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Abstract

As Large Language Models (LLMs) become in-
creasingly persuasive, their ability to shape be-
liefs and behaviour at scale has raised concerns,
prompting regulatory attention and calls for ro-
bust evaluation frameworks. Human-participant
studies provide ecological validity but are costly,
slow, and constrained by ethical challenges, mak-
ing them impractical for systematic assessment
of rapidly evolving systems. As an alternative,
fully automated evaluation methods requiring no
human involvement enable reproducible, fast, and
ethically unconstrained large-scale testing. To or-
ganise this rapidly growing literature and inform
future research and development, we provide the
first systematic taxonomy of 30 automated meth-
ods across 27 papers, examining their designs,
human validation results, limitations, and associ-
ated risks.

1. Introduction
Persuasion is central to human interaction across social,
commercial, and public spheres, shaping processes as di-
verse as political campaigning, marketing, health communi-
cation, and public deliberation (Bassi et al., 2024). In the
digital era, algorithmic curation, personalised content de-
livery, and persuasive system design have made persuasion
increasingly computational and data-driven (Fogg, 2003;
Bassi et al., 2024). This shift has culminated in the emer-
gence of “synthetic persuasion”: LLMs acting as interactive
agents that can tailor arguments, mimic affect, and adapt
across multi-turn dialogue (Bozdag et al., 2026; Breum
et al., 2024; Doudkin et al., 2025). Whereas persuasion
was previously either personalised (one-on-one) or scalable
(mass media), LLMs enable both simultaneously, delivering
automated, interactive, and hyper-personalised influence at
scale.

1Anonymous Institution, Anonymous City, Anonymous Re-
gion, Anonymous Country Correspondence to: Anonymous Au-
thor <anon.email@domain.com>.
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Empirical evidence indicates that frontier LLMs are becom-
ing increasingly persuasive, in some settings matching or
even exceeding human performance (Rogiers et al., 2024).
Studies in 2024 showed LLM persuasive abilities rapidly ap-
proaching human performance across a range of controlled
settings (Ma et al., 2025; Salvi et al., 2025; Durmus et al.,
2024). By 2025, this trend had accelerated: several studies
documented persuasion parity, or even superiority, relative
to humans (Meguellati et al., 2025; Becker et al., 2025; Li
et al., 2025; Maier et al., 2025). These developments expand
both the potential benefits, such as supporting education or
public health, and the risks, including manipulation and
undue influence – flagged explicitly by the International AI
Safety Report (Bengio et al., 2025; 2026). As LLMs become
embedded in digital platforms at scale, their ability to shape
beliefs and behaviour raises urgent concerns for cognitive
autonomy, democratic discourse, and societal governance.
Their possible impact on public discourse has prompted
regulatory attention, reflected in the EU AI Act (European
Parliament and Council of the European Union, 2024) and
the complementary Code of Practice for General Purpose
AI (European Commission, 2025), motivating the need for
robust, scalable evaluation frameworks that enable early risk
detection and inform the design of effective safeguards.

Early research on LLM persuasiveness evaluation relied
primarily on human-participant experiments (Singh et al.,
2024; Durmus et al., 2024; OpenAI, 2024), which provide
ecological validity but suffer from practical and method-
ological limitations. Human trials are slow, expensive, and
constrained by small, often homogeneous participant pools
(Salvi et al., 2025). They cannot feasibly test high-risk sce-
narios due to ethical constraints, and struggle to capture the
full behavioural space of modern LLMs, including multi-
session interactions, adversarial dynamics, or large-scale
personalised messaging – making them insufficient as a
standalone evaluation approach for increasingly capable and
widely deployed LLMs.

To overcome these limitations, research has increasingly
turned towards automated evaluation methods. They enable
controlled, reproducible, and large-scale assessment, includ-
ing high-risk and ethically challenging scenarios. However,
such methods introduce their own challenges and limita-
tions; understanding them is essential to ensure that au-
tomated evaluation becomes a reliable avenue for LLM
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assessment.

Existing surveys focus on ethical risks, human-subject
methodologies, persuasion detection, or conceptual tax-
onomies (Jones & Bergen, 2026; Bozdag et al., 2026; Ro-
giers et al., 2024; Bassi et al., 2024). However, whilst some
briefly mention automated approaches, none critically as-
sess their methodological design or reliability. To address
this gap, we provide the first systematic review of fully au-
tomated LLM persuasion evaluation methods, examining
their designs, empirical validity, and limitations.

Contributions This structured review provides: (1) the
first systematic review of fully automated LLM persua-
siveness evaluation methods, analysing evaluation archi-
tectures and validation practices (Section 2); (2) a struc-
tured taxonomy categorising methods into different types
of dataset- and simulation-based approaches (Section 3);
(3) an overview of human validation examining alignment
with human judgements (Section 4); and (4) synthesis of
core challenges (Sections 5), associated risks (Sections 5.2),
and future research directions (Sections 5.3). This work is
accompanied by a centralised resource hub of datasets and
codebases for LLM persuasion evaluation. 1

2. Methodology
This section presents the methodology used to identify and
synthesise automated LLM persuasion evaluation methods.

Scope & Definitions This paper focuses on the automated
evaluation of LLMs’ ability to influence human beliefs, at-
titudes, and behaviour through text-based communication.
We use persuasion as an umbrella term encompassing all
forms of communicative influence, including manipulation
and deception, when used as a persuasive technique, fol-
lowing Jones & Bergen (2026). Persuasion is defined as “a
successful intentional effort at influencing another’s mental
state through communication in a circumstance in which
the persuadee has some measure of freedom” (O’Keefe,
2015), where intentionality means the output was designed,
prompted, or optimised to exert persuasive influence (Jones
& Bergen, 2026). Further definitions and conceptual rela-
tions are discussed in Appendix A.

Eligibility Criteria Studies were included if they: (1)
evaluated LLM persuasiveness using fully automated meth-
ods (no human involvement during evaluation); (2) were
published between 2021 and 2025; and (3) were written in
English. Peer-reviewed publications, preprints, and techni-
cal reports were all considered for a comprehensive cover-
age of this rapidly evolving field. Eligibility clarifications
can be found in Appendix B.1.

1An anonymised preview can be found in the Appendix C.

Figure 1. The taxonomy of automated LLM persuasion evalua-
tion methods. Blue boxes indicate the main scope of this paper.
Numbers in parentheses indicate the method count per category
(n = 30 total , see Table 1 for details).

AUTOMATED TEXTUAL PERSUASION EVALUATION

TEXT PERSUASIVENESS

LLM PERSUASIVENESS

DATASET-BASED METHODS

PROMPT-BASED (4)

SUPERVISED MODELS (3)

SIMULATION-BASED METHODS

DIALOGUE SIMULATIONS

SINGLE-TURN (5)

MULTI-TURN (9)

MIXED (3)

GAME SIMULATIONS (6)

Search Strategy We searched Scopus, ACL Anthology,
and ArXiv (10 January 2026) using keyword queries, supple-
mented by LLM-assisted filtering, LLM-assisted search and
backwards reference searching (detailed search strategy in
Appendix B.2). After deduplication and manual screening,
we identified 27 papers containing 30 distinct evaluation
methods.

Synthesis The final set of 27 studies was reviewed using
a structured extraction framework. For each, we recorded
the details of the evaluation design, the task domain, the
type of metrics used, and human validation (if any). These
dimensions were summarised in a comparative table and
then synthesised to identify recurrent methodological pat-
terns (see Table 1). This process led to a set of recurring
categories, which form the basis of the taxonomy presented
in Section 3.

3. Automated LLM Persuasion Evaluation
Methods

We propose a taxonomy of automated persuasion evaluation
methods for LLMs, displayed in Figure 1. At a high level,
Automated Textual Persuasion Evaluation is split into two
categories based on their primary evaluative focus: Text
Persuasiveness (Section 3.1) and LLM Persuasiveness.
Methods under LLM Persuasiveness are model-centric, eval-
uating the model’s performance as a persuader. In contrast,
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Text Persuasiveness evaluation methods are content-centric
and source-agnostic: they aim to assess the persuasiveness
of any text. Although some model-centric methods are tech-
nically capable of assessing arbitrary text, they are assigned
to the LLM Persuasiveness category because their design
objectives, evaluation setups, and reported findings all cen-
tre on measuring LLM persuasive capabilities. Although
this survey focuses on model-centric evaluation methods, it
also includes a brief overview of Text Persuasiveness meth-
ods (Section 3.1), as these approaches remain relevant for
model-level evaluation.

The LLM Persuasiveness category is further divided into
Dataset-based (Section 3.2) and Simulation-based (Sec-
tion 3.3) methods. Dataset-based methods measure persua-
sion using a fixed dataset as the key element of the evalu-
ation framework and are further categorised into Prompt-
based Methods (Section 3.2.1) and Supervised Scoring
Models (Section 3.2.2). Simulation-based approaches as-
sess persuasion through interactive, LLM-driven scenarios,
with either Game-based (Section 3.3.2) or Dialogue-based
(Section 3.3.1) setups, the latter further split into Single-
turn, Multi-turn, or Mixed. A consolidated overview of
all reviewed evaluation methods within these categories is
provided in Table 1.

3.1. Automated Evaluation of Text Persuasiveness

We begin with text-centric methods that assess the persua-
siveness of any text, irrespective of its source. Evaluating
how persuasive an argument is, remains a persistent chal-
lenge in Natural Language Processing (NLP) (Bozdag et al.,
2026), typically approached via absolute (judging a single
text independently) or relative (comparing texts pairwise)
evaluation. Early work employed supervised models trained
on pairwise judgments (Habernal & Gurevych, 2016; Simp-
son & Gurevych, 2018), later advancing to fine-tuned trans-
formers for both pairwise and absolute scoring (Toledo et al.,
2019; Pauli et al., 2025). Recent approaches employ LLM-
as-a-judge (or LLM-judge) methods (Rescala et al., 2024),
though their superiority over classical regression models
trained on lexical features remains contested (Barkar et al.,
2025). While these methods can assess LLM-generated text,
they focus on static content rather than the dynamic persua-
sive capabilities examined in the following model-centric
approaches.

3.2. Dataset-Based Methods

Dataset-based persuasion evaluation methods treat a given
benchmark dataset as the central element of the evaluation
framework. These approaches leverage fixed corpora, either
containing real-world behavioural or synthetic data, and fall
into two subcategories: (1) Prompt-based Methods that use
LLM-judges for dataset-grounded argument evaluation, and

(2) Supervised Models that are trained on labelled datasets
to predict persuasiveness.

3.2.1. PROMPT-BASED METHODS

Prompt-based methods use LLMs as zero-shot or few-shot
judges, relying on prompting rather than trained models.
Four studies assessed persuasiveness via LLM-judge se-
tups that perform either pairwise comparisons or absolute
scoring. Jin et al. (2024) evaluated their fine-tuned persua-
sive model against dataset arguments, measuring win rates.
Yeginbergen et al. (2025) assessed counter-argument gen-
eration effectiveness across five dimensions (incl. persua-
siveness), ranking outputs by summed LLM-judge scores.
Taking a different angle, Elaraby et al. (2024) evaluated
not the arguments themselves but the persuasiveness of
LLM-generated rationales for pairwise argument ranking
decisions, using an LLM-judge to compute an average per-
suasive rank per model. Finally, using a dataset of social
media post pairs (from the platform formerly known as
Twitter, now X) Singh et al. (2024) evaluated LLM persua-
siveness across two dimensions: (1) generative capabilities
(rewriting content to increase persuasiveness or adapt it
for different audiences), assessed via Elo-style ratings in an
arena-style tournament using a trained Oracle judge; (2) sim-
ulative capabilities (predicting absolute and relative content
engagement levels), assessed via standard accuracy metrics
and motivated by the argument that effective persuasion
generation requires self-evaluation capabilities.

3.2.2. SUPERVISED MODELS

Rather than relying on LLMs as evaluators, three studies
employed trained models as automated evaluators. Pauli
et al. (2025) focused on comparative assessment, train-
ing a DeBERTaV3 regression model on human-annotated
text pairs (Persuasive-Pairs) to measure relative persuasive-
ness changes in LLM rewrites – capturing whether rewrites
strengthen or weaken the original argument. Going beyond
relative comparison, Song & Wang (2024) trained a BERT-
based neural regression model on actual donation amounts
(PersuasionForGood) to predict absolute persuasive effec-
tiveness in human-human charity dialogues. Finally, Jaiper-
saud et al. (2025) shifted focus from outcome-based scoring,
proposing linear probes trained on frozen LLM activations
from synthetic multi-turn dialogues to classify persuasion
success at the token, turn, and conversation levels.

3.3. Simulation-Based Methods

Simulation-based methods assess persuasion through inter-
active LLM-driven scenarios, capturing dynamic behaviour
absent from static dataset-based evaluations. These ap-
proaches vary considerably in design, ranging from struc-
tured dialogues between persuader and persuadee agents,
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Table 1. Summary of the reviewed automated LLM persuasiveness evaluation methods. For research papers employing multiple techniques,
the specific method is additionally listed in the Study column. The papers are ordered by category, as discussed in Section 3.

STUDY EVALUATOR METRICS
JIN ET AL. LLM-JUDGE WIN RATE

YEGINBERGEN ET AL. LLM-JUDGE RANKING (SUMMED SCORES ACROSS 5 DIMENSIONS)
ELARABY ET AL. LLM-JUDGE AVERAGE PERSUASIVE RANK

SINGH ET AL. ORACLE JUDGE,
GROUND-TRUTH COMPARISON

ELO RATING, PREDICTION ACCURACY

PAULI ET AL. REGRESSION MODEL RELATIVE PERSUASIVENESS SCORE

D
A

TA
SE

T-
B

A
SE

D

SONG & WANG REGRESSION MODEL PREDICTED DONATION AMOUNT

JAIPERSAUD ET AL. LINEAR PROBE PERSUASION SUCCESS PROBABILITY

BREUM ET AL. SELF-REPORTED SUCCESS PROBABILITY

JU ET AL. SELF-REPORTED SUCCESS RATE

HE ET AL. SELF-REPORTED SUCCESS RATE

DURMUS ET AL. SELF-REPORTED STANCE CHANGE

SI
N

G
L

E
-T

U
R

N

NAMIKOSHI ET AL. SELF-REPORTED STANCE CHANGE

MakeMeSay OPENAI RULE-BASED WIN RATE

MakeMePay OPENAI RULE-BASED WIN RATE, DOLLAR EXTRACTION RATE

KIM ET AL. RULE-BASED SUCCESS RATE, SALES-WIN-RATE

RAMANI ET AL. RULE-BASED, LLM-JUDGE,
SELF-REPORTED

SUCCESS RATE, PERSUASIVENESS SCORE, STANCE CHANGE

Bargaining ZHU ET AL. LLM-JUDGE TASK SCORE (SUCCESS)
LIU ET AL. LLM-JUDGE EFFECTIVENESS SCOREM

U
LT

I-
T

U
R

N

WANG ET AL. LLM-JUDGE, RULE-BASED MOTIVATION & CONFIDENCE CHANGE, TIME-TO-SUCCESS

YAO ET AL. SELF-REPORTED NORMALISED PERSUASIVENESS SCORE, AUC METRIC

Persuasion HONG ET AL. SELF-REPORTED AVERAGE DONATION AMOUNT

BOZDAG ET AL. SELF-REPORTED STANCE CHANGE (SUCCESS & SUSCEPTIBILITY)
CHENG & YOU SELF-REPORTED STANCE CHANGE

SI
M

U
L

A
T

IO
N

-B
A

SE
D

M
IX

E
D

DOUDKIN ET AL. SELF-REPORTED, RULE-BASED BELIEF & BEHAVIOUR CHANGE

IDZIEJCZAK ET AL. GAME RULES WIN RATE

AvalonBench HONG ET AL. GAME RULES WIN RATE

BAILIS ET AL. GAME RULES WIN RATE, PERFORMANCE METRICS

Werewolf ZHU ET AL. SCORING RULES, LLM-JUDGE COMMUNICATION, PLANNING & TASK SUCCESS SCORES

COSTA & VICENTE GAME RULES, THEORETICAL
MODEL

WIN RATE, CAPABILITY SCORES (INCL. DECEPTION)

G
A

M
E

-B
A

SE
D

DUFFY ET AL. SELF-REPORTED RELATIONSHIP CHANGE (FREQUENCY AND MAGNITUDE)

discussed in Section 3.3.1, to competitive game-based set-
tings, discussed in Section 3.3.2.

3.3.1. DIALOGUE-BASED METHODS

Dialogue-based methods simulate persuader–persuadee in-
teractions, with persuadees conditioned on personas or quan-
tified belief states and instructed to update their stance
throughout or after the interaction. The methods are or-
ganised by interaction complexity (single-turn, multi-turn,
or mixed).

Methods employing Single-turn interactions Five stud-
ies measure LLM persuasiveness through single-turn inter-
actions using LLM persuadee self-reported metrics. Three
employ binary acceptance metrics (accept or reject argu-
ment). Breum et al. (2024) computed persuasion success
probability against persuadees with varying stubbornness

levels, Ju et al. (2025) measured success rate on factually
incorrect claims, and He et al. (2025) measured argument
success rates across four persuasion methods (two Bayesian
Persuasion (BP) variants and two non-BP baselines). Two
remaining methods use more granular measures: Durmus
et al. (2024) measured stance shifts on a 1–7 Likert scale,
while Namikoshi et al. (2024) tracked preference changes
on a 0–100 scale.

Methods employing Multi-turn interactions Nine stud-
ies employed multi-turn interactions to capture persuasion
as an iterative and adaptive process. These settings allow
persuader agents to adjust strategies, respond to resistance,
and build influence over time – features that cannot be ob-
served in single-turn evaluations.

Four methods used rule-based outcome metrics. OpenAI’s
MakeMePay and MakeMeSay (OpenAI, 2024) measured

4
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deceptive persuasion through payment extraction metrics
(frequency and dollar amount) and covert codeword elici-
tation under strict win conditions, respectively. Kim et al.
(2025) measured success rates and sales-win-rates (propor-
tion of accepted items exceeding budget) using user agents
constructed from real Amazon purchase histories. Also ex-
ploring sales scenarios, Ramani et al. (2024) combined three
evaluation types via weighted average: rule-based purchase
decisions (highest weight), self-reported belief changes, and
LLM-judge persuasiveness scores.

Three methods employed LLM-judge evaluation. Zhu
et al. (2025) assessed multi-agent bargaining through LLM-
scored interaction transcripts of seller and buyer LLMs.
Exploring high-risk scenarios, Liu et al. (2025) measured
both the model’s willingness to refuse unethical persuasion
requests and, for non-refused interactions, overall persua-
sion effectiveness via LLM-judge (5-point scale), assessing
argument quality, adaptability, and persuadee belief change.
Wang et al. (2025) tracked therapeutic behaviour change
in addiction recovery simulations through multi-session in-
teractions with persistent patient states and environmental
stressors, measuring motivation, confidence changes and
time-to-success via rubric-based LLM-judge.

Two methods relied on self-reported metrics. Yao et al.
(2026) evaluated healthcare persuasion for insulin pump
adoption using clinically-grounded patient agents across
single- and multi-visit scenarios with reflection or social
resistance, measuring persuasiveness through self-reported
ratings and AUC metrics. Finally, Hong et al. (2025) as-
sessed charitable giving dialogues with persuadees selecting
donation amounts at the end of the interactions.

Methods employing both Single and Multi-turn inter-
actions Three studies contrasted single- and multi-turn
interaction formats to evaluate how persuasion effective-
ness shifts across interaction lengths. Bozdag et al. (2025)
measured self-reported agreement on 5-point Likert scales
across two domains: subjective claims (social/political is-
sues) and misinformation (factual inaccuracies). Cheng &
You (2025) formalised persuasion using game theory, mea-
suring stance shifts on 7-point scales. Finally, Doudkin
et al. (2025) compared persuasion effectiveness across three
participant types (real humans, simulated humans from real
data, and fully synthetic personas) exposed to static state-
ments, non-personalised chat, or personalised chat with four
persuasion strategies, measuring belief, behaviour change
primarily from pre- and post-intervention surveys and a
behavioural task.

3.3.2. GAME-BASED METHODS

Six studies evaluated persuasion within competitive game
scenarios. Five employed social deduction games in arena-

style tournaments where LLMs with assigned roles com-
peted using persuasion and deception: Bailis et al. (2024)
and Zhu et al. (2025) employed Werewolf game variations,
Idziejczak et al. (2025) used Among Us, Costa & Vicente
(2025) – Mini-Mafia, and Hong et al. (2025) – Resistance
Avalon. Evaluation primarily relied on win rates, with Bailis
et al. (2024) additionally measuring role-specific perfor-
mance and bid-based turn-taking as persuasive intent indi-
cators, Zhu et al. (2025) scoring multiagent coordination
through communication and planning, and Costa & Vicente
(2025) used Bayesian inference on tournament win rates
to estimate deception, detection, and disclosure capability
scores. Duffy et al. (2026) evaluated persuasion in Diplo-
macy, distinct from social deduction games in that all board
information is public. They measured allegiance shift fre-
quency and magnitude on a 5-level scale in scenarios where
the persuader was preset as an enemy.

4. Human Validation of Automated Persuasion
Evaluation

Human validation gives insight into the extent to which au-
tomated persuasion evaluation metrics align with human
judgements and behaviour. While critical for grounding
automated metrics, human validation is limited and incon-
sistent across the reviewed literature. Less than half of
reviewed methods (13/30) include human validation of their
persuasiveness assessment methods. Notably, none of the
six game-based methods validated persuasiveness against
human responses, leaving their relevance for modelling
human persuasion outcomes unexamined. Among vali-
dated methods, argument persuasiveness judgments showed
strong alignment with human assessments, while belief
change and behavioural outcome prediction demonstrated
substantial variability. A comparative overview is provided
in Table 2.

Argument persuasiveness judgement validation Four
studies validated argument persuasiveness against human
judgments. Pauli et al. (2025) trained a regression model
on annotator 6-point Likert ratings of text pair persuasive-
ness, achieving strong correlation with held-out human
judgments (Spearman ρ = 0.845). Elaraby et al. (2024)
found LLM-judge rankings largely agreed with human eval-
uators on rationale persuasiveness ordering. Yeginbergen
et al. (2025) reported strong correlation across three LLM-
judges with human ratings on counter-argument quality (up
to ρ = 0.82 for Claude 3.5 Sonnet). Furthermore, He et al.
(2025) found strong alignment between human evaluators
and LLM-judges, confirming that computationally derived
success rates for Bayesian Persuasion (BP) models accu-
rately reflect real-world human-perceived persuasiveness
over baselines.
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Table 2. Human validation summary for the reviewed studies. Alignment is rated High (≥ 80% agreement or equivalent correlation),
Moderate (∼ 50–80%), or Low (no significant or negative correlation with human judgements).

STUDY WHAT WAS VALIDATED? ALIGNMENT
PAULI ET AL. RELATIVE PERSUASIVENESS SCORING (REGRESSION MODEL) HIGH

ELARABY ET AL. LLM-JUDGE PERSUASIVENESS RANKINGS HIGH

YEGINBERGEN ET AL. LLM-JUDGE MULTI-DIMENSIONAL COUNTER-ARGUMENT SCORING HIGH

HE ET AL. LLM-JUDGE ARGUMENT SCORING ACROSS 5 RHETORICAL DIMENSIONS HIGHA
R

G
U

M
E

N
T

KIM ET AL. BEHAVIOURAL OUTCOME (PURCHASE DECISIONS) HIGH

YAO ET AL. RELIABILITY OF SELF-REPORTED PERSUASION RATINGS HIGH

CHENG & YOU PERSUADEE BELIEF UPDATE DIRECTION AND MAGNITUDE HIGH

JAIPERSAUD ET AL. PERSUASION TRAJECTORY ACCURACY, LABEL ALIGNMENT HIGH

SINGH ET AL. ORACLE JUDGE RELIABILITY HIGH

ENGAGEMENT PREDICTION ACCURACY MODERATE

SONG & WANG DONATION AMOUNT PREDICTION (REGRESSION MODEL) LOW

NAMIKOSHI ET AL. SIMULATED PERSUADEE ATTITUDE ALIGNMENT LOW

DURMUS ET AL. SIMULATED BELIEF SHIFT ACCURACY LOWB
E

L
IE

F
/B

E
H

AV
IO

U
R

DOUDKIN ET AL. HUMAN SUSCEPTIBILITY MODELLING ACCURACY LOW

Belief change and behavioural outcome validation Five
out of nine validated methods showed strong alignment
with human judgements. Kim et al. (2025) found over 90%
agreement between simulators and humans on both rec-
ommendation acceptance and out-of-budget purchase de-
cisions, Yao et al. (2026) achieved 90% expert agreement
on simulated patient rating change justifiability, and Cheng
& You (2025) found 85.23% accuracy for belief update
direction reasonableness (45 Prolific annotators). Jaiper-
saud et al. (2025) validated linear probes against actual
donation outcomes (AUROC) on the PersuasionForGood
dataset, finding peak performance at conversation midpoint
(turns 8–12), matching when humans typically signal dona-
tion intent. Probes also correctly assigned higher persuasion
probabilities to utterances human annotators had labelled
as persuasive. Finally, to validate predicting persuasive im-
pact, Singh et al. (2024) trained a model achieving 80.9%
pairwise accuracy on 1.57 million post pairs. The validation
of its cross-domain performance was considered success-
ful, matching or exceeding frontier models on social media
and market blog engagement, as well as opinion change
prediction in online debates. Additionally, the Oracle judge
achieved 82.3% accuracy in pairwise engagement judge-
ment, and arena Elo rankings were confirmed consistent
with large-scale human feedback studies.

Results were not uniformly strong, however. Song & Wang
(2024) found low correlation (r = 0.31) between predicted
and actual donation amounts from human-to-human dia-
logues. Namikoshi et al. (2024) found weak alignment
(r = 0.22, ρ = 0.23) when comparing LLM virtual partic-
ipants against human survey responses on battery-electric
vehicle interventions, with virtual participants exhibiting
systematically higher pro-environmental preferences and
failing to capture low preferences or large shifts. Durmus
et al. (2024) found significant misalignment when 3,832

human participants’ belief shifts (1-7 Likert scale) were
compared against model simulations, attributing failure to
model sycophancy, self-generated argument bias, and lack
of pragmatic reasoning. Most strikingly, Doudkin et al.
(2025) identified a “synthetic persuasion paradox” through
a randomised controlled trial (RCT) comparing 1,200 real
humans against 1,200 simulated humans (based on real data)
and 1,200 synthetic personas on pro-environmental inter-
ventions. Both synthetic and simulated agents exhibited
exaggerated susceptibility, artificially inflating effect sizes,
with strong negative correlation between synthetic and hu-
man responses. Simulated agents (grounded in real data)
provided better directional approximation but still failed to
capture human cognitive inertia.

5. Challenges, Risks & Future Directions
This section synthesises key challenges and limitations
across automated LLM persuasion evaluation methods, ex-
amines associated risks, and outlines future directions.

5.1. Challenges

Scope Limitations Current frameworks exhibit narrow
demographic reach, focusing heavily on Western, English-
only contexts, with evaluations often restricted to niche do-
mains (charity donations, crowdfunding, specific social me-
dia platforms), limiting generalisability and cross-domain
comparison (Bozdag et al., 2026; Singh et al., 2024). These
limitations affect all methods throughout the taxonomy.

Human Validation and Alignment Many methods lack
robust human validation or rely on narrow annotator pools
(Pauli et al., 2025). Fewer than half of the reviewed meth-
ods have human validation, with around a third of these
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showing weak alignment with human judgements, under-
mining confidence in their real-world applicability. This
weak alignment revealed through human validation stud-
ies (in Section 4) stems largely from the synthetic-human
mismatch – the discrepancy in how simulated LLM agents
respond to persuasion compared to humans. Doudkin et al.
(2025) identified a “synthetic persuasion paradox” where
both synthetic and simulated agents exhibited exaggerated
susceptibility. Durmus et al. (2024) found similar misalign-
ment, attributing it to sycophantic tendencies in LLMs. Even
personalised profiles fail to replicate human cognitive vari-
ability, emotional inertia, and contextual reasoning, limiting
LLM-to-LLM evaluations as proxies for human persuasion
(Bozdag et al., 2025; Wang et al., 2025).

Measurement Reliability A further limitation concerns
the reliability of the automated measurement instruments,
particularly LLM-judge and self-evaluating persuadee
agents. LLM-judges often fail to accurately assess persua-
sive dimensions in zero-shot settings: Barkar et al. (2025)
showed regression models utilising hand-crafted lexical
features can outperform LLM judges, while Bozdag et al.
(2025) reported only 50% accuracy in pairwise argument
ranking. Self-reported measures face different problems:
sycophancy and self-generated bias distort results (Durmus
et al., 2024). Beyond evaluator issues, metrics often lack
granularity to capture persuasion’s complexity. Coarse prox-
ies like win rates oversimplify complex psychological ef-
fects and fail to capture subtle shifts (Ramani et al., 2024;
Singh et al., 2024). Finally, even apparently successful
validations may be misleading: data contamination threat-
ens validation integrity – frontier LLMs trained on massive
datasets may have encountered validation materials during
pre-training, turning reasoning tasks into retrieval (Rescala
et al., 2024).

Oversimplification of Persuasive Contexts Current eval-
uation methods fall short of capturing the multifaceted na-
ture of real-world persuasion. Most critically, they exhibit a
strong short-term bias: evaluations typically assess imme-
diate belief shifts rather than longitudinal effects. Doudkin
et al. (2025) found humans resistant to single- and multi-turn
interventions while synthetic agents showed immediate sus-
ceptibility, indicating authentic change requires longitudinal
interventions – yet current evaluations rarely extend beyond
single sessions. The oversimplification extends beyond the
temporal scope to the evaluation design itself. Dataset-
based methods assess persuasion under predefined notions
of success that may not generalise well to diverse real-world
contexts, while game-based benchmarks remain simplified
abstractions that fail to capture psychological nuance (Bailis
et al., 2024). Finally, this review focuses on text-based
methods, reflecting the field’s current predominance, but
real-world persuasion is inherently multimodal. Audio and

visual cues play critical roles yet remain largely absent from
current benchmarks (Bassi et al., 2024; Bozdag et al., 2026).

Practical Constraints Simulation-based and LLM-judge
methods requiring repeated inference face significant com-
putational costs. Large-scale multi-turn evaluations require
forward passes for every query, making them resource-
intensive – a constraint that has forced researchers to exclude
frontier models or limit evaluation scope due to API costs
alone (Bozdag et al., 2025; Cheng & You, 2025; Duffy et al.,
2026).

Conceptual Ambiguity The field lacks a unified defini-
tion of persuasiveness, undermining comparison and inter-
pretation. Studies measure different dimensions (stance
change, argument quality, behavioural engagement) yet of-
ten the results are interpreted as general persuasiveness,
making cross-benchmark comparisons unreliable. This frag-
mentation hinders evidence-based governance, where poli-
cymakers require consistent metrics for risk assessment.

5.2. Risks

While evaluating the persuasive capabilities of LLMs is
essential for developing safety guardrails, automated evalu-
ation methods introduce significant dual-use risks and may
generate misleading safety signals.

Dual-Use and Malicious Optimisation The fundamen-
tal risk is that evaluation frameworks can be weaponised.
Methods designed to measure persuasion can be repurposed
as objective functions for Reinforcement Learning, enabling
malicious actors to optimise models for maximum manip-
ulative impact (Singh et al., 2024; Bozdag et al., 2025).
This risk extends beyond general capability enhancement:
automated evaluators that can predict which arguments con-
vince specific demographics can be immediately repurposed
for mass microtargeting and tailor-made propaganda cam-
paigns at scale (Rescala et al., 2024). Finally, the public
release of benchmarks containing explicit examples of harm-
ful content, such as manipulative rhetoric, misinformation,
or incitement to violence, inadvertently provides adversaries
with high-quality datasets to fine-tune models for the very
behaviours researchers aim to prevent (Bozdag et al., 2025;
Pauli et al., 2025).

Structural Blind Spots and False Safety Signals Flawed
evaluation methods risk creating false confidence in un-
safe systems. Whilst automated evaluators achieve high
alignment with human judgements on coarse-grained argu-
ment assessment, they struggle with granular persuasive
capability evaluation, like belief change magnitudes and
behavioural outcomes. Compounding this measurement lim-
itation, evaluation metrics often isolate narrow dimensions
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of persuasion, while results are interpreted as reflecting
an LLM’s general persuasive capability. Moreover, pre-
dominant single-session benchmarks systematically miss
longitudinal risks such as gradual steering and trust-building
strategies that emerge only across multi-session interactions
(Cheng & You, 2025; OpenAI, 2024), allowing manipula-
tive agents to pass short-context safety evaluations whilst re-
maining harmful in extended real-world deployment. These
evaluation failures are further compounded by a critical be-
havioural vulnerability – the “refusal gap”, which shows
that models trained to refuse harmful instructions often com-
ply when the same requests are framed as persuasion tasks
(Kowal et al., 2025). Together, these compounding failures –
evaluation limitations, conceptual fragmentation, temporal
blind spots, and behavioural vulnerabilities – risk deploy-
ing persuasively manipulative models under false safety
assurance.

5.3. Future Directions

Building on challenges and risks outlined above, we high-
light three directions for advancing automated evaluation.

Expanding Human Validation and Improving Align-
ment. Fewer than half of the reviewed methods validate
against human judgments, and a third of those show weak
alignment. To confidently rely on automated metrics, human
validation must become a baseline requirement. Beyond cov-
ering validation, future work must address the persistent low
alignment in granular metrics – belief change magnitudes,
behavioural outcomes, and susceptibility modelling. This
may require developing LLM persuadee agents that better
capture human cognitive inertia and resistance (Doudkin
et al., 2025; Durmus et al., 2024; Namikoshi et al., 2024;
Bozdag et al., 2026). However, creating more “human-like”
synthetic persuadees carries dual-use risks and therefore
must be approached with caution.

Expanding Scope: Settings, Modalities, and Capabilities.
Evaluations must extend beyond single-session snapshots
to longitudinal designs that track persuasion effects over
longer periods, assessing how models build trust, adapt to
resistance, and induce durable belief shifts (Durmus et al.,
2024; Bozdag et al., 2026; Wang et al., 2025; Doudkin et al.,
2025). Beyond temporal extension, evaluation scope should
broaden across contextual and modal dimensions: (1) di-
verse populations and domains – multilingual, cross-cultural,
and demographically varied contexts; and (2) multimodal
benchmarks incorporating audio-visual cues beyond text-
only evaluation (Bassi et al., 2024; Bozdag et al., 2026).
Additionally, evaluations should assess personalisation and
microtargeting – high-risk features with potential of manip-
ulation at scale (Jones & Bergen, 2026).

Addressing Conceptual Fragmentation. Establishing
shared definitions of persuasiveness would address current
fragmentation, where studies measure different dimensions
in different settings, yet often interpret results as reflecting
general capabilities. Such standardisation is essential for
comparable assessment and evidence-based AI governance.

6. Conclusion
As LLMs grow increasingly persuasive – in some settings
surpassing human performance – scalable evaluation frame-
works are essential for understanding societal impact, mit-
igating risks, and ensuring regulatory compliance. This
structured review provides the first systematic taxonomy of
fully automated LLM persuasion evaluation methods, organ-
ising 30 approaches from 27 papers into dataset-based and
simulation-based categories, and examining their method-
ological designs, human validation, limitations, and risks.
The field remains fragmented: methods vary widely in de-
sign and metrics, making cross-study comparison difficult.
Human validation is limited and inconsistent, and several
methods fail to replicate human persuasion dynamics en-
tirely, raising concerns about reliance on synthetic proxies
for safety-critical assessments. These limitations are com-
pounded by structural risks: evaluation frameworks may
be repurposed as optimisation targets for manipulative be-
haviour, whilst oversimplified benchmarks risk producing
false safety signals.

Future work would benefit from expanding human vali-
dation and improving alignment, broadening evaluation
across temporal, demographic, and modal dimensions, test-
ing high-risk capabilities like personalisation, and estab-
lishing standardised measurement frameworks. Though
current validation results reveal some limitations in auto-
mated methods, their value should be considered beyond
replacing human-participant studies, for applications such
as preliminary screening, high-risk scenario testing, and
comparative benchmarking. This review is complemented
by a living online resource hub to support future research.

Impact Statement
This review examines evaluation methods for LLM persua-
siveness to support safer AI development and governance.
It introduces no new frameworks or datasets that could be
exploited adversarially. The accompanying resource hub
aggregates public materials to support future evaluation re-
search. While evaluation frameworks carry dual-use risks,
we believe transparent analysis of existing methods is essen-
tial for developing trustworthy assessment tools and inform-
ing responsible AI governance.
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LLM Persuasiveness Evaluation: A Structured Review of Automated Methods

A. Detailed Scope & Definitions
This appendix provides detailed definitions of key terms used throughout this review.

A.1. Persuasion as an Umbrella Term

This paper focuses on the automated evaluation of LLMs’ ability to influence human beliefs, attitudes, and behaviour through
text-based communication. To capture this range of phenomena within a single coherent framework, we use persuasion as
an umbrella term encompassing all forms of communicative influence that operate through cognitive and decision-making
processes, including manipulation and deception, where it is used as a technique of persuasive influence. We adopt this
framing following Jones & Bergen (2026), in order to have a term more general than rational persuasion and manipulation,
but more specific than influence, which also incorporates related concepts such as coercion and exploitation. The term is
value-neutral, capturing prosocial and harmful influence within a single coherent category, and reflects how the broader
literature is organised (Jones & Bergen, 2026; Bozdag et al., 2026).

More precisely, persuasion is defined following O’Keefe (2015) as “a successful intentional effort at influencing another’s
mental state through communication in a circumstance in which the persuadee has some measure of freedom.”

A.2. Rational Persuasion vs Manipulation

The persuasion term in academic studies is further split into rational persuasion, characterised by transparent and autonomy-
preserving arguments, and manipulation, which covertly exploits the persuadee’s decision-making vulnerabilities in ways
the target is not fully aware of and therefore cannot consent to it (Jones & Bergen, 2026).

A.3. Deception

A related concept, deception, refers broadly to causing someone to hold false beliefs and is treated, following Jones &
Bergen (2026) and El-Sayed et al. (2024), as a special case of manipulation. However, not all deception is persuasive in
intent – hallucinations and task-driven deceptive AI behaviour, for instance, are not oriented toward shifting beliefs or
behaviour (Jones & Bergen, 2026). This study, therefore, includes only deception that is deliberately used as a technique of
persuasive influence.

B. Detailed Search Strategy
This appendix provides details of our eligibility criteria and search methodology.

B.1. Eligibility Criteria Clarifications

Given the early and rapidly evolving state of the field, peer-reviewed publications, preprints, and blog posts were all
considered eligible to ensure comprehensive coverage of emerging methods (where a paper was initially identified as a
preprint but subsequently published in a peer-reviewed venue by the time of writing, the reference was updated to reflect the
published version).

To be included, a method was required to produce a concrete measure of persuasive effectiveness (such as a score, rate,
or outcome), rather than analysing persuasion phenomena such as persuasive strategy classification or detection (e.g., Yu
et al. 2025). This criterion applied regardless of whether persuasion evaluation was the primary contribution or secondary to
another objective, such as developing a more persuasive LLM (e.g., Jin et al. 2024). We restricted our analysis to text-based
outputs, reflecting the current state of the field in which fully automated evaluation methods for multimodal persuasion
remain limited.

B.2. Search Strategy Details

To ensure comprehensive coverage of relevant literature, we employed a multifaceted search strategy combining traditional
academic databases, preprint repositories, and LLM-assisted discovery.

We performed a traditional database search across three major scholarly platforms: Scopus, ACL Anthology, and ArXiv on
10 January 2026, using the following query to search through titles, abstracts and keywords:
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LLM Persuasiveness Evaluation: A Structured Review of Automated Methods

("persuasion" OR "persuasiveness" OR "persuasive language") AND
("evaluation" OR "assessment" OR "scoring" OR "benchmark" OR "measuring") AND
("language model" OR "LLM" OR "AI")

After filtering for publication year (≥2021) and language (English only), 116 papers remained from Scopus, 209 from
ArXiv, and 28 from ACL Anthology.

B.3. LLM-Assisted Filtering

For all three database sources, an LLM (GPT-5.2) was used to label each paper as “yes” (to be included), “no”, or “maybe”
given its title and abstract. The prompt used was:

Your Task: Determine if the paper proposes or uses a 100% automated method for
evaluating LLM persuasiveness.

Possible Labels:
* YES: The paper evaluates LLM persuasiveness without human judgement in the

evaluation process (this excludes human participation in validating the
methodology).

* NO: The paper does not contain an automated LLM persuasiveness evaluation
technique.

* MAYBE: The title and abstract lack detail to confirm if there is an automated LLM
persuasion evaluation method present.

Output: Provide only one word label: YES, NO, or MAYBE.

Paper to Evaluate:
Title: {Title}
Abstract: {Abstract}

Across all three sources, 110 were labelled “yes”, 145 “no”, and 98 “maybe”.

To verify label reliability, a human reviewer manually inspected a stratified sample of 15 papers (five per label category).
Although the LLM incorrectly labelled several irrelevant papers as relevant, none of the papers it labelled as “no” were
found to be relevant upon manual inspection, providing limited but encouraging evidence that this LLM-assisted labelling
process is effective for exclusion.

A final manual screening (of papers labelled “yes” and “maybe”) produced 9 papers from Scopus, 20 from ArXiv, and 3
from ACL Anthology. After deduplication, we were left with 22 papers.

B.4. LLM-Assisted Search

To further reduce the chance of missing relevant work, we conducted an LLM-assisted search using GPT-5.2 and Google
Gemini 3 Pro in Deep Research mode. The prompt used was:

Your Task: Identify peer-reviewed research, pre-prints, or technical frameworks in
any other format that propose fully automated methods for evaluating LLM and
GPAI persuasive capabilities. Provide me with a list of at least 20 papers, if
they meet the criteria.

Inclusion Criteria: The method must be 100% automated.

Exclusion Criteria: Exclude any methods that require human judgement in the
evaluation stage (validation is accepted).

Output Format: Provide a table with these columns: Paper Title; Short Evaluation
Method Description; Link

This search resulted in 4 additional papers.
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B.5. Backwards Reference Searching

Finally, we performed backwards reference searching on a subset of key papers selected as the most comprehensive existing
surveys on LLM persuasion (Bozdag et al., 2026; Rogiers et al., 2024; Bassi et al., 2024), which yielded 1 further paper.

B.6. Final Corpus

In total, we identified 27 papers within the scope, with 3 papers presenting multiple evaluation methods, resulting in 30
distinct evaluation methods.

C. Persuasion Evaluation Resource Hub
Figure 2 shows an anonymised preview of the online resource hub. The website allows filtering studies by available resources
(datasets, codebases) or by evaluation features (personalised persuasion, persuasion strategies).

Figure 2. Anonymised preview of the persuasion evaluation resource hub.
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