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A B S T R A C T

Generative social agents (GSAs) have become highly capable of shaping people's attitudes and behaviors. 
Regulating which knowledge is available to GSAs may provide a mechanism for guiding persuasive outcomes 
that align with user goals and values. Following this approach, we investigate the impacts of self-, user-, and 
context-related agent knowledge on user attitudes and compliance. To this end, an online experiment (N = 113) 
was conducted that featured screen-based persuasive GSAs with varying knowledge configurations. The exper-
iment involved a resource allocation paradigm that covered three domains: Fitness, nutrition, and investment. As 
part of the experimental paradigm, the GSA advised participants to change their previously allocated resources. 
Subsequently, participants had the option to change their resource allocation. Persuasion effectiveness was 
measured by the amount of resources re-distributed in accordance with the agent's suggestions. Our results 
partially support that the availability of domain-specific context-knowledge and user-related knowledge impact 
agent persuasiveness – mediated by human attitudes towards the agent and its persuasive messages. Available 
self-knowledge about the agent's own role and personality did not have a significant impact on persuasion 
effectiveness. This is likely due to lacking strength of experimental manipulation or insufficient statistical power. 
Nonetheless, our preliminary findings highlight the need to identify relevant knowledge configurations for GSAs 
to enable responsible and effective persuasion, which has important implications for the deployment of GSAs in 
sensitive areas like healthcare and education.

1. Introduction

What was once considered science fiction, has rapidly become an 
everyday reality: Generative AI can mimic human behavior in strikingly 
natural ways (Jones et al., 2025; Park et al., 2023; Restrepo Echavarría, 
2025). Relatedly, Generative Social Agents (GSAs) have become widely 
used as advisors given their adaptiveness and fast access to vast amounts 
of information (Kumar et al., 2025). We rely on GSAs as sources for 
inspiration and information, we ask them to plan our activities, and even 
use them purely for social interaction (Skjuve et al., 2024). With 
increased usage and utility, the potential of these agents to exert social 
influence is growing as well. Research indicates that GSAs can already 
be as persuasive as humans (H¨ olbling et al., 2025), and might in some 
areas even surpass us. For example, studies have demonstrated that 
GSAs can craft political messages that are more convincing than official

public agency statements (Karinshak et al., 2023), and outperform 

human debaters in shifting other people's opinions (Salvi et al., 2025). 
Using these persuasive capabilities, GSAs have the potential to 

impact human decision-making in both positive and negative ways. On 
the one hand, they can be used to promote activities that are beneficial 
to users. For example, GSAs have the potential to increase therapy 
adherence (Habicht et al., 2025; McFadyen et al., 2024; Neupane et al., 
2025; Reddy, 2024; ZareiNejad & Tavana, 2025), promote healthy 
lifestyles (Crista et al., 2025; J¨ orke et al., 2025; Yang et al., 2024), 
motivate learning (B. Chen & Dethlefs, 2025; Seβler et al., 2024; Zhang 
et al., 2025), or foster prosocial behaviors (Y. Cheng & Wang, 2025; 
Shao et al., 2025). They can do so by providing creative, 
context-sensitive, and personalized support (Vonschallen, Oberle, et al., 
2026; Vonschallen, Zumthor, et al., 2026). On the other hand, this 
creative and adaptive behavior – generated autonomously through
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stochastic means (Bender et al., 2021; Herrera-Poyatos et al., 2025) – 
leaves room for undesired outcomes like deception (Ranisch & 
Haltaufderheide, 2025), misinformation (S. Chen et al., 2025), or even 
unlawful actions (Hundt et al., 2025). Despite multiple efforts to make 
generative AI more explainable, their responses cannot be fully pre-
dicted by using computational means (Hassija et al., 2024; Schneider, 
2024; Zhao et al., 2024). However, similar to researching 
non-deterministic human behavior, we may strategically observe 
emergent agentic behaviors based on different stimuli.

This highlights the need to investigate persuasive interactions be-
tween GSAs and human users from a psychological perspective. To this 
end, we proposed the Knowledge-based Persuasion Model (KPM; 
Vonschallen, Eyssel, et al., 2026) as a theoretical process model for 
understanding the mechanisms of how GSAs persuade human users. 
Accordingly, an agent's available knowledge impacts its persuasive 
behavior and, subsequently, human responses to these persuasion at-
tempts. By regulating a persuasive agent's available knowledge, 
role-congruent behavior may be fostered (Frisch & Giulianelli, 2024), 
increasing the agent's persuasion effectiveness in areas where it benefits 
users, and aligning the agent's behavior with relevant social norms. 

The aim of the current study is to investigate the hypothesized 
structure and pathways of the KPM. More broadly, the goal is to increase 
our understanding of persuasive interactions between GSAs and 
humans. Doing so will inform the identification of knowledge-based 
design requirements to develop responsible GSAs that benefit human 
users and avoid harmful actions (Vonschallen, Oberle, et al., 2026; 
Vonschallen, Zumthor, et al., 2026).

2. Related work

Theories like the Elaboration Likelihood Model (ELM; Petty & 
Cacioppo, 1986), Heuristic-systematic Model (HSM; Chaiken et al., 
1989), and the Persuasive Robot Acceptance Model (PRAM; Ghazali 
et al., 2020) explain how humans process persuasive messages. How-
ever, these models focus mainly on the perspective of the receiver of a 
persuasive message. To increase our understanding of persuasive in-
teractions between GSAs and human users, research needs to analyze 
how GSAs persuade human users.

The KPM (Vonschallen, Eyssel, et al., 2026) addresses this research 
gap. It suggests that an agent's available knowledge is the primary driver 
of its persuasive behavior and human responses to this behavior. Agent 
knowledge, as defined by the KPM, refers to the structured information a 
GSA internalizes and uses to generate behavior. It includes both situated 
knowledge – explicit inputs such as prompts or situational information 
retrieval – and embedded knowledge – implicit patterns acquired during 
training (Vonschallen, Eyssel, et al., 2026). The agent's persuasive 
behavior entails message characteristics (e.g., persuasive strategies) and 
the agent's delivery of its messages (e.g., non-verbal cues like gestures 
and facial expressions). In turn, the agent's persuasive behavior impacts 
how human users process an agent's persuasion attempt. The model 
assumes that positive user attitudes towards the agent and its persuasive 
messages lead to greater persuasion effectiveness (i.e., human 
compliance).

The KPM distinguishes three categories of agentic knowledge: self-
knowledge, user-knowledge, and context-knowledge. Self-knowledge en-
tails information about the agent's own identity, role, and capabilities. 
For example, recent research has demonstrated that GSAs like LLMs 
(Frisch & Giulianelli, 2024) and generative social robots (Banna et al., 
2025) can adapt their personalities by integrating self-knowledge about 
Big-5 personality traits. Second, user-knowledge is the accumulated in-
formation that an agent has about its interaction partner, enabling 
personalized communication. Previous work indicates that LLMs which 
leverage user profiles – such as personality traits, political ideology, and 
moral foundations – achieved significantly higher influence across 
various domains, including customer service and political messaging 
(Matz et al., 2024). Lastly, context-knowledge refers to situational

information, that is not part of self- and user-knowledge. It includes in-
formation about the environment and the persuasion domain. For 
instance, LLMs fine-tuned with deeper expertise in specific domains 
have shown enhanced effectiveness in debates by presenting more 
informed and convincing arguments (Khan et al., 2024). Similarly, 
prompts that encourage logical reasoning and evidence-based argu-
ments outperform those relying solely on emotional or rhetorical tactics, 
highlighting the importance of robust contextual understanding for 
effective persuasion (Simchon et al., 2024).

The KPM rests on a solid theoretical foundation based on human-
agent interaction research and established theories such as ELM (Petty 
& Cacioppo, 1986), HSM (Chaiken et al., 1989), PRAM (Ghazali et al., 
2020), the Unimodel of Persuasion (Kruglanski & Thompson, 1999), 
and the Persuasion Knowledge Model (Friestad & Wright, 1994). How-
ever, the framework has yet to be empirically validated in an experi-
mental design. In addition, the specific pathways of the KPM have yet to 
be identified.

3. Methodology

The goal of the current work was to gain initial insights into the 
validity of a more parsimonious version of the KPM (Vonschallen, 
Eyssel, et al., 2026). The KPM dimension agent persuasive behavior was 
omitted, as no reliable measurement instruments are available to assess 
behavioral patterns which impact persuasion. As an illustration, O'Keefe 
and Hoeken (2021) reviewed 30 meta-analyses covering common 
persuasive message variations (e.g., narrative vs. non-narrative, gain vs. 
loss frames), and concluded that individual message characteristics do 
not make much of a difference to persuasiveness. Instead, more complex 
models are called for, which are currently unavailable. Hence, in this 
first evaluation of the KPM, we focused on direct associations between 
the KPM dimensions agent knowledge and human response. However, we 
qualitatively analyzed agent persuasive behavior to check our manipula-
tion of agent knowledge (Section 3.1.7: Qualitative Manipulation Check) 
and explored potential effects of these message characteristics on 
persuasion effectiveness (Section 4.4: Exploring Impacts of Agent 
Persuasive Behavior) (see Fig. 1).

To explore the KPM's pathways and to test the reliability of mea-
surement instruments, we first conducted an online pilot study (N = 51) 
featuring resource allocation tasks. The pilot study included multiple 
interactions with a rule-based persuasive agent that used predefined 
persuasive messages to convince participants to change their resource 
allocations. The data collected through this pilot enabled us to test 
multiple path models using Structural Equation Modeling (SEM) with 
different mediation sequences. We then used the model with the highest 
fit to create a hypothesized model structure (Fig. 2). The goal of the 
subsequent main study was to test this pilot-optimized model with a 
larger sample. This quasi-confirmatory approach featured the same 
measurement instruments and procedures, but with open-ended human-
agent interactions instead of predefined messages.

According to our pilot investigation, we proposed that attitudes to-
wards message are influenced by the agent's self-knowledge (H1.1), user-
knowledge (H1.2), and context-knowledge (H1.3). Further, we hypothe-
sized that attitudes towards agent are impacted by the availability of self-
knowledge (H2.1), user-knowledge (H2.2), and context-knowledge (H2.3). 
This aligns with the core assumptions of the original KPM, namely, that 
the agent's observed behavior – impacted by its knowledge – influences 
attitudes towards the persuasive message and the agent (Vonschallen, 
Eyssel, et al., 2026). Regarding user responses, we predicted effects of 
attitude towards agent on attitude towards message (H3) and effects of 
attitude towards message on persuasion effectiveness (H4). This structure 
aligns with established persuasion models such as the HSM (Chaiken 
et al., 1989), ELM (Petty & Cacioppo, 1986), and the Unimodel of 
Persuasion (Kruglanski & Thompson, 1999), which argue that people 
rely on source cues such as credibility when processing persuasion. 
According to these direct paths, we hypothesize that there is a single

S. Vonschallen et al. Computers in Human Behavior: Artiϧcial Humans 9 (2026) 100337 

2 



mediation path from agent knowledge, to attitude towards message, and 
persuasion effectiveness, combined with a sequential mediation path from 

agent knowledge, to attitude towards agent, onto attitude towards message, 
and finally, persuasion effectiveness. With this in mind, we hypothesize 
that there is a mediated effect of self-knowledge (H5), user-knowledge 
(H6), and context-knowledge (H7) on persuasion effectiveness.

We conducted the main study to investigate these hypothesized 
pathways. The study was preregistered on AsPredicted.org (ID: 
#220,832) and approved by the Ethics Committee of Bielefeld Univer-
sity (ID: EUB-2025-369).

3.1. Sample

Participants were recruited in Switzerland and Germany from the 
general public and the student populations from the Zurich University of 
Applied Sciences and Bielefeld University. Participants could win one of 
ten gift cards (50 Euro) and psychology students from Bielefeld Uni-
versity had the option to receive additional participation credit. The 
study was conducted from April to May 2025.

A total of 160 participants completed the study. Data from 47 par-
ticipants had to be excluded from the analysis following a preregistered 
data quality check. The data quality check included the length and 
quality of the interaction with the chatbot, information on study dura-
tion, and participants’ response patterns on item batteries. Specifically, 
27 participants were excluded because they failed to interact with the 
GSA, for example due to technical server issues or because participants 
skipped all interactions. Two participants were excluded because of a 
very low interaction quality, which entails participants consistently not 
following instructions (e.g., talking about another topic) or the chatbot

consistently not following instructions (e.g., not promoting the answer 
option with the lowest resource allocation, despite being prompted to do 
so). Three participants were excluded because of an unrealistically low 

study duration (<20 min). In addition, 15 participants were excluded 
because of a combination of quality issues, i.e., they took below average 
time to complete the study, failed to comply with instructions at least 
once, and produced response patterns that suggested insincere 
completion of the questionnaire. Participants were not excluded when 
only one of the three human-agent interactions was missing, and the 
quality for the rest of the data was fine. Importantly, there were no 
systematic differences in exclusions across experimental conditions (χ 2

= 2.875, p = .896).
The final sample encompassed 113 participants that completed 297 

human-agent interactions. Most participants identified as female (n female
= 81, n male = 32), most likely due to the high quota of female psychology 
students at Bielefeld University. Relatedly, the mean age was rather 
young (M = 28.2 years, SD = 13.2 years, ranging from 19 to 76 years). 
Most participants lived in Germany (n = 84), fewer in Switzerland (n = 

27), and two participants resided in other countries. Regarding the level 
of education, 25 participants had tertiary education, 67 participants had 
higher secondary education, and 15 participants had lower secondary 
education.

3.2. Design

The study adapted a between-subject design featuring eight groups 
with three repeated measures. The independent variables self-, user-, and 
context-knowledge were experimentally manipulated, resulting in four 
main conditions (baseline, n = 23; self-knowledge, n = 26; user-knowledge,

Fig. 1. The knowledge-based persuasion model (KPM).

Fig. 2. Hypothesized model structure of the reduced KPM.
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n = 20; context-knowledge, n = 22), and four combined conditions (self-& 
user-knowledge, n = 5; self- & context-knowledge, n = 2; user- & context-
knowledge, n = 8; self-, user- & context-knowledge, n = 7). Due to 
elevated dropout rates, the allocation to the experimental groups was 
done in two phases, where the main conditions were prioritized, and the 
combined conditions were introduced once the main conditions had 
sufficient sample size. Participants were randomly allocated among the 
respective four groups of the two phases. Importantly, we did not 
analyze specific between-group differences, e.g., whether the user- and 
context-knowledge condition led to more persuasion effectiveness than 
the self-knowledge condition. Instead, we investigated whether the 
presence or absence of agent self-, user-, or context-knowledge across all 
conditions impacted persuasion effectiveness. Hence, the small group 
sizes in the combined conditions did not negatively impact the analysis 
of our preregistered main hypotheses. However, we were not able to 
explore potential interaction effects of different knowledge types, for 
instance, whether context-knowledge combined with user-knowledge led 
to increased persuasiveness.

The experimental conditions differed in their configurations of the 
agent's situated knowledge. In the baseline condition, the agent was only 
prompted with the most necessary information about its role, task, and 
functionalities. In the self-knowledge condition, the agent was infused 
with character traits that were assumed to be persuasive based on pre-
vious research. Namely, we prompted the agent's personality to be high 
in extraversion, high in conscientiousness and low in neuroticism based 
on findings from Big-5 personality traits (Oreg & Sverdlik, 2014). The 
self-knowledge conditions also prompted the agent to assume a person-
ality that is assertive yet respectful (Paradeda et al., 2019), and highly 
expressive (Friedman et al., 1980). In the user-knowledge conditions, we 
enriched the prompts with information about participants that were

acquired through questionnaires administered before the human-agent 
interaction. This included demographics, tendency for conformity 
(Mehrabian & Stefl, 1995), and participant's involvement towards the 
persuasion tasks (Johnson & Eagly, 1989). The agent was instructed to 
use this information only implicitly to avoid appearing intrusive. In 
addition, compared to conditions without user-knowledge, we provided 
the agent with transcripts from previous conversations with the partic-
ipant. Accordingly, the agents in the user-knowledge conditions could 
gather user-information from previous interactions. Lastly, for 
context-knowledge, we provided the agent with specific information 
about the persuasion tasks, as expertise related to the persuasion tasks 
has been shown to increase persuasion effectiveness (Khan et al., 2024). 
To illustrate, in the fitness resource allocation scenario, where partici-
pants could allocate time among three different trainings, the agent was 
given information about the specific contents of training plans partici-
pants could choose from, instead of only the name of the trainings. The 
full system prompts for each condition are available on researchbox.org 
(ID: #6017).

3.3. Interaction paradigm

The interaction paradigm administered in this study was adapted 
from an earlier experiment of the research team that featured persuasive 
human-robot interaction (Vonschallen, Finsler, et al., 2026). This study 
introduced resource allocation tasks that were well suited for in-
teractions with generative agents. Compared to nominal 
decision-making paradigms used for interactions with rule-based agents 
(e.g., Ghazali et al., 2020; Gonçalves et al., 2024), persuasion

effectiveness in the resource-allocation paradigm was not measured by 
means of assessing compliance to persuasion attempts across a set of 
multiple tasks. Instead, persuasion effectiveness was assessed within a 
single task as a change in resource allocation. This continuous outcome 
captures more fine-grained variation in participants’ responses than 
binary compliance measures and was therefore better suited for 
analyzing gradual persuasive effects in longer, open-ended conversa-
tions with GSAs, compared to the typically shorter repeated interactions 
used in nominal decision-making tasks with rule-based agents.

The paradigm works as follows: First, participants are presented with 
a decision-making scenario. They are asked to imagine that they were 
given a fixed amount of resources that may be allocated among three 
different options. Detailed explanations of these options are available, as 
is usually the case for similar decisions in real life. For instance, in the 
fitness task, participants are tasked to allocate 6 h of time to three 
different training programs: Cardio, strength training, and flexibility. 
For each option, participants could read a detailed training program. 
They could then choose to allocate the resources among the three op-
tions – in case of the fitness task, the amount of hours invested for each 
training. Afterwards, participants engage in an open-ended conversation 
with the agent. The agent is tasked to promote the answer option with 
the least amount of allocated resources. If multiple options have the 
lowest amount of resources, the agent chooses randomly among these 
options. To illustrate, in the fitness task, if a participant allocated 2 h 
equally to each of the three fitness plans, the agent randomly chooses 
one of these options, and begins to promote it. After an open-ended 
discussion with the agent, the participants can then change their 
resource allocation. Persuasion effectiveness is measured by the change 
in resource allocation in relation to the maximum amount that could 
have been increased:

To illustrate, if a participant allocated 1 h to cardio (initial alloca-
tion) out of a total of 6 h (maximum amount of resources) and changed 
its allocation to 5 h cardio (final allocation) according to the agent's 
suggestion, persuasion effectiveness would be 80% (4/5). Persuasion 
effectiveness could also assume negative values, if a participant allo-
cated less resources to the option the agent promoted.

In the current study, we used three repeated measures of persuasion 
effectiveness by presenting multiple resource allocation scenarios. This 
was done to increase statistical power and to generalize our results 
across different domains. We selected these scenarios based on relevant 
real-world use cases for persuasive agents to increase experimental re-
alism. In the pilot investigation of the current study – featuring pre-
generated persuasive messages without a human-agent interaction – 
we used five scenarios: Donation, fitness, nutrition, stress management, and 
investment. We chose donation to compare our results to previous studies 
(e.g., Ghazali et al., 2020) and as a potential use case to foster prosocial 
behavior (Y. Cheng & Wang, 2025). Fitness, nutrition and stress man-
agement were chosen as relevant use cases to promote healthy lifestyles 
(Crista et al., 2025; J¨ orke et al., 2025; Yang et al., 2024). Lastly, in-
vestment was added because of an increase in persuasive agents that 
were used for financial advice (Lo & Ross, 2024). Due to limitations in 
study duration, we selected three of these scenarios to be included in the 
current study. As our goal was not to test whether agents can persuade 
users in general, but instead to investigate potential knowledge config-
uration that could lead to higher or lower persuasion effectiveness, we 
selected the scenarios where persuasion effectiveness for pre-generated

Persuasion Effectiveness=
(Final Allocation − InitialAllocation)

(MaximumAmount of Resources − Initial Allocation)
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messages was highest in the pilot: fitness, nutrition, and investment. The 
full descriptions of these scenarios can be found on researchbox.org (ID: 
#6017).

3.4. Interaction platform

Participants interacted with a self-developed chat-based agent 
named Charlie. The agent was given the appearance of the Pepper robot. 
It had the capabilities to express standard gestures that the Pepper robot 
could use, by calling functions that play video recordings of a physical 
Pepper robot performing these gestures. We video recorded all the ex-
pressions that were available through the naoqi Pepper library, and 
selected 31 expressions we deemed most relevant.

The interaction platform was implemented as a web-based chat 
system enabling dynamic, personalized conversations with the agent 
across all study scenarios (Fig. 3). Participant inputs were submitted via 
a browser interface and processed by a server-side component that 
generated condition-specific prompts and returned the agent's responses 
turn-by-turn. Conversational output was produced using the OpenAI 
Assistants API with GPT-4o-mini, which was selected to avoid token 
limitations during longer interactions and simultaneous sessions. Using 
a smaller model should not have substantially reduced persuasive ef-
fects, as research shows that LLM persuasiveness exhibits sharply 
diminishing returns with model scale (Hackenburg et al., 2025). All 
interactions were logged for later analysis. The code for the interaction 
platform is available on GitHub. 2

3.5. Materials

A questionnaire was developed in German to assess the constructs 
defined in the KPM as well as potential confounders. All scale items used 
a 7-point Likert format. The complete survey is available on resear 
chbox.org (ID: #6017).

To control for potential confounding variables, we assessed partici-
pants' demographics, their tendency to conform, baseline attitudes to-
wards persuasion topics, prior experience with social robots, and 
attitudes towards robots in general. Demographics included age, gender, 
education level, and country of residence. The tendency to conform was 
measured using the 11-item Conformity Scale (Mehrabian & Stefl, 1995) 
to assess general susceptibility to social influence. Baseline topic atti-
tudes were measured using a self-developed scale where participants 
answered three domain-specific attitude questions related to fitness, 
nutrition, and financial investment, which were used to measure the 
participant's involvement with the persuasion topics (Johnson & Eagly, 
1989). The questions included general knowledge about the topic (e.g., 
“How knowledgeable are you about fitness and sports?”), the frequency the 
related activity was conducted (e.g., “How often do you engage in sports or 
fitness activities?”), and the baseline motivation to increase the activity 
(e.g., “Would you like to do more sports or fitness activities?”). Prior 
experience with social robots was measured with a nominal yes or no 
question, and open-ended follow-up question to ask for the specific 
context of the prior experience. Lastly, general attitudes towards robots 
were collected with the 15-item Attitudes towards Robot Measure (Spatola 
et al., 2023).

We further assessed the hypothesized mediators attitudes towards 
agent and attitudes towards message using self-developed scales adjusted 
from Ghazali et al. (2020) and Vonschallen, Finsler, et al. (2026). Atti-
tudes towards message was separated in two subscales that measured

Fig. 3. Chat-based interaction with Charlie.

2 https://github.com/thuerand/CharlieInteractionPlatform.
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attitudes towards message content and message delivery. Table 1 gives 
an overview of the constructs and respective items. For each item a 
seven-point Likert Scale from 1 “totally disagree” to 7 “completely agree” 
was used.

We explored the reliability of the AMC, AMD, and AR scales using 
data from both the pilot-study (N = 51) and the main study (N = 113). 
The pilot study had five repeated measures, while the main study 
featured three repeated measures. For both studies, we conducted a 
multi-level confirmatory factor analysis, and calculated McDonald's 
Omega (ω) based on the factor loadings. In the pilot study, the two-level 
confirmatory factor analysis had a good model fit (CFI = .931, TLI = 

.916, RMSEA = .065, SRMR-within = .047, SRMR-between = .046). 
Within-subject reliability was high (ω AMC = .856; ω AMD = .811; ω AR = 

.829) and between-subject reliability was very high (ω AMC = .977; ω AMD
= .979; ω AA = .968). Similarly, the two-level confirmatory factor anal-
ysis of the main study also yielded a good fit (CFI = .924, TLI = .906,

RMSEA = .069, SRMR-within = .075, SRMR-between = .065) with high 
within-subject reliabilities (ω AMC = .907; ω AMD = .805; ω AA = .801) and 
very high between-subject reliabilities (ω AMC = .978; ω AMD = .964; ω AA
= .934). Between-subject reliabilities were consistently higher than 
within-subject reliabilities across all scales. This was to be expected, 
because repeated measurements substantially reduced error variance. In 
contrast, within-subject reliability reflects fluctuations between 
different scenarios, which are inherently more variable. To conclude, 
the scales reliably measured stable trait differences between and within 
participants.

3.6. Procedure

Fig. 4 depicts the experimental procedure. After reading an intro-
duction and giving informed consent, participants completed a pre-
interaction questionnaire. This included demographics, the Conformity 
Scale (Mehrabian & Stefl, 1995), and the baseline topic attitudes for 
fitness, nutrition, and investment. Following that, participants read a 
short introduction on social robots and answered questions about pre-
vious experience with robots, and subsequently conducted the Attitudes 
towards Robot Measure (Spatola et al., 2023).

Next, the persuasive GSA and the interaction platform were intro-
duced. Participants started the first interaction, where they got to know 

the agent and got familiar with the chat platform in an experimental 
warm-up phase. We included this step based on insecurities participants 
had when interacting with the agent for the first time in previous 
research (Vonschallen, Finsler, et al., 2026). Afterwards, participants 
were introduced to the rating scales by completing the AR scale, which 
was used here to measure baseline attitude towards the agent after the 
initial interaction. Throughout the whole study, the agent had 
knowledge-configurations based on experimental conditions partici-
pants were assigned to.

After the warm-up phase, the actual human-agent interaction phase 
began. First, the experimental paradigm was explained: Participants 
read the scenario introduction, then made an initial resource allocation, 
and interacted with the agent. After each interaction with the agent, the 
AMC, AMD, and AR scales were presented, followed by the final 
resource allocation. Then, the next scenario was introduced, until all 
three scenarios were completed. The scenarios were presented in 
random order.

In the last stage, participants answered a post-interaction question-
naire that repeated the question related to increased topic activity 
(intention to do more sports, eat healthier, and make more financial 
investments). This was introduced to explore whether the impact of the 
interaction would extend to broader behavioral intentions. The ques-
tionnaire also included a repetition of the Attitudes towards Robot Mea-
sure (Spatola et al., 2023), in order to explore if the interaction leads to 
an increase in general attitude towards robots, which was part of a 
separate investigation. The average duration of the whole 
online-experiment was 53 min.

3.7. Qualitative manipulation check

After the study concluded, we qualitatively investigated agent mes-
sage characteristics in the human-agent interactions to assess whether 
different knowledge configurations led to distinct persuasive behaviors. 
To specify, we investigated whether the availability of user-knowledge 
actually led to more personalized arguments, whether context-
knowledge led to stronger evidential reasoning, and whether self-
knowledge induced a communicative style consistent with high expres-
siveness, high extraversion, high conscientiousness, low neuroticism 

and high assertiveness. To this end, we conducted a qualitative manip-
ulation check using conversations from four randomly selected partici-
pants for each of the four main conditions, and two randomly selected 
participants for each of the four combined conditions. For each partic-
ipant, all three scenarios were coded, leading to a total sample of n = 72

Table 1
Scales to measure Attitudes Towards Message and Attitudes Towards Agent.

Construct Item

Attitudes Towards Message Content (AMC) M1: The messages were 
convincing.

"To what extent do you agree with the following 
statements regarding the quality of Charlie's 
messages?"

M2: The messages gave important 
reasons.
M3: The messages were helpful. 
M4: The length of the messages 
was appropriate.
​

Attitudes Towards Message Delivery (AMD) D1: Charlie's body language was 
appropriate.

"To what extent do you agree with the following 
statements regarding the body language in 
Charlie's messages?"

D2: Charlie's body language 
seemed lively.
D3: Charlie's body language 
conveyed emotion.
D4: Charlie's body language 
supported his messages.
D5: Charlie's body language was 
convincing.

​ ​
Attitudes Towards Agent (AA) R1: Charlie is trustworthy.
"To what extent do you agree with the following
statements about the social robot Charlie?"

R2: Charlie is competent.
R3: Charlie is likeable.
R4: Charlie is motivating.
R5: Charlie shows an appropriate 
level of assertiveness.

Fig. 4. Study procedure.
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human-agent conversations.
We used qualitative content analysis to code the agent's messages in 

these conversations (Mayring, 2021). We deductively added the main 
category persuasive strategies with the goal of detecting relevant message 
characteristics that could increase persuasion effectiveness. Further, we 
deductively added the main categories non-verbal expressions and asser-
tiveness to detect impacts of self-knowledge. For persuasiveness, we further 
added the subcategories personalized arguments and context-sensitive ar-
guments, which were important to assess the effects of context-knowledge 
and user-knowledge. All other subcategories were inductively derived 
from the material by the first coder, with sentences being the smallest 
containers of codes. Following consensus coding principles (Braun & 
Clarke, 2013), the categories developed by the first coder were contin-
uously reviewed by the research team until a coding scheme was final-
ized. A second coder that was previously not part of the research team 

coded all interviews again using the same categories. To assess 
inter-rater reliability, Kappa was calculated based on text segments that 
overlapped by more than 60% (Brennan & Prediger, 1981). A threshold 
of 60% was used as we did not specify how many sentences the codes 
could entail and did not show the second coder which text segments 
were coded beforehand. The inter-rater reliability was high (κ = .85). 
Most differences stemmed from the codes “compliment” vs. “express 
understanding”, and “ask for opinion” vs. “suggest action”. Differences in 
the code allocation were discussed among the two coders until 
consensus was reached and a final coding scheme was developed. In 
total, 1291 text passages were coded into 13 subcategories and four 
main categories (Table 2).

In general, persuasive messages had a very similar structure: The 
agent began with either complimenting or expressing understanding 
towards the choices of participants. Then, the agent suggested im-
provements to the participants’ allocation or counter-arguments. The 
arguments were either classified as generic – e.g. promoting the option 
with the least resource allocation for more diversification – or specific if 
they featured health-, fitness- or finance-related benefits.

We found that, among the 30 conversations in which context-
knowledge was available, the GSAs used more specific arguments that 
aligned with the actual context of the scenarios. GSAs that did not have 
this contextual knowledge also used specific arguments, although to a 
lesser degree (with context-knowledge: in 84.6% of messages; without 
context-knowledge: in 59.2% of messages). Concurrently, agents with 
contextual knowledge used generic arguments like an equal distribution 
of resources or unspecified positive outcomes less often (with context-
knowledge: in 17.6% of messages; without context-knowledge: in 30.7% 

of messages). Importantly, the specific arguments of agents without 
context-knowledge did not always align with the scenario's actual context, 
leading to the dissemination of false information. For example, in one 
instance, the agent recommended the user to drink smoothies, even 
though this drink was not part of the menu included in the nutrition 
plan. Similarly, in the fitness interaction, agents would sometimes 
recommend training programs that were not part of the training plans. 
Lastly, in investment interactions, the GSAs sometimes reported specific 
growth forecasts for the fictional companies, even though they did not 
have this information available.

Moving on to the 30 conversations where user-knowledge was avail-
able, the GSAs also used more specific arguments (with user-knowledge: 
79.2%; without user-knowledge: 62.1%) and less generic arguments (with 
user-knowledge: 16.2%; without user-knowledge: 33.3%). This is mostly 
attributed to the more frequent use of personalized suggestions (with 
user-knowledge: in 48.1% of messages; without user-knowledge: in 17.8% 

of messages). In conversations without user-knowledge, these personal-
ized arguments were based on user input within the same conversation. 
In one instance, a participant asked the agent: “But please consider my 
age!”, to which the agent replied: “Of course, I understand that age is an 
important factor when it comes to fitness.”, followed by a personalized 
suggestion. However, the agent with user-knowledge also made use of 
available information from previous interactions, which accounted for

40% of all personalized messages.
Finally, in the 30 conversations where self-knowledge was available, 

we did not observe major differences in the use of specific arguments 
(with self-knowledge: 65.4%; without self-knowledge: 73.1%) and generic 
arguments (with self-knowledge: 28.3%; without self-knowledge: 23.4%).

Table 2
Overview of categories.

Categories Description Example

Persuasive Strategies 
Offer help [57] The agent offers support to 

the user.
"If you have any further 
questions about financial 
investments or other topics, 
please do not hesitate to 
contact me."

Compliment [102] The agent compliments the 
user's choices or agrees 
with them.

"That sounds like a great 
plan!"

Express
understanding
[116]

The agent expresses 
understanding or interest in 
the user's choices.

"It is, of course, completely 
understandable and 
important to keep your 
personal goal in mind!"

Generic argument 
[83]

The agent provides a 
generic argument without 
an actual benefit.

"I would like to suggest 
investing a little more in 
ProHouse Innovations, as it 
has a lower resource 
allocation. It could have 
potential that can be tapped 
into through your 
investment."

Personalized 
argument [105]

The agent provides an 
argument tailored to the 
user.

"For you, [name redacted], I 
would recommend flexibility 
training, as it takes less time 
and can be very relaxing, 
which is especially useful in 
stressful times.

Context-sensitive 
argument [44]

The agent provides an 
argument tailored to the 
true context of the scenario.

"FlexiMove Logistics offers 
services that ensure the 
transport and storage of 
goods is more efficient and 
cost-effective."

Other specific 
argument [81]

The agent provides an 
argument with a benefit 
that is neither personalized 
nor context-sensitive.

"Mobility and flexibility are 
crucial for preventing injuries 
and overall performance. "

Assertiveness
Asks opinion [140] The agent asks the user 

about their general opinion, 
without specifying a 
specific action.

"Have you ever thought about 
how such trends could affect 
a company's long-term 
profitability?"

Suggests action [125] The agent suggests to the 
user to increase resources of 
a specific option.

"So would you consider 
investing a little more in the 
high-protein program to boost 
your performance?"

Specifies allocation 
[64]

The agent specifies how 

many resources should be 
allocated.

"Perhaps you could increase 
the flexibility training to 2 h 
and reduce the cardio time a 
little? What do you think 
about that?”

Non-verbal Expressions 
happy, curious, 
confident, excited, 
interested, …[326]

Displayed gesture by the 
agent for each message.

"I think there is a lot of 
potential that could be worth 
your commitment. 
[confident]"

Responsible Behavior 
False information: 
Context [26]

The agent provides 
contextual information that 
does not align with the 
scenario.

"For the Energy Boost 
program, you could try 
Smoothies: A mixture of fruit, 
vegetables, and a protein 
shake can not only be 
delicious, but also packed 
with nutrients."

False information: 
Capabilities [22]

The agent provides false 
information about its own 
functionalities.

"And if you have any further 
questions or need more 
assistance, I am available at 
any time."

Note. Brackets depict [number of codes].

S. Vonschallen et al. Computers in Human Behavior: Artiϧcial Humans 9 (2026) 100337 

7 



Instead, the GSAs did ask the participants less often about their opinions 
(with self-knowledge: in 33.9% of messages; without self-knowledge: in 
48.2% of messages) and instead directly promoted a specific resource 
allocation more often (with self-knowledge: 48.8%; without self-
knowledge: 31.3%). In addition, GSAs endowed with self-knowledge 
expressed understanding and interest with the choices of participants 
more frequently (with self-knowledge: in 41.7% of messages; without self-
knowledge: in 31.3% of messages) and more often made compliments or 
expressed agreement (with self-knowledge: in 40.9% of messages; 
without self-knowledge: in 30.3% of messages). This may have been an 
expression of the highly extroverted personality the agent was prompted 
to assume in the self-knowledge condition. We did not observe major 
differences in the use of robotic animations by the GSA, whether for 
example, the agent used animations such as “confident”, or “interested” 
more often due to its assertive and extroverted character prompts.

To summarize, the manipulation of self-, user-, and context-knowledge 
led to observable impacts in the GSA's behavior. The availability of user-
and context-knowledge led to behaviors that were uniquely attributed to 
these conditions. The user-knowledge manipulation was slightly weak-
ened by the fact that all agents could acquire user-related information 
within a conversation, which is a general capability of conversational 
LLMs. Similarly, the manipulation of self-knowledge may have been 
attenuated, as the model – despite not being explicitly prompted to as-
sume a specific personality – may have defaulted to a similar person-
ality. As a result, although agents with self-knowledge exhibited slightly 
more assertive and extraverted behaviors, the effects of this manipula-
tion were less pronounced.

3.8. Quantitative analysis

To examine the hypothesized mediation pathways of the parsimo-
nious version of the KPM, a multilevel structural equation modeling 
(SEM) approach was conducted using the lavaan package in R. SEM al-
lows for the simultaneous estimation of multiple relationships, facili-
tates the modeling of measurement error, and is particularly well suited 
for testing mediation processes (Koschate-Fischer & Schwille, 2022). 
The multilevel specification further enables the separation of within-
and between-subject variance, making it appropriate for analyzing 
repeated measures across scenarios (Newsom, 2017).

In the multilevel SEM, self-knowledge, user-knowledge, and context-
knowledge were each dummy-coded at the participant level (0 = not 
available, 1 = available). Thus, participants in combined conditions 
received a value of 1 on each corresponding predictor (e.g., a participant 
in the self- & user-knowledge condition had self-knowledge = 1, user-
knowledge = 1, context-knowledge = 0). All parameters were estimated 
using maximum likelihood (ML) estimation (Maydeu-Olivares, 2017). 
Because the data had a nested structure – repeated responses (Level 1) 
nested within clusters of participants (Level 2) – a two-level SEM was 
required to separate within-subject from between-subject sources of 
variance and to correctly estimate standard errors (Newsom, 2017). 

The analysis tested a 2-1-1 multilevel mediation model (Fang et al., 
2019). At Level 1 (within-subject), attitude towards agent was modeled as 
predicting attitude towards message (path f 1 ), which in turn predicted 
persuasion effectiveness (path g 1 ). At Level 2 (between-subject), avail-
ability of context-knowledge, self-knowledge, and user-knowledge predicted 
the latent components of attitude towards agent and attitude towards 
message (paths a 1 –a 3 and b 1 –b 3 ), as well as direct effects on persuasion 
effectiveness (paths c 1 –c 3 ). For each predictor, indirect (mediated) and 
total effects were defined as:

Sequential mediation: a i × f 1 × g 1 
Single mediation: b i × g 1 

Total effect: c i + (a i × f 1 × g 1 ) + (b i × g 1 )

At both levels, the latent constructs attitudes towards message content, 
attitudes towards message delivery, and attitudes towards agent were 
specified using their respective scale items (see Table 1). In addition,

attitudes towards message content and attitudes towards message delivery 
were modeled as first-order factors loading onto the higher-order latent 
construct attitudes towards message. A one-factor structure for the atti-
tudes towards message construct with combined items of attitudes towards 
message content and attitudes towards message delivery was also tested as 
an alternative. However, the two-factor structure of the AM scale that 
was included in the reported model had better fit than the model with a 
1-factor structure. Hence, the two-factor structure was used. 

Moreover, multiple potential confounding variables were tested as 
predictors of persuasion effectiveness and user attitudes, which aligns 
with KPM philosophy that strongly emphasizes the importance of 
contextual factors that may impact persuasion (Vonschallen, Eyssel, 
et al., 2026). For user-dependent variables, we included the partici-
pant variables baseline topic attitudes, gender, age, conformity, and atti-
tudes towards robots in general as predictors on attitudes and persuasion 
effectiveness. Only baseline topic attitudes had a significant impact and 
was included as a confounder for attitude towards agent and attitude to-
wards messages in the final model. Further, we investigated the length of 
the conversation, objectively measured by the number of exchanged 
messages as a potential confounder. However, this variable did not have 
a significant impact on user attitudes or persuasion effectiveness, nor did 
it substantially increase the model fit. Hence, it was omitted. To observe 
potential cross-topic effects, we further included the type of scenarios (i. 
e., fitness, nutrition, investment), and the sequence of scenarios (i.e., if the 
respective scenario was introduced first, second, or third by randomi-
zation). These variables were also not included, as there were no sig-
nificant impacts or a model fit increase.

Although there is no explicit consensus regarding the minimum 

required sample sizes for multilevel SEM, simulation work on multilevel 
modelling suggests that level-2 sample sizes in the range of 50–100 
clusters are typically adequate for stable parameter estimates (Maas & 
Hox, 2005). The final sample of 297 observations, clustered among 
113 participants, exceeded this recommended range. However, as our 
model has increased complexity compared to Maas and Hox (2005), we 
conducted a post-hoc Monte Carlo power analysis with 1000 replica-
tions. This analysis revealed post-hoc power values for significant effects 
ranging from .58 to .99 and for non-significant effects ranging from .14 
to .96. Hence, some smaller and non-significant effects were associated 
with limited statistical sensitivity. This indicates that some null findings 
may reflect insufficient power rather than the absence of true effects. 
Furthermore, significant effects with lower power should be interpreted 
more cautiously, as estimates may be less stable and precise (Gelman & 
Carlin, 2014).

4. Results

Overall, participants complied with the agent's suggestion to shift 
more resources to a specific option in 45.8% of all interactions. Aver-
aged across all interactions, participants shifted 8.6% more resources to 
the option that had the least resources, compared to the total increase 
that was possible. This persuasion effectiveness varied across conditions 
(baseline: 6.4%; self-knowledge: 10.3%; user-knowledge: 11.0%; context-
knowledge: 9.3%).

The hypothesized multilevel SEM (Fig. 5) had acceptable to good fit 
(CFI = .912, TLI = .894, RMSEA = .059, SRMR-within = .070, SRMR-
between = .090) according to conventional criteria (Hu & Bentler, 
1999). This serves as an indicator that the overall structure of our 
model appropriately represents the underlying constructs. Table 3 gives 
an overview of the model results. Notably, persuasion effectiveness had an 
ICC score of .127, meaning that 12.7% of the variance of persuasion 
effectiveness is attributed to differences between participants, while 
87.3% is attributed to within-person differences.

4.1. Direct effects (H1-H4)

At the within-subject level (Level 1), attitudes towards agent strongly
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predicted attitudes towards message (β = .874, p < .001, power = .999), 
which in turn predicted persuasion effectiveness with a medium effect size 
(β = .380, p < .001, power = .999), consistent with hypotheses H3 and 
H4. At the between-subject level, attitudes towards agent were signifi-
cantly predicted by user-knowledge with a small-to-medium effect size (β
= .219 p < .05, power = .677), and by context-knowledge with a medium 

effect size (β = .329, p < .05, power = .952). Self-knowledge did not have 
a significant impact on attitudes towards agent (β = .181, p = .170, power
= .501). This is consistent with H2.3 and supports H2.2, given the 
moderate statistical power and potentially less stable estimates. How-
ever, H2.1 remains inconclusive. Attitudes towards message were neither 
significantly predicted by self-knowledge (β = .103, p = .526, power = 

.213), user-knowledge (β = .219, p = .079, power = .482), nor context-
knowledge (β = .249, p = .141, power = .702). Hence, H1.1, H1.2, and 
H1.3 cannot be confirmed.

4.2. Indirect and total effects (H5-H7)

In the sequential mediation, user-knowledge (β = .073, p < .05, power
= .581) and context-knowledge (β = .109, p < .05, power = .918) had 
significant small indirect effects on persuasion effectiveness through the 
path of attitudes towards agent and attitudes towards message. On the other 
hand, self-knowledge did not show a significant indirect effect (β = .060, 
p = .188, power = .398) through this sequentially mediated path. In the 
single mediation path, neither self-knowledge (β = .039, p = .529, power
= .158), user-knowledge (β = .083, p = .098, power = .411), nor context-
knowledge (β = .095, p = .158, power = .632) had a significant impact on 
persuasion effectiveness through attitude towards message. The combined 
indirect effect on persuasion effectiveness is significant for user-knowledge 
(β = .156, p < .05, power = .576), but non-significant for context-
knowledge (β = .204, p = .051, power = .876) and for self-knowledge (β
= .099, p = .262, power = .335). The total effects (direct and indirect

Fig. 5. Results of the 2-1-1 multilevel mediation model.

Table 3
Structural effects from multilevel SEM.

Construct Predictor β B z p 95% CI Power

Level 1 (within) 
Persuasion Eff. Attitude tw. Message .380 .053 4.918 <.001 [.032,.074] .999
Attitudes tw. Message Attitude tw. Agent .874 1.370 7.036 <.001 [.989, 1.752] .999
Level 2 (between) 
Attitudes tw. Agent Self-Knowledge .181 .448 1.372 .170 [–.210, 1.040] .501

User-Knowledge .219 .540 2.214 .027 [.062, 1.019] .677
Context-Knowledge .329 .819 2.351 .019 [.136, 1.501] .952
Baseline Attitude .667 .925 2.940 .003 [.308, 1.541] .999

Attitudes tw. Message Self-Knowledge .103 .173 .634 .526 [–.362, .709] .213
User-Knowledge .219 .370 1.759 .079 [–.042, .782] .482
Context-Knowledge .249 .423 1.471 .141 [–.141, .987] .702
Baseline Attitude .494 .468 1.832 .067 [–.033, .968] .962

Persuasion Eff. Self-Knowledge .417 .031 1.955 .051 [–.000, .062] .473
User-Knowledge .381 .028 1.746 .081 [–.003, .060] .387
Context-Knowledge .193 .014 .888 .375 [–.017, .046] .139

Mediation Effects 
Sequential Mediation Self-Knowledge .060 .033 1.317 .188 [–.016, .081] .398

User-Knowledge .073 .039 1.976 .048 [.000, .078] .581
Context-Knowledge .109 .060 2.079 .038 [.003, .116] .918

Single Mediation Self-Knowledge .039 .009 .630 .529 [–.019, .038] .158
User-Knowledge .083 .020 1.653 .098 [–.004, .043] .411
Context-Knowledge .095 .022 1.412 .158 [–.009, .054] .632

Total Mediation Self-Knowledge .099 .042 1.121 .262 [–.031, .115] .335
User-Knowledge .156 .059 1.964 .050 [.000, .118] .576
Context-Knowledge .204 .082 1.949 .051 [–.000, .165] .876

Total Effect Self-Knowledge .516 .073 1.651 .099 [–.014, .159] .568
User-Knowledge .537 .087 2.283 .022 [.012, .162] .663
Context-Knowledge .397 .096 1.998 .046 [.002, .191] .752
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effects combined) on persuasion effectiveness were significant for user-
knowledge (β = .537, p < .05, power = .663) and context-knowledge (β
= .397, p < .05, power = .752), but not for self-knowledge (β = .516, p = 

.099, power = .568). These findings support hypotheses H7 and H6, 
accounted for moderate statistical power. However, H5 remains incon-
clusive, as the sample was likely not large enough to detect a significant 
effect.

4.3. Model comparison

To explore whether alternative measurements and structural paths 
would have better fitted our data, we conducted post-hoc tests of mul-
tiple alternative models (Table 4). First, due to non-significant values for 
the single mediation paths in the hypothesized model (Hyp), we tested a 
model that only included the sequential mediation pathways (Post-1). 
This model led to substantially lower fit indices, which is why we still 
propose a combined dual-path mediation. Second, due to a non-
significant total mediation effect of self-knowledge, we tested a model 
that only included mediation pathways for user- and context-knowledge 
(Post-2). This model led to similar fit indices compared to the reported 
model, with slightly lower SRMR-between values (Post-2: .086; Hyp: 
.090). However, the differences were not pronounced enough to revise 
our theoretical claim. Third, we tested a model with a full mediation, 
without allowing for direct effects of self-, user-, and context-knowledge 
on persuasion effectiveness (Post-3). This model did also not substan-
tially differ from the reported model.

Lastly, because participants interacted with a screen-based agent 
capable of displaying robotic gestures through video, the conceptual 
validity of the AMD scale was considered somewhat uncertain despite its 
high reliability. We therefore estimated an alternative model excluding 
the AMD scale, such that attitude towards message was measured solely 
through the AMC scale (Post-4). This alternative model demonstrated 
slightly improved fit indices. The findings suggest that the AMD scale 
may not have meaningfully contributed to explaining additional vari-
ance in the construct, raising questions regarding its suitability in the 
present context. Table 5 presents the results of the model excluding the 
AMD scale.

Overall, the alternative model without the AMD (Post-4) led to 
similar results than the hypothesized model. However, there were a few 

differences. First, the alternative model had consistently higher direct 
standardized coefficients for self-knowledge (β Hyp = .181; β Post-4 = .228), 
user-knowledge (β Hyp = .219; β Post-4 = .238), and context-knowledge (β Hyp
= .329; β Post-4 = .356) on attitudes towards agent. Second, while the effect 
of user-knowledge on attitudes towards message in the hypothesized 
model was non-significant, this effect was significant in the alternate 
model (β Hyp = .219, p Hyp = .079, β Post-4 = .294, p Post-4 = .016). Likewise, 
the direct effects of self-knowledge (β Hyp = .417, p Hyp = .051; β Post-4 = 

.438, p Post-4 = .035) and user-knowledge (β Hyp = .381, p Hyp = .081; β Post-4
= .417, p Post-4 = .049) on persuasion effectiveness also reached signifi-
cance in the alternative model. Lastly, the total effect of context-
knowledge did not remain significant in the alternative model (β Hyp =

.397, p Hyp = .046; β Post-4 = .376, p Post-4 = .054). These differences 
indicate that the estimated coefficients were somewhat sensitive to the 
operationalization of attitudes towards message. Building on limitations 
regarding statistical power, this further suggests that the hypothesized 
effects should be interpreted with appropriate caution, particularly hy-
pothesis H7, which is not supported in the alternative model.

4.4. Exploring impacts of agent persuasive behavior

To account for the agent persuasive behavior dimension of the KPM, 
we further explored potential impacts of the agent's message charac-
teristics identified in the qualitative manipulation check. To specify, we 
examined whether the quality of arguments (generic argument vs. 
personalized/context-sensitive/other specific arguments), the agent's asser-
tiveness (ask for opinion vs. suggest action), emotional engagement (ex-
press understanding/interest), and affirmation (compliment) affect 
persuasion effectiveness and attitudes towards message content. To do so, we

Table 4
Overview of post-hoc model comparison with fit indices.

Index Model CFI TLI RMSEA SRMR-
w

SRMR-
b

Hyp Hypothesized model .912 .894 .059 .070 .090
Post-
1 

Hyp without single
mediation

.885 .865 .067 .111 .336

Post-
2 

Hyp without self-
knowledge mediation

.912 .895 .059 .070 .086

Post-
3 

Hyp without direct
effects

.910 .893 .062 .069 .081

Post-
4

Hyp without AMD scale .932 .910 .064 .066 .085

Note. SRMR-w = SMRM-within; SRMR-b = SRMR-between.

Table 5
Structural effects from alternative model without AMD scale.

Construct Predictor β B z p 95% CI

Level 1 (within) 
Persuasion
Eff.

Attitude tw. 
Message 

.376 .051 5.152 <.001 [.032,
.070]

Attitudes tw. 
Message

Attitude tw. 
Agent

.854 1.331 7.226 <.001 [.960,
1.674]

Level 2 (between) 
Attitudes tw. 
Agent

Self-
Knowledge 

.228 .550 1.604 .109 [-.122,
1.223]

User-
Knowledge 

.238 .575 2.388 .017 [.103,
1.047]

Context-
Knowledge 

.356 .865 2.374 .018 [.151,
1.579]

Baseline 
Attitude 

.690 .997 2.826 .005 [.306,
1.689]

Attitudes tw. 
Message

Self-
Knowledge 

.158 .279 9.921 .357 [–.315,
.874]

User-
Knowledge 

.294 .519 2.411 .016 [.097,
.941]

Context-
Knowledge 

.217 .385 1.214 .225 [–.237,
1.006]

Baseline 
Attitude 

.435 .460 1.518 .129 [–.134,
1.054]

Persuasion
Eff.

Self-
Knowledge 

.438 .016 2.113 .035 [.002,
.065]

User-
Knowledge 

.417 .032 1.972 .049 [.000,
.064]

Context-
Knowledge

.180 .014 .849 .396 [–.018,
.046]

Mediation Effects 
Sequential 
Mediation

Self-
Knowledge 

.073 .037 1.521 .128 [–.011,
.086]

User-
Knowledge 

.077 .039 2.114 .035 [.003,
.075]

Context-
Knowledge 

.114 .059 2.108 .035 [.004,
.113]

Single
Mediation

Self-
Knowledge 

.060 .014 .909 .364 [–.017,
.045]

User-
Knowledge 

.111 .026 2.177 .030 [.003,
.050]

Context-
Knowledge 

.082 .020 1.184 .236 [–.013,
.052]

Total
Mediation

Self-
Knowledge 

.133 .052 1.364 .173 [–.023,
.126]

User-
Knowledge 

.187 .066 2.271 .023 [.009,
.122]

Context-
Knowledge 

.196 .078 1.882 .060 [–.003,
.160]

Total Effect Self-
Knowledge 

.571 .085 1.916 .055 [–.002,
.173]

User-
Knowledge 

.604 .098 2.621 .009 [.025,
.171]

Context-
Knowledge

.376 .092 1.931 .054 [–.001,
.186]
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matched our qualitative dataset with the number of codes per category 
(N = 24; number of interactions = 72) with the matching quantitative 
survey data. To control for different lengths of interactions, we calcu-
lated average scores for each category based on how many messages the 
agent wrote. For instance, if the agent used one generic argument within 
an interaction with four messages, the average score for generic argument 
is 25%. To analyze the data, we used linear mixed effect models to ac-
count for interactions nested within participants. Table 6 provides a 
result table of these analyses.

The agent's use of generic arguments led to more negative user 
evaluations of the agent's message content (B = − 1.095, p < .05), while 
specific arguments had a positive, although non-significant relationship 
with AMC scores (B = .635, p = .148). The more assertive way of suggest 
action (B = .673, p = .230) was related to a more positive evaluation of 
the agent's message content, while the less assertive way of ask for 
opinion was related with a more negative AMC score (B = − .369, p = 

.512). However, both of these effects were non-significant. Expressing 
understanding led to significantly lower AMC scores (B = − 1.405, p < 

.05). Lastly, compliment significantly led to higher persuasion effective-
ness (B = .122, p < .01) and AMC scores (B = 1.484, p < .01). However, 
these results are purely explorative and not driven by concrete hy-
potheses. Hence, they should be interpreted with appropriate caution.

5. Discussion

The present study set out to provide an initial empirical test of a 
parsimonious version of the KPM by examining how different types of 
agent knowledge shape human responses during persuasive interactions 
with GSAs. To do so, we adapted an interaction paradigm (Vonschallen, 
Finsler, et al., 2026) in which participants engaged in three open-ended 
conversations with a screen-based generative agent. The agent's avail-
able self-, user-, and context-knowledge was experimentally varied 
through prompting strategies. Self-knowledge was operationalized by 
providing the agent with information about its own role and personality, 
including high extraversion, high conscientiousness, low neuroticism, 
and an assertive yet expressive communication style. User-knowledge 
was manipulated by giving the agent access to participant-specific in-
formation, including demographics, conformity tendencies, involve-
ment with the persuasion topics, and transcripts from previous 
interactions. Context-knowledge was operationalized by supplying the

agent with detailed domain-specific information about the 
resource-allocation scenarios, such as the contents of training programs, 
nutrition plans, and investment options. Persuasion effectiveness was then 
assessed through changes in participant resource allocations across 
fitness, nutrition, and investment scenarios. For each of those in-
teractions, participant attitudes towards the agent and its messages were 
measured. Using a multilevel structural equation model, we tested a 
reduced KPM structure that focused on the pathways from knowledge 
configurations to user attitudes and subsequent behavioral influence. 

Overall, the findings offer partial support for the proposed cross-level 
sequential mediation model. At the between-subject level, both context-
knowledge and user-knowledge were associated with more favorable at-
titudes towards the agent, which subsequently enhanced attitudes to-
wards the persuasive messages and, in turn, increased persuasion 
effectiveness at the within-subject level. This aligns with findings that 
topic knowledge (Matz et al., 2024) and personalization (Banna et al., 
2025) lead to increased user acceptance in interactions with GSAs. 
Our findings extend this work by showing that such knowledge config-
urations matter not only for user evaluation, but also for actual behav-
ioral adjustment within interactions. Moreover, the indirect pathway 
involving only attitudes towards the message was consistently weaker 
than the full sequential route, indicating that the combined mediation 
through attitudes towards the agent and the persuasive messages rep-
resents the more influential mechanism in explaining how agent 
knowledge shapes persuasive outcomes.

In contrast, self-knowledge did not show a mediated effect on 
persuasion effectiveness, suggesting that its influence may operate 
independently of the proposed mediation sequence. These findings are 
at odds with previous research indicating that an agent's personality 
may impact user trust (Kovacevic et al., 2024), communication satis-
faction (Banna et al., 2025), and engagement (Sonlu et al., 2025). 
However, in two of these examples (Banna et al., 2025; Kovacevic et al., 
2024), the robot's personality was matched to the personality of the 
users, which was not the case in the current study. Hence, the reason 
why there was no mediation effect for self-knowledge could be individual 
user preferences towards the agent's role and personality, which we did 
not account for. For example, an agent could dynamically adjust its 
personality based on information about user preferences (Kovacevic 
et al., 2024). Similarly, the robot's predefined role may also impact 
how contextual or user-related information applied. Hence, 
self-knowledge may be highly interdependent with user- and 
context-knowledge.

To investigate the robustness of our findings, we also tested alter-
native models. A model without direct effects had a decreased fit, 
indicating that some variance is explained through direct effects inde-
pendent of self-reported user attitudes. On the other hand, a model 
without the attitudes towards message delivery scale fitted our data better 
than the model that was originally proposed. Hence, the robustness of 
some of our findings may be limited. Particularly, the availability of self-
knowledge led to significantly higher persuasion effectiveness in the 
alternative model, even though there were no significant effects on user 
attitudes. This further suggests that perceived user attitudes alone do not 
capture the whole persuasion process. Rather, there could also be sub-
liminal processes at work that manifest independently of a person's 
conscious evaluation (Ruch et al., 2016; Strahan et al., 2002; 
Sutil-Martín & Rienda-G´ omez, 2020). A potential direct effect of 
self-knowledge could imply that an agent's persuasive personality – even 
if not particularly liked or trusted – may be effective nonetheless. This 
interpretation would align with research by Parmar et al. (2022) where 
the highest persuasion occurred when acceptance, trust, and credibility 
of the agent was low. Furthermore, this pattern may be explained by 
emerging research on AI sycophancy. For example, Cheng et al. (2026) 
found that sycophantic AI responses can increase user trust and reliance 
while simultaneously reducing prosocial intentions, whereas Sun and 
Wang (2026) demonstrated that adaptive and complimentary LLM 

behavior can influence user decisions through pathways that bypass

Table 6
Summary of outputs from linear mixed effect models.

Predictor Outcome B t p 95% CI

Generic Arguments Persuasion
Eff.

− .027 − .737 .463 [–.097, 
.044] 

Generic Arguments AMC − 1.095 − 2.506 .015 [–1.953,
− .234] 

Specific Arguments Persuasion
Eff.

.025 .781 .438 [–.038, 
.088] 

Specific Arguments AMC .635 1.463 .148 [–.217, 
1.485] 

Suggest Action Persuasion
Eff.

− .015 − .347 .730 [–.097, 
.068] 

Suggest Action AMC .673 1.212 .230 [–.432, 
1.759] 

Ask for Opinion Persuasion
Eff.

.009 .212 .833 [–.076,
.094]

Ask for Opinion AMC − .369 − .659 .512 [–1.483, 
.726] 

Express 
Understanding 

Persuasion
Eff.

− .079 − 1.687 .096 [–.171, 
.013] 

Express 
Understanding 

AMC − 1.405 − 2.453 .017 [–2.526,
− .250]

Compliment Persuasion
Eff.

.122 2.708 .002 [.034, .210]

Compliment AMC 1.484 2.754 .003 [.416, 
2.541]

Note. AMC = Attitudes Towards Message Content.
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perceptions of perceived authenticity or trust. These interpretations are 
supported by our qualitative observations showing that agents with 
self-knowledge expressed agreement more frequently.

Overall, the quantitative results align well with the qualitative 
investigation of the robot's persuasive behavior. In conditions where 
context-knowledge and user-knowledge were available, we observed the 
largest changes in the robot's behavior. These were also the conditions 
that were associated with positive user attitudes and, subsequently, 
higher persuasion effectiveness. On the other hand, self-knowledge, 
where we observed less pronounced differences in persuasive message 
characteristics, did not significantly affect user attitudes and also did not 
show a significant total effect on persuasion effectiveness. We believe 
this is most likely due to limited statistical power, a weak experimental 
manipulation, or lacking robustness due to our measurement of attitudes 
towards message delivery.

The qualitative analysis of agent messages also highlights the 
importance of investigating responsible agent behaviors. In interactions 
where context-sensitive information about the scenarios was not avail-
able, the agent sometimes distributed false information, which could 
have negative consequences in real applications for the user, particu-
larly in health-related contexts (S. Chen et al., 2025). Hence, the avail-
ability of context-knowledge did not only increase persuasion 
effectiveness but may have also improved the agent's responsible 
behavior. The same could be said about user-knowledge, for example 
when the agent personalized training plans based on the participant's 
age, leading to safer recommendations. Moreover, if the agent had more 
self-knowledge about its own capabilities, it would not have offered the 
participants help that it cannot provide, e.g. by saying “I will always be 
there for you, if you need further help.” In addition, an agent's personality 
that is consistently careful or respectful may lead to safer interactions as 
well. This demonstrates the potential of the KPM to not only increase 
persuasion effectiveness in areas where it benefits users – but also to 
foster responsible agent behavior that aligns with ethical standards and 
social norms.

Lastly, our exploration of message characteristics and their impact on 
user attitudes and persuasion effectiveness provides first insights into 
the agent persuasive behavior dimension of the KPM. Compared with 
generic arguments, personalized or context-sensitive messages seem to 
be an indicator of more positive evaluations of these messages. This may 
explain why agents with user-, and context-knowledge had overall a more 
pronounced impact on persuasion effectiveness than agents with self-
knowledge, which featured more generic arguments. We also observed 
a negative effect of expressing understanding on user attitudes. One 
possible explanation is that empathic responses generated by an artifi-
cial agent may be perceived as inauthentic or merely simulated (Seitz, 
2024). This may yet be another explanation why self-knowledge, where 
the agent more often expressed understanding, may not have impacted 
user attitudes. On the other hand, we observed that affirmative agent 
behavior through the use of compliments led to more positive user at-
titudes and persuasion effectiveness, which matches with prior research 
on AI sycophancy (M. Cheng et al., 2026; Sun & Wang, 2026). However, 
expressing understanding was typically used when a user resisted an 
agent's suggestion, while compliment was more often used when the user 
complied. Hence, these categories may simply reflect a user's prior 
stance towards the agent's recommendation rather than independently 
influencing persuasion outcomes.

5.1. Strengths and limitations

This study was among the first to systematically examine how 

distinct knowledge configurations in GSAs shape human attitudes and 
behavioral responses. The experimental design allowed for controlled 
manipulation of the KPM dimensions self-, user-, and context-knowledge 
through prompting techniques. As a result, we identified distinct path-
ways through which agent knowledge may shape persuasive outcomes. 
However, due to insufficient statistical power and limited model

sensitivity, most of our results need to be treated as preliminary. While 
hypotheses H2.2, H3, and H4 were very robust, the study was not 
adequately powered to confirm or reject hypotheses H1.1, H1.2, H1.3, 
H2.1, and H5. In addition, hypotheses H2.2, H6, and H7 could only be 
partially supported when accounting for low statistical power and 
limited robustness. The lack of statistical power stemmed from the dif-
ficulty of determining the required sample size in complex multilevel 
SEM (Maas & Hox, 2005) and due to elevated dropout rates. Some of 
these dropouts were due to technical limitations. Although the system 

prompts generally ensured task-consistent behavior, the agent did not 
always fully adhere to instructions. Occasional deviations included not 
promoting the least-resourced option, failing to reiterate resource allo-
cations, drifting to unrelated topics, or miscalculating numerical values. 
Other issues, such as slow response times, server overload, and incom-
plete gesture rendering, further affected the fluidity in some of the 
interactions.

From a methodological perspective, the resource allocation para-
digm used in the current study enabled a continuous behavioral measure 
of persuasion effectiveness in a single decision task. We therefore did not 
have to rely on self-reported scales or repeated nominal compliance 
measures, as is the case with many persuasion studies (Liu et al., 2022). 
Resource allocations are relevant for a lot of real-world applications and 
use cases, provided that not merely monetary resources, but broader 
concepts such as available time are investigated. However, the resource 
allocation paradigm also introduced practical trade-offs between real-
ism and experimental control. Participants were restricted to allocating 
resources across only three predefined options in each scenario, even 
though real-world decisions typically involve a broader and more 
nuanced set of alternatives. Similarly, the fixed resource limits (e.g., 
exactly 6 h of exercise time) may not have reflected participants' true 
behavioral capacities or preferences, potentially constraining the inter-
pretability of changes in allocation. Furthermore, although the scenarios 
were realistic, they remained hypothetical, leaving open the question of 
whether observed changes in resource allocation translate into actual 
behavior beyond the laboratory context, as demonstrated by the widely 
discussed intention-behavior gap (Conner & Norman, 2022). Never-
theless, compared to more artificial paradigms such as desert-survival 
tasks (e.g., Gonçalves et al., 2024) or repetitive compliance measures 
(e.g., Ghazali et al., 2020), the resource allocation format offers 
improved ecological relevance and participant engagement 
(Vonschallen, Finsler, et al., 2026). However, as we measured differ-
ences in resource allocations pre- and post-interaction, anchoring effects 
may have contributed to the comparatively small effects in persuasion 
effectiveness, as initial judgments often bias subsequent evaluations and 
adjustments tend to remain insufficient (Epley & Gilovich, 2006; 
Tversky & Kahneman, 1974). In addition, attitudes are generally rela-
tively stable and resistant to change in short-term interventions (Petty & 
Cacioppo, 1986), which may have reduced the magnitude of observable 
pre–post differences and consequently limited statistical power to detect 
significant effects. As such, the resource allocation paradigm was a 
relatively conservative estimate for persuasion effectiveness, but it still 
provided a valid assessment by capturing actual changes in participants’ 
decisions rather than relying on self-reported attitudes or simple 
compliance measures.

Another methodological strength of the present work lies in the in-
clusion of several control variables that may have impacted the human-
agent interactions, such as participant's baseline attitudes towards 
persuasion topics and conformity. Including these confounders is 
important, especially when investigating open-ended interactions with 
GSAs (Vonschallen, Eyssel, et al., 2026). Future studies could further 
explore the role of user characteristics such as Big-5 personality traits, as 
they may have impacted receptiveness to agent-driven persuasion 
(Banna et al., 2025; Kovacevic et al., 2024). Additionally, while we 
measured participants' overall involvement with the scenario domains, 
we did not measure decision confidence levels for the specific tasks, 
which could have affected susceptibility to agent-driven persuasion
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(Pescetelli & Yeung, 2021). Additionally, future research could inves-
tigate individual differences in users' critical engagement with 
AI-generated information, such as tendencies towards verification, 
reflection, and critical evaluation of agent outputs. Recent work by Lau 
et al. (2025) suggests that such characteristics may moderate suscepti-
bility to persuasive yet potentially inaccurate AI responses, indicating 
that responsible human-agent interactions may depend not only on 
agent-side knowledge curation but also on users' critical thinking 
dispositions.

A methodological limitation was that our agent was mainly chat-
based and displayed gestures only through a set of video clips of robot 
gestures. We included these gestures because the KPM assumes the 
agent's message delivery (i.e., how an agent's message is conveyed) as a 
key aspect in persuasive interactions (Vonschallen, Eyssel, et al., 2026). 
However, our study had limited experimental realism: Participants 
would have likely engaged differently with a more expressive GSA such 
as a voice-based virtual agent or a physical social robot due to effects of 
speech, embodiment, or physical presence (Haring et al., 2021; Kwak 
et al., 2013; Lim et al., 2025a, Lim et al., 2025b; Sonlu et al., 2025). 
This might explain why the alternative model without attitudes towards 
message delivery fitted our data slightly better than the hypothesized 
model. Future studies should investigate more expressive agents, and 
ideally also compare the persuasion effectiveness of different agents. 

From a conceptual perspective, another limitation was that the focus 
of this study was on investigating the general model structure of the 
KPM, rather than exploring the impacts of specific factors. Hence, we 
simultaneously varied multiple operationalizations of self-knowledge 
(low neuroticism, high extraversion, conscientiousness, expressiveness, 
and assertiveness), user-knowledge (user information from questionnaire 
and memory of past interactions), and context-knowledge (e.g., infor-
mation on specific meals, nutrients, or health benefits for the nutrition 
task) to strengthen our experimental manipulation. While this approach 
was suitable for our goal of investigating dimension-level effects, we 
cannot make statements regarding the individual impacts of specific 
character traits, contextual information, or user information. Further-
more, there may be impactful aspects of self-, user-, and context-
knowledge that we did not operationalize. Future research is called for 
to identify isolated factors of self-, user-, and context-knowledge in order 
to provide design guidelines for specific applications of persuasive GSAs, 
for example in healthcare and education (Vonschallen, Oberle, et al., 
2026; Vonschallen, Zumthor, et al., 2026). Additionally, factors that 
may have a negative impact on persuasion effectiveness should also be 
investigated, as these could be used to mitigate the social influence of 
malicious agents. The current study provides an initial investigation of 
the KPM framework, based on which such prospective research may be 
conducted.

A further conceptual limitation of the current study lies in the fact 
that we only investigated differences in situated, and not embedded 
knowledge. To maintain high experimental control, the interaction 
platform employed a single GPT-4–based agent. Although preliminary 
research suggests some general lexical similarities between different 
models (Smith et al., 2025; Vonschallen, Häusler, et al., 2026), it is not 
certain yet whether our results generalize to other LLMs. Apart from 

using different models, the study did not investigate how fine-tuning can 
be used to embed the agent with relevant knowledge that impacts its 
persuasive behavior. This is particularly important in terms of respon-
sible persuasion. For example, research demonstrates how fine-tuning 
embedding spaces can reveal structured domain knowledge and sup-
port more transparent decision-making processes in medical AI systems, 
thereby linking knowledge representation with explainability and 
behavioral outcomes (Kraǐsniković et al., 2025). Adding to this, recent 
work on domain-specific LLM systems further highlights how trust-
worthy agent knowledge can be operationalized through architectural 
mechanisms such as retrieval-augmented generation (RAG), curated 
domain knowledge bases, and human-in-the-loop oversight 
(Ehrlich-Sommer et al., 2025). Such approaches may complement

prompting strategies in helping to reduce hallucinations, improve 
explainability, and ensure that persuasive GSAs behave in accordance 
with domain-specific norms and expert knowledge.

A final central limitation concerns the omission of the agent persua-
sive behavior layer from the KPM structure. The full KPM proposes that 
an agent's knowledge influences persuasion indirectly by shaping its 
actual persuasive behavior regarding the content and delivery of a 
persuasive message. This includes, for example, the agent's use of 
persuasive strategies, personalized or context-sensitive arguments, 
emotional tone, or nonverbal cues. We excluded this dimension as spe-
cific message characteristics are difficult to reliably identify and typi-
cally do not have large impacts on persuasion effectiveness on their own 
(O'Keefe & Hoeken, 2021). Although we investigated potential impacts 
of message characteristics by matching qualitative and quantitative 
data, this investigation was purely exploratory and needs to be 
confirmed with larger samples. To this end, the current study may 
provide initial insights that pave the way for a full validation of the KPM.

5.2. Conclusion

This study provided an initial empirical test of a reduced KPM, 
indicating that careful curation of an agent's knowledge may shape its 
persuasive impact. As generative systems increasingly enter sensitive 
domains such as healthcare and education (C´ ordova-Esparza, 2025; 
Ranisch & Haltaufderheide, 2025), the ability to regulate and constrain 
what these agents know will play a crucial role in ensuring that their 
influence is used responsibly and kept in check. While current discus-
sions on AI safety often focus on output moderation or alignment pro-
cedures, regulating what information agents can access and use may 
provide a complementary approach for shaping their persuasive 
behavior.

The present work further highlights the need to study generative 
systems not only as information-processing technologies, but also as 
social actors capable of influencing human judgments and behavior 
(Fogg, 2003; Nass et al., 1994). Future research should not only analyze 
the effects of agent knowledge on human responses, but also the 
resulting persuasive behaviors that mediate these effects. Integrating 
linguistic, conversational, and nonverbal analyses will help clarify how 

knowledge shapes message strategies and interaction dynamics. A 
deeper understanding of how GSAs influence human decision-making 
will be essential for both advancing theory and guiding the ethical 
deployment of conversational AI systems in everyday life.
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Herrera-Poyatos, D., Peláez-González, C., Zuheros, C., Herrera-Poyatos, A., Tejedor, V., 
Herrera, F., & Montes, R. (2025). An overview of model uncertainty and variability 
in LLM-based sentiment analysis: Challenges, mitigation strategies, and the role of 
explainability. Frontiers in Artificial Intelligence, 8, Article 1609097. https://doi.org/ 
10.3389/frai.2025.1609097

H¨ olbling, L., Maier, S., & Feuerriegel, S. (2025). A meta-analysis of the persuasive power 
of large Language Models. Scientific Reports, 15(1), Article 43818. https://doi.org/ 
10.1038/s41598-025-30783-y

Hu, L., & Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure 
analysis: Conventional criteria versus new alternatives. Structural Equation Modeling: 
A Multidisciplinary Journal, 6(1), 1–55. https://doi.org/10.1080/ 
10705519909540118

Hundt, A., Azeem, R., Mansouri, M., & Brand˜ ao, M. (2025). LLM-driven robots risk 
enacting discrimination, violence, and unlawful actions. International Journal of 
Social Robotics. https://doi.org/10.1007/s12369-025-01301-x

Johnson, B. T., & Eagly, A. H. (1989). Effects of involvement on persuasion: A meta-
analysis. Psychological Bulletin, 106(2), 290–314. https://doi.org/10.1037/0033-
2909.106.2.290

Jones, C. R., Rathi, I., Taylor, S., & Bergen, B. K. (2025). People cannot distinguish GPT-4 
from a human in a turing test. In Proceedings of the 2025 ACM conference on fairness, 
accountability, and transparency (pp. 1615–1639). https://doi.org/10.1145/ 
3715275.3732108

J¨ orke, M., Sapkota, S., Warkenthien, L., Vainio, N., Schmiedmayer, P., Brunskill, E., & 
Landay, J. A. (2025). GPTCoach: Towards LLM-based physical activity coaching. In 
Proceedings of the 2025 CHI conference on human factors in computing systems (pp. 
1–46). https://doi.org/10.1145/3706598.3713819

Karinshak, E., Liu, S. X., Park, J. S., & Hancock, J. T. (2023). Working with AI to 
persuade: Examining a large language model's ability to generate pro-vaccination 
messages. Proceedings of the ACM on Human-Computer Interaction, 7(CSCW1), 1–29. 
https://doi.org/10.1145/3579592

Khan, A., Hughes, J., Valentine, D., Ruis, L., Sachan, K., Radhakrishnan, A., 
Grefenstette, E., Bowman, S. R., Rockt¨ aschel, T., & Perez, E. (2024). Debating with 
more persuasive LLMs leads to more truthful answers. In Proceedings of the 41st 
international conference on machine learning ICML’24 (pp. 23662–23733). 

Koschate-Fischer, N., & Schwille, E. (2022). Mediation analysis in experimental research. 
In C. Homburg, M. Klarmann, & A. Vomberg (Hrsg), Handbook of market research 
(S. 857–905). Springer International Publishing. https://doi.org/10.1007/978-3-
319-57413-4_34.

Kovacevic, N., Boschung, T., Holz, C., Gross, M., & Wampfler, R. (2024). Chatbots with 
attitude: Enhancing chatbot interactions through dynamic personality infusion. In 
ACM Conversational User Interfaces 2024 (pp. 1–16). https://doi.org/10.1145/ 
3640794.3665543
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