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Abstract

Large Language Models like ChatGPT are becoming everyday
writing partners in the workplace. This study asked: how does
simply knowing an email was “edited by ChatGPT” affect its
persuasiveness and the perceived credibility of the sender? We
collected data from 308 professionals using experimental vi-
gnettes that simulated realistic workplace emails. Some emails
were described as entirely human-written, while others were
labeled as Al-edited, with variations in the sender's reliability
(who is sending the message) and strength of the argument
(how well the content is constructed). A Bayesian Model of
Argumentation provided normative predictions for how relia-
bility and argument quality should influence persuasion. We
found that when an email was labeled as “edited by ChatGPT,”
receivers saw it as less persuasive overall. However, Al-medi-
ation did not diminish the relative influence of source reliabil-
ity and argument quality. In other words, while the Al-edited
label reduced overall persuasiveness, it didn’t change how re-
cipients inherently evaluated credibility. They still adjusted
their beliefs primarily based on who sent the message and how
strong the argument was. To our knowledge, this is the first
study to apply a Bayesian framework to understanding how
people process Al-mediated communication.

Keywords: Al-mediated communication; Bayesian argumen-
tation; Workplace communication

Introduction

Today’s technology-driven world relies on effective digital
communication for successful collaboration and productivity
(Sivunen and Laitinen, 2019; Turner et al., 2010). Emails
play a central role in this process, with some employees
spending nearly 60% of their workday on meetings, emails,
and chats (Microsoft, 2023). Yet, the overwhelming volume
of emails can lead to cognitive strain, or “email overload,”
with negative implications for employee well-being and or-
ganisational productivity (Giurge & Bohns, 2021; Reinke and
Chamorro-Premuzic, 2014). Large language models (LLMs)
like ChatGPT offer a potential solution by acting as virtual
assistants to draft and edit personalized emails (Chang et al.,
2023; Draxler et al., 2024). By generating human-like text,
these tools may help reduce cognitive overload and boost pro-
ductivity (Bastola et al., 2023). However, the growing use of
these Al tools also raises concerns about their impact on com-
munication and trust in the workplace. While they can make
writing more efficient, they may also risk changing how col-
leagues are perceived and how their messages are interpreted.

Individuals often struggle to differentiate between mes-
sages created by humans and those generated by Al (Jakesch

et al., 2023; Kobis & Mossink, 2021; Kreps et al., 2022; Spit-
ale et al., 2023). Yet, when people know the content is Al-
generated, they tend to mistrust the message (Ragot et al.,
2020; Tiegen et al., 2023). Mistrust can also extend to suspi-
cion towards the individual using it (Hohenstein et al., 2021;
Jakeschetal.,2019; Liu et al., 2022; Wu & Kelly, 2020). This
can vary based on individual differences, including a re-
ceiver’s general attitude toward Al, whether positive or neg-
ative, which shapes how they evaluate Al-generated content.
(Karinshak et al., 2023; Lim & Schmilzle, 2023; Jakesch et
al., 2019). Still, prior studies found that, in general, people's
trust in email senders decreased when they were told that
ChatGPT was involved in the writing process (Liu et al.,
2022). As future Al systems may be given greater autonomy
in handling communication tasks without oversight (Hancock
et al., 2020), email receivers might struggle to discern who
they are communicating with and what inferences to draw.
This could have implications for the way individuals main-
tain and develop relationships in the workplace, where trust
and collaboration are essential.

Previous AI-MC research has indicated that factors such as
trustworthiness, expertise, and message content influence in-
terpersonal perceptions in AI-MC (Jakesch et al., 2019; Liu
et al., 2022). However, the cognitive mechanisms underlying
these effects have been explored mainly in theory. To our
knowledge, no formal quantitative models have been empiri-
cally tested to validate these theoretical concepts. Therefore,
this paper embeds AI-MC in a Bayesian Model of Argumen-
tation (Madsen & Wong, 2023), which predicts belief-updat-
ing as a joint function of source reliability and argument qual-
ity.

Bayesian models offer a testable, quantitative framework
for understanding cognitive processes (Hahn and Oaksford,
2006a). The Bayesian Model of Argumentation provides a
formula for estimating how a ‘rational agent ’should revise
their belief in a hypothesis. The quantitative component of
consists of ascribing conditional probability distributions for
each variable in a Bayesian Network (BN). BN’s provide the
means to test causal models of scenarios and compare ob-
served beliefs to the predicted normative standard (Lagnado
et al., 2012; Madsen and Pilditch, 2018). The model used in
this paper (Madsen and Wong, 2023), evaluates how argu-
ment quality and source reliability influence persuasiveness,
accounting for initial subjective beliefs, the quality of the
message content, and the trustworthiness and expertise of the
source, as factors that influence belief change. The model
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predicts positive updating when strong evidence comes from
a trustworthy, expert source, and negative updating when
weak evidence comes from an unreliable source.

The experiment uses vignettes that simulate workplace
email exchanges in human versus Al-mediated conditions to
explore the influence of trustworthiness, expertise, and argu-
ment quality on persuasiveness. The study then tests the mod-
erating effects of these variables on belief change, and uses
Bayes ’theorem to compare the observed results with pre-
dicted outcomes, thereby assessing the model's predictive
power.

Taken together, these literatures motivate our approach.
Prior AI-MC research suggests that disclosing Al involve-
ment can reduce perceived trustworthiness. The specific
Bayesian Model of Argumentation used in this study offers a
structured framework for predicting how individuals revise
their beliefs based on source reliability and argument quality.
By integrating these perspectives, we aim to explore whether
Al involvement influences persuasiveness, and whether it
changes the extent to which people rely on source reliability
and argument quality when updating their beliefs. We antici-
pate that Al-mediation will lower overall persuasiveness, and
we examine whether, and to what extent, it alters the influ-
ence of a sender’s reliability and the strength of their argu-
ment. Based on these theoretical foundations, we outline the
following research questions and hypotheses:

1. How does perceived Al-mediation in workplace emails
influence the persuasiveness of a message, accounting for the
source's reliability and the quality of the argument?

2. To what extent can a Bayesian model predict the persua-
sive potential of Al-mediated communication?

H1. Source reliability will be positively correlated with
perceived belief in the hypothesis. (More reliable sources will
be more persuasive.)

H2. Argument quality will be positively correlated with
perceived belief in the hypothesis. (Stronger arguments will
be more persuasive.)

H3.1 Perceived Al-Mediation will have a moderating ef-
fect on influences of source reliability and argument quality
on belief in the hypothesis.

H3. 2 Source reliability will have significant main effects
in both the human and Al-mediated conditions

H3. 3. Argument quality will have significant main effects
in both the human and Al-mediated conditions

H4. In the Al-Mediated condition, general attitudes to-
wards artificial intelligence (GAAIS scale) will influence be-
lief change. (Exploratory)

HS. Bayesian predictions modeled based on Madsen and
Wong (2023) will be positively correlated with the observed
responses.

This paper attempts to make two main contributions to ac-
ademic literature. First, it seeks to formalise the effects of Al-
MC by operationalising a Bayesian model. Second, it will test
the predictive abilities of the Bayesian framework for Al-me-
diated communication. Beyond advancing theory, this study
also offers practical guidance for organisations integrating Al
into their daily communication workflows.

Method

The hypotheses, research design, and analyses for this
study were pre-registered before data collection. Pre-registra-
tion can be found via the following link: https://osf.io/j8nk6

Participants: A priori power analysis was conducted using
the software G*Power 3.1 (Faul et al., 2009), to determine
the sample size needed to minimise false positive (type I) and
false negative (type II) errors. Using effect size (f) = 0.25,
significance level (a) = 0.05, and power level (1-p err prob)
= 0.95, a sample of 251 was recommended. 308 participants
were recruited using the research platform Prolific, providing
a 23% cushion. Sampling criteria specified that participants
should be native English speakers from the UK, U.S., or Can-
ada and employed full-time at a knowledge-based organisa-
tion. This was intended to increase the likelihood of partici-
pants ’familiarity with email-based workplace communica-
tions.

Three distinct attention checks were included to ensure ac-
tive engagement. Submissions failing one or more attention
checks were rejected. Consequently, 33 participants were re-
moved for incomplete responses and 35 participants were re-
moved for failing one or more attention checks. Additionally,
8 participants were removed for having a prior belief rating
of ‘certainty (0 or 1) as Bayesian belief updating relies on
the ability or “openness” to revise beliefs as new evidence is
presented (Hahn and Oaksford, 2006). Extreme priors imply
‘absolute certainty ’and prevent this functioning.

The 232 remaining participants were evenly divided across
conditions. Even distribution was visually inspected and re-
vealed no apparent statistically significant differences in gen-
der, education, and age between the two groups.

Design: The study employed a 2x2x2 factorial design. The
independent variables were: Type of Mediation (human vs.
Al-mediated), Source Reliability (reliable vs. unreliable), and
Argument Quality (strong vs. weak). The type of mediation
was a between-subjects variable, while source reliability and
argument quality were within-subjects variables. The de-
pendent variable, belief change, is the difference between

prior and posterior assessments.
(Figure 1: Email exchange in ‘Scenario A ’under the Al-mediated, relia-
ble source, and strong argument quality condition)

As is common in Bayesian studies (e.g., Hahn et al., 2009;
Oaksford and Hahn, 2004; Madsen and Wong, 2023), the in-
dependent variables were operationalised using vignettes,
which have also been effectively utilised in management and
organisational behaviour research through Experimental Vi-
gnette Methodology (Aguinis and Bradley, 2014). Following
Madsen and Wong (2023), this setup employed a third-party
argument evaluation paradigm, where participants evaluated
the exchange rather than directly engaging in it (e.g., Oaks-
ford and Hahn, 2004; Hahn et al., 2009).

All email exchanges were human-written, but in the Al-
mediated condition, scenarios were labelled as Al-mediated.
This employs a technique similar to the “Wizard of Oz” ap-
proach (Dahlbick et al., 1993) as seen in various other Al-
MC studies (Jakesch et al., 2019; Liu et al., 2022). We did
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not use Al-generated messages because our goal was to un-
derstand whether simply believing a message was Al-medi-
ated would influence how recipients evaluated the message
and its sender. All emails were pre-tested in a pilot study
(which we discuss in detail later) to ensure they did not sound
distinctly human- or Al-written.

Participants were presented with four different scenarios
set within a hypothetical mid-sized marketing agency in Lon-
don. Each scenario followed a consistent structure, framed as
an email exchange between ‘Employee X ’seeking advice
from ‘Employee Y’ (Figure I).

How likely do you think Sarah is to buy the ErgoMax desk chair?

0: Highly UNLIKELY 100: Highly LIKELY

(Figure 2: Eliciting Posterior Belief)

Prior to reading the exchange, participants provided a
‘prior’ degree of belief about the likelihood that ‘Employee
X’ would follow ‘Employee Y’s advice. After reading the ex-
change, participants provided their ‘posterior' degree of belief
(Figure 2). Responses were recorded probabilistically on a
scale from 0 to 100 (0 being “Highly Unlikely”, and 100 be-
ing “High Likely”). There were no back buttons so partici-
pants could not modify their rated prior belief.

To assess participants ’perceptions of artificial intelli-
gence, the General Attitudes towards Artificial Intelligence
Scale (GAAIS; Schepman & Rodway, 2023) was adminis-
tered at the end of the survey in the form of a matrix table.
The GAAIS is a validated measure used to gauge attitudes
towards Al. Using a positive and negative subscale of 20 total
items, attitudes are measured using a 5-point Likert scale,
with answers ranging from ‘Strongly Disagree ’to ‘Strongly
Agree ’(Schepman & Rodway, 2023). This scale has been ad-
ministered in similar studies within psychology (e.g. Teigen
et al., 2023; Lim & Schmailzle, 2023).

Manipulations: Since Mediation Type was a between-sub-
jects variable, each participant saw exclusively human or ex-
clusively Al-mediated email exchanges. Al-mediation was
disclosed within the emails as part of the sign-oft as: “(Edited
by ChatGPT)”

Source reliability is a combined measure of trustworthiness
and expertise (Harris et al., 2015). Therefore, the manipula-
tion for source reliability was two-fold, involving trustwor-
thiness and expertise. Following Harris et al., (2015) and
Madsen and Wong (2023), trustworthiness is defined in terms
of helpfulness, while expertise is associated with knowledge-
ability.

Argument quality was manipulated following Madsen and
Wong (2023), which adopted Petty et al.’s (1981) definition
of strong messages as ones that “provided persuasive evi-
dence (statistics, data, etc.)” to support their claim; whilst
weak messages relied on subjective personal opinions to sup-
port their position.

Pilot study: A pilot study was conducted to assess the ef-
fectiveness of the manipulated variables. Specifically, manip-
ulation checks for source reliability and argument quality

were essential to confirm whether they were effectively dis-
tinguished as strong or weak. The pilot study consisted of 70
participants. Participants were asked to rate trustworthiness,
expertise, and argument quality statements on a sliding scale
from 0 to 100 . Strong and weak manipulations were consid-
ered valid if they achieved a mean rating above 70 for high
and below 30 for low. The results from the pilot study were
also used to parameterise the Bayesian model. The pilot also
pre-tested participants' perceptions of whether each argument
was human or Al-generated, using a 5-point Likert scale sim-
ilar to the process outlined by Liu et al. (2022) and Jakesch et
al. (2019). Participants were asked to rate each argument:
“Do you think this email was (1) ‘Definitely Human-written ’
to (5) ‘Definitely Al-generated’?” This pre-test was designed
to ensure that the statements could be perceived as both hu-
man or Al- mediated. Results found the mean Al scores for
the individual statements ranged from 1.69 to 3.41. The over-
all mean AI score across all statements was 2.55, with a
standard error of 0.071, a 95% confidence interval [2.41 -
2.69], and a median of 2.00. These findings indicate that par-
ticipants were generally uncertain of whether the statements
were human or Al, tending to fall in the middle of the scale.
This confirmed that the statements likely could be perceived
as both human-written or Al-generated.

Procedure: Participants were assigned to either the human
or Al-mediated condition. In each condition, they reviewed
all four scenarios (A, B, C, D). The experimental conditions
(weak/strong argument quality and reliable/unreliable
source) and the order of scenarios were randomised using
block randomisation to minimise carryover effects and en-
sure a balanced collection of responses (Cochran & Cox,
1957). The GAAIS scale was assessed at the end of the sur-
vey to further reduce any carryover bias.

Computing Bayesian Predctions: Parameter values for Ar-
gument Strength and Source Reliability were derived from
the values obtained in the manipulation checks conducted
during the pilot study, following Madsen and Wong (2023).
The mean parameter values consist of the average ratings for
strong and weak arguments, and reliable and unreliable
sources, which aggregates the trustworthiness and expertise
ratings. The Bayesian predictions for the current model were
computed using the following formulas, replicating Madsen
and Wong (2023) which operationalise Argument Quality
and Source Relaibility within Bayes "theorem:

P(rep/H) = P(rep/H, strong, rel)*P(strong)*P(rel) +
P(rep|H, strong, unrel)*P(strong)*P(unrel) + P(rep|H, weak,
rel)*P(weak)*P(rel) + P(rep|H, weak, unrel)*P(weak)*P(un-
rel)

P(rep|not-H) = P(rep|not-H, strong, rel)*P(strong)*P(rel)
+ P(rep|not-H, strong, unrel)*P(strong)*P(unrel) + P(rep|not-
H, weak, rel)*P(weak)*P(rel) + P(rep|not-H, weak, un-
rel)*P(weak)*P(unrel)

Data Analysis: A 2x2x2 three-way mixed ANOVA (Anal-
ysis of Variance) was performed. First, a mixed linear regres-
sion model (Imer) was fitted to the dataset, specifying the
fixed effects of the independent variables (mediation type, ar-
gument quality, source reliability) and the covariate (GAAIS
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positive and negative scale) on belief change as the depend-
ent variable, as well as relevant interactions. The random ef-
fects accounted for repeated measures, as each participant
rated four scenarios, resulting in four unique observations per
participant. In total, there were 928 observations in the da-
taset. Belief change was measured as the difference in partic-
ipants “prior and posterior. In other words, participants ’rat-
ings of the likelihood of ‘Employee X 'making a certain de-
cision before and after receiving the advice from 'Employee
Y. *This was obtained by subtracting the corresponding prior
belief rating from each posterior belief rating.

A type III ANOVA output with Satterthwaite’s method
was produced following the Imer. This provided F-values, p-
values, and degrees of freedom for the fixed effects and their
interactions, allowing for an assessment of the significance of
each variable and interaction on belief change. To validate
the model assumptions, the Shapiro-Wilk test was performed.
The test indicated that the assumption of normality was vio-
lated. As a result, a Kruskal-Wallis test was conducted on
each independent variable to provide a non-parametric alter-
native for analysing the differences between groups. Two
separate two-way ANOV As were performed to examine how
the within-subjects variables interacted in the unique be-
tween-subjects condition and to assess the influence of the
GAALIS scale as a covariate. The assumptions of normality
were tested for each condition individually; while the human
condition violated the normality assumption, the Al condition
did not. Additionally, an ANCOVA (Analysis of Covariance)
was conducted and found similar results to the initial mixed
ANOVA, supporting the robustness of the findings despite
the violation of the normality assumption. To assess whether
the quantitative Bayesian predictions approximated the ob-
served data, a linear regression analysis was conducted com-
paring the observed and predicted posterior beliefs. The re-
sulting R2 value indicates the proportion of variance in the
observed data that is explained by the model's predictions,
thereby evaluating the accuracy and fit of the Bayesian pre-
dictions to the actual data. All statistical analyses were car-
ried out at a significance level of o = 0.05.

Results

A mixed linear regression found a statistically significant
effect of mediation type on belief change (b=7.15,
p=0.00027). This indicates that participants who perceived
the emails to be human-written experienced more positive be-
lief change compared to those who perceived the emails to be
Al-mediated. In other words, participants who believed the
emails were human- written were more persuaded than those
who perceived the emails to be Al-mediated.

The mixed linear regression also found a statistically sig-
nificant effect of argument quality on belief change
(b=18.7019, p=<2e—16), and a statistically significant effect
of source reliability on belief change (b=20.92, p=<2e—16).
This indicates that higher-quality arguments and more relia-
ble sources were strongly associated with more positive be-
lief updating.

The ANOVA supported these findings, showing statisti-
cally significant effects for mediation type (F(1, 225.02) =
13.6960, p = 0.0002703), argument quality (F(1, 836.19) =
204.9467, p < 2.2 x 10 -16), and source reliability (F(1,
832.94) = 257.1303, p < 2.2 x 10-16). These results confirm
that mediation type, argument quality, and source reliability
independently account for substantial variance in the model.
When interaction effects were added to the model, both the
Imer and ANOVA found that the three-way interaction be-
tween mediation type, source reliability, and argument qual-
ity was not statistically significant (F(1, 857.39) = 0.0002, p
= 0.9896). Individually, the two-way interactions between
mediation type and source reliability (F(1, 848.34) = 0.0132,
p = 0.9084) and between mediation type and argument qual-
ity (F(1, 853.94) = 0.4613, p = 0.4972) were also not statisti-
cally significant. However, the interaction between source re-
liability and argument quality was significant (F(1, 850.85) =
7.7448, p = 0.0055006), suggesting that the combined effect
of source reliability and argument quality lead to greater be-
lief change.

To further investigate, two separate ANOVAs were con-
ducted for each mediation type. Both the Al-mediated and
human conditions found significant effects of source reliabil-
ity and argument quality on belief change. In the Al-mediated
condition, source reliability (F(1, 411.96) = 133.7030, p <
2.2e-16) and argument quality (F(1, 411.38) = 95.8762, p <
2.2e-16) were significant. Similarly, in the human condition,
source reliability (F(1, 426.00) = 127.3581, p < 2e-16) and
argument quality (F(1, 431.64) = 112.2311, p < 2e-16) were
significant. When adding interaction effects to the model,
both in the human and Al-mediated condition, ANOVAS re-
vealed significant interactions between source reliability and
argument quality on belief change (Human: F(1, 437.57) =
7.7469, p = 0.005613; Al-Mediated: F(1, 423.32) = 8.4274,
p =0.0038892).

Uniquely, the Al-mediated condition revealed a significant
GAAIS Positive Mean (F(1, 116.18) = 4.5306, p =
0.0354061), whereas the human condition did not find this
effect significant. This suggests that more positive attitudes
towards Al (as measured by GAAIS) were uniquely associ-
ated with belief change when emails were perceived to be Al-
Mediated rather than human. To further explore the direction
of this effect, the equivalent Imer for the Al-mediated condi-
tion was assessed. It reported a significant positive GAAIS
Positive Mean (b= 4.6692, p = 0.0354). This indicates that
higher positive attitudes towards Al are significantly associ-
ated with greater belief change in the Al-mediated condition.
In other words, individuals with more positive attitudes to-
wards Al were more persuaded by the emails perceived to be
Al-mediated.

Unexpectedly, the mixed linear regression for the full
model found a statistically significant effect of education
level on belief change (b=—2.5204, p=0.00388), indicating
that higher education levels are associated with an average
decrease in belief change. This suggests that individuals with
higher levels of education were less persuaded by the mes-
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sages overall. The ANOVA also found a statistically signifi-
cant effect of education level on belief change (F(1, 225.55)
=8.5123, p = 0.0038842). However, it is possible that these
results were influenced by the distribution of participants
across education levels, with a substantial majority of the
sample holding a bachelor's degree or higher.

The fit between Bayesian predicted posteriors and ob-
served posteriors in both human and Al- mediated conditions
were a good fit in both conditions. A linear regression analy-
sis of the observed and predicted posterior beliefs was con-
ducted to assess the model fit, yielding results of R2 = 0.865
for the human condition and R2 = 0.856 for the Al condition.

Hypothesis Testing: The above findings provide support
for testing the hypotheses as follows.

H1. Source reliability will be positively correlated with
perceived belief in the hypothesis.

The Imer and ANOVA results showed a statistically signif-
icant positive effect of source reliability on belief change (b
= 20.92, p < 2e-16; F(1, 832.94) = 257.1303, p < 2.2 x
10—16). This indicates that as source reliability increases,
participants ’belief change also increases, supporting the hy-
pothesis. Indeed, these results indicate that more reliable
sources are more persuasive.

H1. Source reliability will be positively correlated with
perceived belief in the hypothesis.

The Imer and ANOVA results showed a statistically signif-
icant positive effect of source reliability on belief change (b
= 20.92, p < 2e-16; F(1, 832.94) = 257.1303, p < 2.2 x
10—16). This indicates that as source reliability increases,
participants ’belief change also increases, supporting the hy-
pothesis. Indeed, these results indicate that more reliable
sources are more persuasive.

H2. Argument quality will be positively correlated with
perceived belief in the hypothesis. The Imer and ANOVA
results demonstrated a statistically significant positive effect
of argument quality on belief change (b = 18.7019, p <
2e—16; F(1, 836.19) =204.9467, p < 2.2 x 10—16). This indi-
cates that as the quality of the arguments presented increases,
participants ’belief change also increases, supporting the hy-
pothesis. Therefore, we can assume that stronger arguments
are more persuasive.

H3. Perceived AI-Mediation will have a moderating ef-
fect on influences of source reliability and argument qual-
ity on belief in the hypothesis.

The results from the Imer and ANOVA analyses indicated
that the three-way interaction between mediation type, source
reliability, and argument quality was not statistically signifi-
cant. Additionally, the two-way interactions between media-
tion type and source reliability and between mediation type
and argument quality were also not statistically significant.
However, analyses did reveal a significant main effect of me-
diation type on belief change (F(1, 225.02) = 13.6960, p =
0.0002703), with participants in the human condition show-
ing greater positive belief updating compared to those in the
Al-mediated condition. This suggests that messages per-
ceived to be Al-mediated were less persuasive than when per-

ceived to be human written. Nevertheless, while Al-media-
tion significantly affects overall belief change, it does not ap-
pear to moderate the relationship between source reliability,
argument quality, and belief change.

H3. 2. Source reliability will have main effects in both
the human and Al-mediated conditions.

Separate ANOVAs for each mediation type were con-
ducted to evaluate the main effects of source reliability on
belief change. The results revealed significant effects of
source reliability in both the Al-mediated condition (F(1,
411.96) = 133.7030, p < 2.2e—16) and the human condition
(F(1,426.00)=127.3581, p <2e—16). These findings indicate
that reliable sources are more persuasive regardless of
whether emails are perceived to be human-written or Al-me-
diated.

H3. 3. Argument quality will have main effects in both
the human and Al-mediated conditions.

The separate ANOVAs for each mediation type indicated
significant effects of argument quality in both the Al-medi-
ated condition (F(1,411.38) =95.8762, p <2.2e—16) and the
human condition (F(1, 431.64) = 112.2311, p < 2e—16).
These results demonstrate that higher-quality arguments are
more persuasive regardless of whether they are perceived to
be human-written or Al-mediated.

H4. In the AI-mediated condition, general attitudes to-
wards artificial intelligence (GAAIS) will influence belief
change. (Exploratory)

The ANOVA and Imer for the Al-mediated condition re-
vealed a statistically significant effect of GAAIS Positive
Mean on belief change (b =4.6692, p = 0.0354; F(1, 116.18)
=4.5306, p = 0.0354061). This indicates that more positive
attitudes towards Al are associated with greater belief change
among participants in the Al-mediated context. This effect
was not significant in the human condition, indicating that the
influence of positive attitudes towards Al on belief change is
uniquely relevant in the context of Al-mediation. Taken to-
gether, these results suggest that individuals with more fa-
vourable views of Al are more persuaded by Al-mediated
emails than those with less favourable views of Al.

HS. Bayesian predictions modeled by Madsen and
Wong (2023) will be positively correlated with the ob-
served responses.

A linear regression analysis was conducted to assess the fit
between the Bayesian predicted posteriors and the observed
posteriors in both the human and Al-mediated conditions.
The results showed a strong correlation, with R2 = 0.865 for
the human condition and R2 = 0.856 for the Al condition.
These high R2 values indicate that the Bayesian predictions
are a good fit for the observed responses in both conditions.
These findings support the hypothesis and suggest that the
predictions derived from the previous model are effective in
predicting belief change in both the human and Al-mediated
contexts.
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Discussion

Messages labelled as “edited by ChatGPT” were less per-
suasive than the same messages presented as entirely hu-
man-written. Consistent with previous research on Al-medi-
ated communication which suggests that individuals experi-
ence increased uncertainty in AI-MC and may mistrust those
they suspect of using it (Jakesch et al., 2019; Liu et al., 2022),
this study demonstrates that individuals are less convinced to
take advice from colleagues who have disclosed they are us-
ing ChatGPT to edit their emails. Therefore, disclosing the
use of Al in an email made the sender less persuasive.

However, source reliability and argument quality had
equivalent influences on belief change across both human
and Al-mediated conditions. For example, credible senders
delivering strong arguments produced the greatest belief
change, regardless of Al involvement. Consistent with the
Bayesian framework proposed by Madsen and Wong (2023),
source reliability and argument quality interacted multiplica-
tively. The absence of interaction effects between mediation
type and either source reliability or argument quality indi-
cates that Al-involvement alters baseline persuasiveness but
does not modify how recipients weigh these two factors.

As hypothesised, individuals ’general attitudes towards Al
moderated responses in the Al-mediated condition. Partici-
pants with more favourable views of Al were comparatively
more persuaded than those with less favourable views. This
builds on previous research indicating that the persuasiveness
of Al-generated content is influenced by general attitudes to-
wards Al (Lim & Schmalzle, 2023), expanding this to include
Al-mediated content. It also supports previous findings that
attitudes towards Al influence trustworthiness in AI-MC
(Jakesch et al., 2019). Additionally, it supports the Bayesian
intuition that individuals will reach different reasonable con-
clusions based on their prior subjective beliefs.

This study also compared Bayesian predicted posteriors to
observed posteriors using elicited conditional probabilities
adapted from Madsen and Wong (2023). Predicted posteriors
closely matched observed belief change in both conditions,
indicating that the Bayesian framework captures belief revi-
sion under AI-MC. These results further evidence the predic-
tive power of the Bayesian model tested, both within the con-
text of digital communication and AI-MC, and invites further
testing of Bayesian models to understand belief updating
within computer and Al-mediated communication.

These findings offer guardedly positive implications for
AI-MC. Participants did not abandon normative reasoning in
the Al-condition: they still considered who was writing and
how strong the arguments were. A trustworthy, expert sender
with a strong argument retained considerable influence, even
when ChatGPT was involved as an editor.

Practically, this underscores the importance of cultivating
reliable relationships and high-quality content as Al becomes
commonplace in organisational communication.

Limitations

The Shapiro-Wilk test revealed a violation of the assump-
tion of normality in the results of the full Imer. Although non-

parametric Kruskal-Wallis tests were employed to validate
the findings, this violation limits how the results can be inter-
preted, particularly concerning interaction effects. Although
the sample size was determined by a priori power analysis, a
larger sample may have mitigated this distribution error.
There are similar sample size concerns regarding the explor-
atory finding that higher education levels were associated
with reduced belief change. This could have been influenced
by the fact that most participants in this study held at least a
bachelor’s degree. This presents an opportunity for further
investigation into how educational background influences
perceptions of Al-mediated communication, and belief up-
dating generally.

Concluding Remarks

This papers offers a first effort to apply a Bayesian frame-
work for understanding the cognitive effects of Al-mediated
communication. The key findings reveal that perceived Al-
mediation and disclosure reduced the persuasiveness of
emails compared with emails that were perceived to be hu-
man written. Despite this, Al-mediation did not entirely un-
dermine the influence of source reliability and argument
quality on relative persuasiveness. In practical terms, this
means that when individuals believe an email was edited by
ChatGPT, they tend to find it less convincing than if they be-
lieve it was written entirely by a colleague. However, this
scepticism does not override the relative importance of who
is sending the message or how well the arguments are con-
structed. If the sender of the email is trusted and the message
is strong, these factors have a greater influence on the percep-
tion and persuasiveness of the message, even when Al in-
volvement is acknowledged. This suggests that while Al can
introduce a layer of doubt, it does not entirely discount the
persuasiveness of the communication.

There are concerns in Al-mediated communication litera-
ture that warn of AI-MC fundamentally undermining trust in
computer-mediated interactions all together (Hancock et al.,
2020). However, the present findings offer a potentially reas-
suring perspective. They demonstrate that recipients do not
completely discount Al-mediated emails. Instead, they con-
tinue to ground their judgements in who is sending the mes-
sage and how strong the argument is.

As Al technologies become more deeply integrated into
workplaces as tools for productivity and efficiency, these
findings are relevant for informing how generative Al, and
LLMs, are adopted within internal communications. Clearly,
there is potential for such tools to be implemented in organi-
sational communications without entirely undermining relia-
bility and content. However, our findings suggest that build-
ing and maintaining interpersonal relationships among col-
leagues will become increasingly important in the AI-MC
age. Considering that Al continues to advance and become
more integrated into various aspects of communication, the
study of AI-MC, and quantifiable frameworks like the Bayes-
ian Model of Argumentation, offer vast potential for further
research.
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