future conver-
sational AI systems. Further, we investigated the effectiveness of various 
popular mechanisms hypothesized to increase AI persuasiveness—
including personalization to the user and eight theoretically motivated 
persuasion strategies—and we examined the volume and accuracy of 
more than 466,000 fact-checkable claims made by the models across 
91,000 persuasive conversations.

We found that, holding post-training constant, larger models tend 
to be more persuasive. Notably, however, the largest persuasion gains 
from frontier post-training (+3.50 percentage points between different 
GPT-4o deployments) exceeded the estimated gains from increasing 
model scale 10×—or even 100×—beyond the current frontier (+1.59 
percentage points and +3.19 percentage points, respectively). This 
implies that advances in frontier AI persuasiveness are more likely to 
come from new frontier post-training techniques than from increasing 
model scale. Furthermore, these persuasion gains were large in relative 
magnitudes; powerful actors with privileged access to such post-
training techniques could thus enjoy a substantial advantage from 
using persuasive AI to shape public opinion—further concentrating 
these actors’ power. At the same time, we found that subfrontier post-
training (in which an RM was trained to predict which messages will 
be most persuasive) applied to a small open-source model (Llama-8B) 
transformed it into an as- or more-effective persuader than frontier 
model GPT-4o (August 2024). Further, this is likely a lower bound on 
the effectiveness of RM: Our RM procedure selected conversational 
replies within—not across—prompts. Although this allowed us to iso-
late additional variance (in the persuasiveness of conversational re-
plies) not accounted for by prompt, it also reduced the variance 
available in replies for the RM to capitalize on. RM selecting across 
prompts could likely perform better. This implies that even actors with 
limited computational resources could use these techniques to poten-
tially train and deploy highly persuasive AI systems, bypassing devel-
oper safeguards that may constrain the largest proprietary models 
(now or in the future). This approach could benefit unscrupulous actors 
wishing, for example, to promote radical political or religious ideolo-
gies or foment political unrest among geopolitical adversaries.

We uncovered a key mechanism driving these persuasion gains: AI 
models were most persuasive when they packed their dialogue with 

information—fact-checkable claims potentially relevant to their argu-
ment. We found clear evidence that insomuch as factors such as model 
scale, post-training, or prompting strategy increased the information 
density of AI messages, they also increased persuasion. Moreover, this 
association was strong: Approximately half of the explainable variance 
in persuasion caused by these factors was attributable to the number 
of claims generated by the AI. The evidence was also consistent across 
different ways of measuring information density, emerging for both 
(i) the number of claims made by AI (as counted by LLMs and profes-
sional human fact-checkers) and (ii) participants’ self-reported percep-
tion of how much they learned during the conversation (supplementary 
materials, section 2.6.3).

Our result, documenting the centrality of information-dense argu-
mentation in the persuasive success of AI, has implications for key 
theories of persuasion and attitude change. For example, theories of 
politically motivated reasoning (38–41) have expressed skepticism 
about the persuasive role of facts and evidence, highlighting instead 
the potential of psychological strategies that better appeal to the group 
identities and psychological dispositions of the audience. As such, 
scholars have investigated the persuasive effect of various such strate-
gies, including storytelling (16, 31, 32), moral reframing (15, 29, 30), 
deep canvassing (14, 33), and personalization (4, 22–25), among others. 
However, a different body of work instead emphasizes that exposure 
to facts and evidence is a primary route to political persuasion—even 
if it cuts against the audience’s identity or psychological disposition 
(35, 36, 42, 43). Our results are consistent with fact- and evidence-
based claims being more persuasive than these various popular psy-
chological strategies (at least as implemented by current AI), thereby 
advancing this ongoing theoretical debate over the psychology of po-
litical information processing.

Furthermore, our results on this front build on a wider theoretical 
and empirical foundation of understanding about how people per-
suade people. Long-standing theories of opinion formation in psychol-
ogy and political science, such as the elaboration likelihood model (34) 
and the receive-accept-sample model (44), posit that exposure to sub-
stantive information can be especially persuasive. Moreover, the im-
portance that such theoretical frameworks attach to information-based 
routes to persuasion is increasingly borne out by empirical work on 
human-to-human persuasion. For example, recent large-scale experi-
ments support an “informational (quasi-Bayesian) mechanism” of 
political persuasion: Voters are more persuadable when provided with 
information about candidates who they know less about, and messages 
with richer informational content are more persuasive (42). Similarly, 
other experiments have shown that exposure to new information reli-
ably shifts people’s political attitudes in the direction of the informa-
tion, largely independent of their starting beliefs, demographics, or 
context (35, 43, 45). Our work advances this prior theoretical and 
empirical research on human-to-human persuasion by showing that 
exposure to substantive information is a key mechanism driving suc-
cessful AI-to-human persuasion. Moreover, the fact that our results are 
grounded in this prior work increases confidence that the mechanism 
that we identify will generalize beyond our particular sample of AI 
models and political issues. Insofar as information density is a key 
driver of persuasive success, this implies that AI could exceed the 
persuasiveness of even elite human persuaders, given their ability to 
generate large quantities of information almost instantaneously dur-
ing conversation.

Our results also contribute to the ongoing debate over the persua-
sive impact of AI-driven personalization. Much concern has been ex-
pressed about personalized persuasion after the widely publicized 
claims of microtargeting by Cambridge Analytica in the 2016 European 
Union (EU) referendum and US presidential election (46–48). In light 
of these concerns, there is live scientific debate about the persuasive 
effect of AI-driven personalization, with scholars emphasizing its 
outsized power and thus danger (22–24), whereas others find limited, 
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context-dependent, or no evidence of the effect of personalization 
(25, 49, 50) and argue that current concerns are overblown (51, 52). 
Our findings push this debate forward in several ways. First, we ex-
amined various personalization methods, from basic prompting [as in 
prior work, e.g., (36)] to more advanced techniques that integrated 
personalization with model post-training. Second, by using a much larger 
sample size than past work, we were able to demonstrate a precise sig
nificant effect of personalization that is ~+0.5 percentage points on 
average—thereby supporting the claim that personalization does make 
AI persuasion more effective [and even that small effects such as this 
can have important effects at scale; see, for example, (53)]. Third, how-
ever, we are also able to place this effect of personalization in a crucial 
context by showing the much larger effect on persuasiveness of other 
technical and rhetorical strategies that can be implemented by current 
AI. In addition, given that the success of personalization depends on 
treatment effect heterogeneity—that is, different people responding 
in different ways to different messages (54)—our findings support theo-
ries that assume small amounts of heterogeneity and challenge those 
that assume large heterogeneity (35). So, although our results suggest 
that personalization can contribute to the persuasiveness of conver-
sational AI, other factors likely matter more.

The centrality of information-dense argumentation in the per-
suasive success of AI raises a critical question: Is the information 
accurate? Across all models and conditions, we found that persuasive 
AI-generated claims achieved reasonable accuracy scores (77/100, 
where 0 = completely inaccurate and 100 = completely accurate), with 
only 19% of claims rated as predominantly inaccurate (≤50/100). 
However, we also document a troubling potential trade-off between 
persuasiveness and accuracy: The most persuasive models and prompt-
ing strategies tended to produce the least accurate information, and 
post-training techniques that increased persuasiveness also systemati-
cally decreased accuracy. Although in some cases these decreases were 
small (−2.22 percentage points: RM versus base among Llama models), 
in other cases they were large (−13 percentage points: GPT-4o March 
2025 versus GPT-4o August 2024). Moreover, we observe a concerning 
decline in the accuracy of persuasive claims generated by the most 
recent and largest frontier models. For example, claims made by GPT-
4.5 were judged to be significantly less accurate on average than 
claims made by smaller models from the same family, including GPT-
3.5 and the version of GPT-4o released in the summer of 2024, and 
were no more accurate than substantially smaller models such as 
Llama3.1-8B. Taken together, these results suggest that optimizing 
persuasiveness may come at some cost to truthfulness, a dynamic that 
could have malign consequences for public discourse and the informa-
tion ecosystem.

Finally, our results conclusively demonstrate that the immediate 
persuasive impact of AI-powered conversation is significantly larger 
than that of a static AI-generated message. This contrasts sharply with 
the results of recent smaller-scale studies (55) and suggests a potential 
transformation of the persuasion landscape, where actors seeking to 
maximize persuasion could routinely turn to AI conversation agents in 
place of static one-way communication. This result also validates the 
predictions of long-standing theories of human communication that 
posit that conversation is a particularly persuasive format (56–58) and 
extends prior work on scaling AI persuasion by suggesting that conver
sation could enjoy greater returns to scale compared with static mes-
sages (26).

What do these results imply for the future of AI persuasion? Taken 
together, our findings suggest that the persuasiveness of conversa-
tional AI could likely continue to increase in the near future. However, 
several important constraints may limit the magnitude and practical 
effect of this increase. First, the computational requirements for con-
tinued model scaling are considerable: It is unclear whether or how 
long investments in compute infrastructure will enable continued scal-
ing (59–61). Second, influential theories of human communication 

suggest that there are hard psychological limits to human persuad-
ability (57, 58, 62, 63); if so, this may limit further gains in AI persua-
siveness. Third, and perhaps most relevantly, real-world deployment 
of AI persuasion faces a critical bottleneck: Although our experiments 
show that lengthy, information-dense conversations are most effective 
at shifting political attitudes, the extent to which people will volun-
tarily sustain cognitively demanding political discussions with AI sys-
tems outside of a survey context remains unclear [e.g., owing to lack 
of awareness or interest in politics and competing demands on atten-
tion (64–66)]. Preliminary work suggests that the very conditions that 
make conversational AI most persuasive—sustained engagement with 
information-dense arguments—may also be those most difficult to achieve 
in the real world (66). Thus, although our results show that more ca-
pable AI systems may achieve greater persuasive influence under con-
trolled conditions, the upper limit and practical impact of these 
increases is an important topic for future work.

We note several limitations. First, our sample of participants was a 
convenience sample and not representative of the UK population. 
Although this places some constraints on the generalizability of our 
estimates, we do not believe that these are strong constraints, for several 
reasons. First, applying census weights in our key analyses to render 
the sample representative of the UK along age, sex, and education 
yields substantively identical results as the unweighted analysis (sup-
plementary materials, section 2.3.3). Second, previous work has indi-
cated that treatment effects estimated in survey samples of crowdworkers 
correlate strongly with those estimated in nationally representative 
survey samples (67, 68). This suggests that, even if absolute effect sizes 
do not generalize well, the relative effect sizes of different treatment 
factors (e.g., prompting, post-training, personalization, etc.) are likely 
to do so. Third, the sample of participants is just one (albeit important) 
dimension affecting the generalizability of a study’s results. Other im-
portant dimensions in our context include, for example, the sample of 
political issues on which persuasion is happening and the sample of 
AI models doing the persuasion—and our design incorporates an un-
usually large and diverse sample of both political issues (700+ span-
ning a wide breadth of issue areas) and AI models (19 LLMs, spanning 
various model families and versions) [for further discussion, see (69)]. 
A second limitation is that, although we found that the persuasive 
effects of various psychological strategies (such as storytelling and 
deep canvassing) were smaller than instructing the model to deploy 
information, it is possible that these psychological strategies are at a 
specific disadvantage when implemented by AI (versus humans)—for 
example, if people perceive AI as less empathic (70). Furthermore, and 
relatedly, we emphasize that our evidence does not demonstrate that 
these psychological strategies are less effective in general, but, rather, 
that they are just less effective as implemented by the LLMs in our 
context. A third limitation is that some recent work has suggested that 
LLMs are already experiencing diminishing returns from model scal-
ing (26); thus, the observed effect of model scale on persuasiveness 
may well have been more pronounced in earlier generations of LLMs 
and may increase in magnitude as new architectures emerge.

Our findings clarify where the real levers of AI persuasiveness 
lie—and where they do not. The persuasive power of near-future AI 
is likely to stem less from model scale or personalization and more 
from post-training and prompting methods that mobilize LLMs’ use 
of information. As both frontier and subfrontier models grow more 
capable, ensuring that this power is used responsibly will be a critical 
challenge.

Materials and methods are available in the supplementary materials.
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