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Abstract

Matching the language or content of a message to the psychological profile of its recipient (known
as “personalized persuasion”) is widely considered to be one of the most effective messaging
strategies. We demonstrate that the rapid advances in large language models (LLMs), like
ChatGPT, could accelerate this influence by making personalized persuasion scalable. Across four
studies (consisting of seven sub-studies; total N = 1,788), we show that personalized messages
crafted by ChatGPT exhibit significantly more influence than non-personalized messages. This
was true across different domains of persuasion (e.g., marketing of consumer products, political
appeals for climate action), psychological profiles (e.g., personality traits, political ideology, moral
foundations), and when only providing the LLM with a single, short prompt naming or describing
the targeted psychological dimension. Thus, our findings are among the first to demonstrate the
potential for LLMs to automate, and thereby scale, the use of personalized persuasion in ways that
enhance its effectiveness and efficiency. We discuss the implications for researchers, practitioners,
and the general public.
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Introduction

Financial analysists have described people’s digital behavioral data as “more valuable than o0il” (1,
2). This is, in part, because such records afford one of the most effective forms of influence:
personalized persuasion (3, 4). Compared to non-personalized communication, matching the
content of a persuasive message (e.g., its language or visuals) to the psychological profile of its
recipient enhances its effectiveness (e.g., 4, 5). On the one hand, such personalization offers
tremendous opportunities to promote desired behaviors, including a healthy lifestyle (6-8),
financial saving (9), or support for environmentalism (10). On the other hand, it can have a
pernicious effect on societies (11), for example, increasing the spread of disinformation (12),
manipulating political preferences (13, 14), or promoting maladaptive consumer decision-making
(15, 16). We provide the first empirical evidence demonstrating how content generated by artificial
intelligence (Al) can scale personalized persuasion by automating the creation of such messages
with only limited information about the message recipient. As legislators increasingly consider
whether (and how) to regulate generative Al (17), our work suggests that Al-automated,
personalized persuasion is poised to create an inflection point for the implementation and
effectiveness of this influence tactic.

Up to this moment in time, the design and delivery of personalized persuasion in real-world
conditions has been constrained by two procedural steps: (i) the identification of a target’s
psychological profile, and (ii) the crafting of a message that resonates with that profile. In recent
years, the growing availability of people’s digital footprints in combination with novel machine
learning tools has enabled researchers and practitioners to automate the first step. For example,
instead of relying on self-report measures to assess people’s psychological traits (e.g., personality),
predictive algorithms can estimate these traits directly from their digital behavior (17-19),
including their Facebook Likes (19, 21), the language used in their social media posts (22—26),
their profile pictures (27), their credit card spending (28, 29), and their smartphone sensing data
(30).

Research suggests that such automated predictions can indeed accelerate the implementation of
personalized persuasion (31, 32). However, the second step of this influence tactic — crafting a
message that matches the identified psychological profile — has continued to require the labor- and
time-intensive process of human authorship (i.e., human creators must develop and design the
persuasive messages that match the targeted psychology). In this paper, we empirically test the
effectiveness of using large language models (LLMs: 33-37) -- specifically, OpenAl’s widely used
ChatGPT (37) -- to author text-based, psychologically-tailored persuasion.

LLMs are advanced generative Al systems that use transformer neural network architectures (38)
to learn language representations from vast corpora of text data. LLMs can use these
representations to generate text based on probabilistic estimates for which words or groups of
words would be most expected in response to a particular text-based prompt. Since their inception,
LLMs have shown rapid performance improvements in a variety of natural language processing
tasks (39). In addition, applications that are optimized for human interaction with LLMs (e.g.,



chat.opaenai.com) have made them accessible to the general public, with ChatGPT becoming the
fastest platform to reach 100 million monthly active users (42).

Scientists and practitioners have been quick to acknowledge the potential power of LLMs in the
context of persuasion (43-45). For example, ad agencies have started to employ LLMs to create
generic “ad copy” that can be published quickly (46). Similarly, recent research suggests that
automatically generated product descriptions in combination with human screening can result in
improved click-through and conversion rates in e-commerce sites (47). While these developments
speak to the ability of LLMs to generate generic persuasive content, they do not offer any insights
into (i) whether LLMs can create persuasive messages that are personalized to the needs and
motivations of an individual and (ii) whether doing so indeed makes these persuasive attempts
more influential.

We expect LLMs to be able to do so for several reasons. First, LLMs have been shown to bear an
uncanny resemblance to humans in how they process information and respond to external stimuli
(e.g., 48). For example, recent work suggests that a central, psychological process in personalized
persuasion, theory of mind (e.g., representing other people’s mental states), may have
spontaneously emerged in LLMs (e.g., 49, 50). Moreover, whereas humans are known to be prone
to egocentrism biases when crafting persuasive messages — i.e., producing arguments that are
persuasive to themselves, rather than the other person (51) — algorithms do not suffer from the
same limitations, making LLMs prime candidates for the creation of personalized persuasive
content. Second, because LLMs have been trained on expansive corpora of human-generated
language, they have access to a far greater and more diverse range of human expressions than any
single human author could ever process. In combination, these two features make it likely that
LLMs are not only able to discern the meaning of psychological constructs, but that they will also
be able to integrate their vast “knowledge” of them into the generation of persuasive personalized
messages. If this prediction is true, outsourcing personalized persuasion to machines could not
only increase its efficiency and scalability, but also its effectiveness.

Across four studies consisting of seven individual sub-studies, we provide some of the first
empirical evidence that LLMs can “close the loop” in automating the design and implementation
of personalized persuasion. Specifically, we show that Open AI’s ChatGPT is capable of
generating personalized persuasion that is effective in shaping people’s attitudes and intended
behaviors. To highlight the breadth and generalizability of our findings, we replicate the effect
across multiple prominent persuasion domains (i.e., consumer marketing, political appeals, and
health messaging), as well as a variety of psychological traits that reflect different but common
aspects of a person’s psychological profile (i.e., Big Five personality traits, regulatory focus,
political orientation, and moral foundations).

The studies received ethical approval from Columbia University’s IRB (Protocol #: AAAU4108)
and were performed in accordance with relevant guidelines and regulations. All participants
provided informed consent at the beginning of the study. Materials, data, and analysis scripts are
available on OSF (link: https://osf.io/79wcm/).
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Studies 1la and 1b

Studies 1a and 1b investigated whether personality-tailored messages generated by the pre-trained
Transformer model ChatGPT-3 can increase the messages’ perceived persuasiveness. In addition,
Study 1b tested whether the effect was impacted by people’s awareness that the messages were
generated using Al and designed to speak to specific personality traits. We focused on the Big Five
personality traits as an established marker of personality (52) that has been: (i) validated across
different contexts (53), (ii) shown to predict a wide range of preferences and life outcomes (45,
46), and (iii) used in past research on personalized persuasion (e.g., 56-58). The Big Five model
posits that individual differences in cognition, affect, and behavior can be pragmatically described
using the following five dimensions: Openness, Conscientiousness, Extraversion, Agreeableness
and Neuroticism (52, 59).

Methods Study 1a

In Study 1a, we recruited 127 participants through Prolific Academic. Participants who failed at
least one of two attention checks were excluded from the analyses (n = 7). The 120 participants in
the final sample were 37.2 = 13.2 (mean + std.) years old and 50% of them identified as female.

Participants first indicated their preferences for different iPhone ads. The ad messages were
tailored to the high and low ends of the Big Five personality traits using the open-source
playground version of GPT-3 (version “text-davinci-003”). For example, we prompted GPT-3 to
generate an iPhone ad tailored to extraversion with the prompt: “Write an iPhone ad for someone
who is extraverted and enthusiastic.” In contrast, we prompted it to customize a message for
introversion with: “Write an iPhone ad for someone who is reserved and quiet.” The adjectives
used in these prompts (e.g., reserved and quiet) were taken from the language used to identify
personality traits (e.g., Introversion) in the Ten-Item-Personality-Inventory (TIPI, 60), but were
adjusted in a few instances to reflect more positive versions of the same characteristics (e.g.,
competitive rather than quarrelsome for low Agreeableness). We did not generate messages for
the personality trait of Neuroticism as this trait is unique in that messages designed to “match” the
low end of the continuum (i.e., emotionally stable messages) would be appealing to people low
and high in Neuroticism (61). Fig. 1 shows examples of the messages generated by GPT-3 for the
two prompts above (see Table S1 in the Sl for all prompts and messages, and Table S2 for the
results of a pre-validation study supporting the intended personality affinity of all stimuli).



Fig. 1. Extraverted and introverted ads for an iPhone generated by GPT-3 alongside the response
scale used to record effectiveness ratings.

Ad A Ad B
If you're the life of the party, always up for a good time, If you're looking for a phone that won't draw attention
and enjoy being surrounded by people, then this is the to itself, the iPhone is the perfect choice. With a sleek,
| phone for you! With its bright, colorful design and built-in understated design, it's the perfect device for anyone who
| social media features, the iPhone is perfect for extraverted, wants a phone that's easy to use and doesn't stand out
enthusiastic people like you. So come on, let's party! in a crowd.

Please use the scales below to tell us which of the two ads you think is more effective:

neutral
Ad Ais much more persuasive | () () () () (0 () (O (O ¢ O (| AdBis much more persuasive

p— . — e p— .

Ad B did a much better job at making
me interested in the iPhone

Ad A did a much better job at making
me interested in the iPhone

YOO Y Y YOy Y Y Y
N N N N N N A

We measured people’s preferences for various ads using two 11-point bi-polar scales that
contrasted the messages tailored towards the high and low ends of the personality trait (Fig. 1).
The bi-polar measure minimizes biased evaluations via “response substitution” (62). That is, while
uni-polar measures (e.g., “How much did this change your opinion?””) might simply capture
participants’ a priori evaluation or unrelated individual differences, the current measure focuses
participants’ evaluations of the ads’ relative effectiveness. Effectiveness was calculated as the
average score across the two bi-polar items assessed for each ad (see Fig. S1 for distribution of
outcome variables). In later studies (Studies 3-4), we demonstrate the generalizability of our
findings by taking alternative approaches to assess the messages’ effectiveness.

Finally, participants completed an established measure of the Big Five personality traits (BFI-2S,
63), which asks participants to rate their agreement with a set of 30 statements. Responses were
recorded on a 7-point scale ranging from 1 = Strongly Disagree to 7 = Strongly Agree. With
Cronbach’s alphas ranging from 0.78 to 0.87, the scale reliabilities were found to be good
(Openness = 0.82, Conscientiousness = 0.82, Extraversion = 0.83, Agreeableness = 0.78 and
Neuroticism = 0.87). Participants also responded to a series of socio-demographic questions,
including age, gender, ethnicity, employment status and education.

Results Study la

To test whether people prefer personalized messages automatically generated by GPT-3, we first
ran a series of linear regression analyses, regressing the continuous message effectiveness ratings
for each trait on all the Big Five traits and controls (i.e., age, gender, employment status, education,
and ethnicity; see Table S3 in the Supplementary Information for zero-order correlations). Fig. 2
shows the standardized effects with 95% confidence intervals for each of the ad pairs associated
with the four personality traits (see Table S4 in the Supplementary Information for full model
outputs). Supporting our hypothesis, we found that participants’ Openness (f = 0.36, Clgs = 0.16—
0.56, p < 0.001), Conscientiousness (5 = 0.29, Clgs = 0.05-0.53, p = 0.020), and Extraversion (5 =



0.40, Clgs = 0.16-0.63, p < 0.001) predicted their preferences for the ads tailored to these traits.
We did not observe a significant effect for Agreeableness (5 =-0.17, Clgs =-0.40-0.06, p = 0.152).

Fig 2. Effects (with 95% confidence intervals) of Big Five personality traits on effectiveness
ratings for the respective ads.
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Methods Study 1b

In Study 1b, we recruited a total of 500 participants through Prolific Academic. Participants who
failed at least one of two attention checks were excluded from the analyses (n = 29). The 471
participants in the final sample were 36.2 + 12.5 years old and 48% of them identified as female.

All materials and outcome measures were the same as in Study 1a (see Fig. S2 for distribution of
outcome variables). Unlike Study 1a, however, participants were randomly assigned to one of three
experimental conditions. The first condition (“baseline’) was similar to that of Study la. In the
second condition (“Disclosure 17), participants were informed that the ads were generated by GPT-
3, a generative Al (“The ads have been generated by GPT-3, an artificial intelligence program
that can use different prompts (e.g. "Please write me an iPhone ad") to create content”). In the
third condition (“Disclosure 2”), participants were told that GPT-3 had been instructed to create
ads tailored to different personality traits (“The ads have been generated by GPT-3, an artificial



intelligence program that can use different prompts (e.g., "Please write me an iPhone ad") to
create content. We asked GPT-3 to generate ads tailored to different personalities (e.g., people
who are outgoing and social or people who are reserved and quiet.”)

As in Study 1a, participants completed the BFI2-S to report on their Big Five personality. The
scale reliabilities for the BFI-2S Big Five personality measure (63) were found to be good to
excellent (Openness = 0.85, Conscientiousness = 0.84, Extraversion = 0.83, Agreeableness = 0.79
and Neuroticism = 0.90).

Results Study 1b

We replicated our earlier findings using the full sample in Study 1b, finding that participants’
Openness (B = 0.16, Clgs = 0.06-0.25, p < 0.001), Conscientiousness (5 = 0.20, Clgs = 0.09-0.31,
p < 0.001) and Extraversion (5 = 0.29, Clgs = 0.18-0.39, p < 0.001), but not Agreeableness (5 =
0.00, Clgs = -0.11-0.14, p = 0.847) predicted people’s preferences for generative Al ads tailored
to these traits (Table S5 for zero-order correlations and Table S6 for full regression outputs).

To test the impact of our experimental manipulation in Study 1b (i.e., the different disclosures),
we ran the same four linear regression analyses while adding an interaction term between the
relevant personality trait and the condition. None of the interaction terms were significant,
suggesting that the personality matching effects did not vary across experimental conditions. That
is, the effects largely persisted when informing people about the fact that the messages were
generated by an Al rather than a human, and that the ads were designed to appeal to different
personality traits (see Fig. S3 for a visual depiction of the findings, Table S7 for the full regression
outputs, and Tables S8-S10 for regression analyses conducted separately for each condition).

Study 2

Study 2 tested the generalizability of the effects observed in Study 1 by replicating them using a
broader set of stimuli and psychological characteristics. Specifically, we used ChatGPT to
generate: (i) ads for Nike sneakers, tailored to the Big Five traits, (ii) persuasive messages
promoting participants to exercise more, tailored to regulatory focus (64), and (iii) political appeals
for climate action, tailored to moral foundations. The two new psychological characteristics
included in Study 2 were chosen based on their relevance to their respective message domains and
prior matching research. Regulatory focus captures individual differences in people’s dispositional
motivation to pursue their goals by focusing on the attainment of desired outcomes (promotion
focus) or the prevention of undesirable outcomes (prevention focus, e.g., 65). Matching messages
to people’s dominant regulatory focus has previously been shown to enhance the effectiveness of
personalized persuasion, especially in the health domain (6, 66). Moral foundations describe
individual differences in people’s moral reasoning (i.e., the way they decide what is right and
wrong) along five dimensions: Loyalty, Care, Fairness, Purity and Authority (67). Research on
moral reframing has shown that persuasive political appeals are more effective when they are
tailored to people’s moral foundations, or when they are matched with the foundations that closely
align with their political ideologies (10, 68, 69).



Methods

We recruited a total of 200 participants through Prolific Academic. Participants who failed at least
one of three attention checks were excluded from the analyses (n = 8). The 192 participants in the
final sample were 36.7 = 13.0SDs years old and 49% of them identified as female.

Participants were shown a series of Al-generated persuasive messages about the various topics,
which were tailored to the dimensions within the respective psychological profile: Nike sneakers
(Big Five traits), exercise (regulatory focus), and climate action (moral foundations). As in Study
1, the prompts for these messages were minimal (e.g., regulatory focus: “Write a short persuasive
ad to convince a prevention-focused person to exercise more.”; moral foundation, fairness: “Write
a short political ad in favor of taking climate action that is tailored to people scoring high on the
moral foundation of fairness.”). All persuasive messages were generated using the most recent
openly available version of ChatGPT (compiled on February 16, 2023) Table 1 shows two political
speeches tailored to the moral foundations of Fairness and Loyalty (see Tables S11-13 in the
Supplementary Information for all prompts and messages, and Tables S14-16 for the results of a
pre-validation study supporting the intended psychological affinity of all stimuli).

To assess message effectiveness, for each of the Big Five traits and regulatory focus messages,
participants used the same bi-polar response scale as in Study 1. For moral foundations, we used
an alternative measure that required participants to make trade-offs by allocating a total of 100
points across all messages (prompt: “Imagine you hear five politicians advocating for climate
action. They all have different arguments for why they believe we should act. Please read through
all of the arguments carefully and decide how persuasive you find them. You have a total of 100
points to allocate across the five arguments. You can do so by typing the number of points in the
box next to each argument. The more persuasive you find an argument, the more points you should
allocate to it.”). The trade-offs were used since there are no high and low ends to contrast the
foundation dimensions. As with the bi-polar scales, this approach allowed us to assess message
effectiveness in a way that removed individual differences and a priori evaluations in people’s
general support for the topic, testing liking for the messages themselves. Fig. S4 in the
Supplementary Information shows the response distributions for all persuasive messages.



Table 1. Political speeches advocating for climate action generated by ChatGPT to appeal to the

moral foundations of Fairness and Loyalty

Loyalty

Fairness

Do you believe in standing up for the people and places that
you love? Do you feel a strong sense of loyalty to your
community, your country, and the natural world around
you? If so, then | urge you to consider the benefits of taking
action on climate change.

Climate change is not just an environmental issue — it's a
threat to the places and people that we hold dear. From the
rising sea levels that threaten our coastal communities to the
extreme weather events that disrupt our lives and
livelihoods, the impacts of climate change are being felt all
around us.

By taking action on climate change, we can help to protect
the people and places that we love, showing our loyalty to
our communities and our country. We can invest in resilient
infrastructure, prepare for the impacts of climate change,
and work to build a stronger and more secure future for all.

Moreover, taking action on climate change is not just a
matter of protecting our own interests — it's also an
opportunity to lead by example and inspire others to do the
same. By showing our loyalty to the natural world and
taking steps to protect it, we can help to create a brighter
and more hopeful future for all.

So if you believe in standing up for the people and places
that you love, we urge you to support action on climate
change. Together, we can create a future that is both loyal
and resilient, reflecting the best of our shared values and
commitments to the people and places that we call home.

Do you believe in creating a fair and just world for all? Do you
feel a strong sense of responsibility to ensure that everyone
has access to clean air, clean water, and a healthy
environment? If so, then | urge you to consider the benefits of
taking action on climate change.

Climate change is not just an environmental issue — it's a
matter of fairness and justice. The impacts of climate change
are being felt most acutely by the most vulnerable members of
society, including low-income communities and people of
color. These communities often lack the resources and
political power to protect themselves from the effects of
climate change.

By taking action on climate change, we can help to create a
fairer and more just world for all. We can invest in renewable
energy sources, promote sustainable transportation, and work
to create a more equitable and inclusive society that prioritizes
the needs of all people.

Moreover, taking action on climate change is not just a matter
of fairness — it's also an opportunity to lead by example and
inspire others to do the same. By showing our commitment to
fairness and justice, we can help to create a brighter and more
hopeful future for all.

So if you believe in creating a fair and just world for all, we
urge you to support action on climate change. Together, we
can create a future that is both sustainable and equitable,
reflecting the best of our shared values and commitments to
fairness and justice for all.

After rating each of the ads, participants completed a series of self-report surveys. We again
measured participants’ Big Five personality traits using the 30-item BFI-2S (63). With Cronbach’s
alphas ranging from 0.78 to 0.87, the scale reliabilities were found to be good (Openness = 0.82,
Conscientiousness = 0.82, Extraversion = 0.83, Agreeableness = 0.78 and Neuroticism = 0.87).

We measured regulatory focus (promotion versus prevention) using an adapted measure of the
original 18-item scale (70). Specifically, we removed four items that referred to academic
performance, leaving us with 14 items in total, seven each for promotion and prevention-focus
(e.g., “In general, 1 am focused on preventing negative events in my life” for prevention and “I
frequently imagine how | will achieve my hopes and aspirations” for promotion). Responses were
recorded on a 7-point scale ranging from 1 = Strongly Disagree to 7 = Strongly Agree. With a
Cronbach’s alpha of 0.81 for prevention-focus and 0.90 for promotion-focus, the scale reliabilities
of the adapted measure were found to be good to excellent, with both measures being uncorrelated
(r = .086, p = .234). Given that the outcome measure required participants to rate the relative
effectiveness of between the promotion and prevention focused message, we used the difference
between participants’ dispositional promotion and preventions scores as our predictor.



We measured the moral foundations using the Moral Foundations Questionnaire (MFQ-30, 71),
which uses 30 items to measure the five moral foundations: purity, care, loyalty, fairness and
authority. One set of questions asked participants to indicate the extent to which a certain criterion
is relevant to them when deciding whether something is right or wrong (e.g., “Whether or not
someone showed a lack of respect for authority” for authority). Responses were recorded on a 6-
point scale ranging from 1 = Not at all relevant to 6 = Extremely relevant. The second set of
questions asked people to rate their agreement with a series of statements (e.g., “Justice is the most
important requirement for a society” for fairness). Responses were recorded on a 6-point scale
ranging from 1 = Strongly disagree to 6 = Strongly agree. Scores were averaged across both sets
of questions. With Cronbach’s alphas ranging from 0.60 to 0.86, the scale reliabilities were found
to be acceptable to good (Purity = 0.77, Care = 0.73, Loyalty = 0.70, Fairness = 0.60 and Authority
= 0.86). We also asked participants to report their political ideology on a scale ranging from 1 =
Very conservative to 7 = Very liberal.

Results

We ran a series of linear regression analyses, regressing the continuous message effectiveness
ratings for each outcome on the respective set of psychological characteristics and controls. While
we added all the Big Five traits into the model simultaneously (similar to Study 1), the moral
foundations were added individually due to their relatively high inter-correlations (average r =
0.34, max r = 0.75). Given that the moral foundations have previously been related to political
ideology, and political ideology can be more easily imputed in the real world from online
behavioral data or accessed through data brokers, we also tested the impact of political ideology
on people’s effectiveness ratings for the moral foundation messages. For this purpose, we totaled
the points allocated to the two messages tailored to the dimensions typically associated with a more
liberal ideology (care and fairness) and regressed that measure on participants’ political ideology
and controls.

For the sneaker ads tailored to the Big Five traits, we replicated the findings of Study 1 in that
participants’ Openness (8 = 0.19, Clgs = 0.04-0.34, p = 0.012) and Extraversion (# = 0.19, Clgs =
0.01-0.37, p = 0.040) predicted their preferences for the ads tailored to these traits. We did not
find any significant effects for Conscientiousness (# = 0.08, Clgs = -0.12-0.28, p = 0.424) or
Agreeableness (5 =-0.00 Clgs =-0.18-0.17, p = 0.984; see Fig. S5 for a visualization of marginal
effects, Table S17 for zero-order correlations, and Table S18 for full regression outputs).

For the health behavior messages tailored to regulatory focus, we found small, but non-significant,
matching effects (f = 0.12, Clgs = -0.03—-0.27, p = 0.125; see Fig. S6 for a visualization of
marginal effects, Table S19 for zero-order correlations, and Table S20 for full regression outputs).

For the climate change appeals tailored to moral foundations, we found that three of the moral
foundations as well as political ideology showed the expected matching effects (Fig. 4; see Table
S21 for zero-order correlations). Specifically, we found that participants’ Loyalty (5 = 0.17, Clgs
=0.02-0.32, p = 0.026), Fairness (# = 0.25, Clgs = 0.11-0.40, p = 0.001), Authority (# = 0.22, Clgs
=0.07-0.37, p = 0.005), and political orientation (# = 0.22, Clgs = 0.08-0.37, p = 0.003) predicted



their preferences for the matching ads (Table S22). We did not find any significant effects for
Purity (5 =-0.04, Clgs =-0.20-0.12, p = 0.645) or Care (5 = -0.06, Clgs = -0.10-0.21, p = 0.468).

Fig 4. Effects (with 95% confidence intervals) of political ideology and moral foundations on
effectiveness ratings for the respective ads.
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Studies 3a-c

Studies 3a and 3b tested the potential of Al-generated matching effects under more conservative
conditions to better support our findings’ real-world applicability. This included: (i) replacing the
bi-polar response scales with single message evaluations (akin to users scrolling down their
newsfeed and evaluating one ad at a time), and (ii) gauging message effectiveness on people’s
willingness-to-pay (WTP; i.e. “How much would you be willing to spend on X?”’) as a proxy for
behavior. Previous research has found that self-reported WTP is both an interpretable outcome
(72) and a reflection of people’s actual, in-market demand and pricing decisions (73).

Study 3c complements Studies 3a-b with an experimental between-subjects design in which
participants only evaluated one message at a time (instead of a within-subjects design in which
participants evaluated all messages). By using this approach, we offer an even more conservative
test of the effects and rule out any remaining artifactual explanations for the findings (e.g., within-
stimuli influence from contrasting opposing ads). This study was pre-registered on
AsPredicted.com (link: aspredicted.org/8ZH_T9L).


https://aspredicted.org/8ZH_T9L

Methods Study 3a

In Study 3a, we focused once again on smartphone advertisements tailored to Big Five personality
traits. We recruited 200 participants through Prolific Academic. Participants who failed at least
one of two attention checks were excluded from the analyses (n = 8). The 192 participants in the
final sample were 35.7 = 13.4 years old and 50% of them identified as female.

We used the four iPhone ads that represented the high ends of the personality traits from Study 1
(i.e., high Openness, high Conscientiousness, high Extraversion, and high Agreeableness).
Although our analyses were focused on Openness and Extraversion (given that these were the only
two traits that showed robust effects in Studies 1 and 2), we retained the other two messages for
Agreeableness and Conscientiousness. This was done to statistically account for variance in our
outcome measures attributable to individual differences unrelated to people’s ad preferences (e.g.,
extraverts potentially giving higher scores on rating scales, or individual variation in the amount
of money they can afford to spend when purchasing a smartphone). Specifically, we calculated the
residuals for each outcome measure by regressing the targeted outcome (e.g., WTP for the phone
advertised with the Openness ad) on the equivalent outcomes for the other traits (e.g., WTP for the
phone advertised with the Conscientiousness, Extraversion and Agreeableness ads; see 47 for a
similar approach). This allows us to isolate the unique variance in a participant’s preference that
IS unique to each specific ad (as opposed to the variance that is shared among all of them).

Participants were presented with one ad at a time and indicated their agreement with the following
two statements: “This is a persuasive ad” and “This ad has made me more interested in the iPhone
(1 = Strongly Disagree to 7 = Strongly Agree). Effectiveness was calculated as the average of the
two items. Participants were also asked to indicate the amount of money in $USD they would be
willing to spend on the iPhone with values ranging from $1-$1000 (WTP; see Fig. S7 for
distribution of outcome variables). This range was selected to realistically represent the price of
the most advanced iPhone model at the time of data collection ($1000; iPhone 14 Pro) as well as
various other prices for older, used, or discounted iPhones.

In addition to the control variables used across Studies 1-2, we calculated the average
effectiveness/WTP for each participant to further control for differences in averages on these
ratings. We also included the position in which an ad was displayed to control for order effects.

Similar to Studies 1 and 2, we measured participants’ Big Five personality traits using the 30-item
BFI-2S (63). With Cronbach’s alphas ranging from 0.81 to 0.89, the scale reliabilities were found
to be good (Openness = 0.81, Conscientiousness = 0.89, Extraversion = 0.82, Agreeableness =
0.82 and Neuroticism = 0.86).

Results Study 3a

We ran a series of linear regression analyses, regressing the residual effectiveness and WTP ratings
for the Al-generated ads on the respective set of psychological characteristics and controls
(including the order in which the ad appeared and the average ratings across all ads; Fig 5).



Replicating the findings from Studies 1 and 2, we found that participants assigned higher
effectiveness scores to messages that aligned with their Openness (8 = 0.24, Clgs = 0.07-0.41, p =
0.005) and Extraversion (# = 0.35, Clgs = 0.18-0.52, p < 0.001). Similarly, we found that
participants were willing to pay more for the iPhone when the message aligned with their
Extraversion scores (5 = 0.26, Clgs = 0.09-0.44, p = 0.004). An increase of one standard deviation
in participant’s extraversion was akin to an increase of $33 in the willingness to pay for the iPhone
advertised with the extraverted message. The effect of Openness was found to be marginally
significant (5 = 0.15, Clos = -0.02-0.33, p = 0.085, equivalent to an increase of $19 in willingness
to pay; see Table S23 for zero-order correlations and Tables S24-25 for full regression outputs).

Methods Study 3b

In Study 3b, we aimed to replicate the effects of Al generated matching on WTP using a different
persuasion domain and different set of psychological traits. For this purpose, we recruited 203
participants through Prolific Academic. Participants who failed at least one of two attention checks
were excluded from the analyses (n = 7). The 196 participants in the final sample were 39.7 £
14.59 years old and 48% of them identified as female.

Participants read the five speeches advocating for climate action created for Study 2, one speech
at a time, and indicated their agreement with the following two statements: “This is a compelling
argument for climate action” and “The argument has made me more interested in supporting
climate action”. Responses were recorded on a 7-point scale ranging from 1 = Strongly Disagree
to 7 = Strongly Agree. Persuasiveness was calculated as the mean across the two items. Participants
were also asked to indicate the amount of money they would be willing to donate to the depicted
politician’s campaign with values ranging from $1-$100 (see Fig. S8 for distribution of outcome
variables). This range was selected based on interpretability as well as survey data showing that
the average American donates less than $100 to political causes (74).

Given that liberals are generally more likely to consider climate-change affirming messaging
effective and are more likely to donate to climate related causes, we calculated the outcome
measure as a difference score. That is, we calculated the difference between the average scores of
the liberal-leaning messages (care and fairness) and the average scores of the conservative-leaning
messages (purity, loyalty and authority).

As in Study 3a, we calculated the average effectiveness/WTP for each participant to further control
for differences in average effectiveness and WTP ratings and included the position in which a
particular speech was displayed to control for order effects. Participants reported their political
ideology on a scale ranging from 1 = Very conservative to 7 = Very liberal.

Results Study 3b

Replicating the findings from Study 3a, we found that participants assign higher persuasiveness
scores to Al generated messages that align with their political ideology (# = 0.18, Clgs = 0.03—



0.33, p =0.018) and are willing to donate more to the politicians that use these messages (5 = 0.24,
Clgs =0.09-0.38, p = 0.002). An increase of one standard deviation in participant’s liberalism was
akin to an additional $2 (out of $100) donated to the politician using matching (liberal compared
to conservative) messages (see Fig S9 for a visualization of marginal effects, Table S26 for zero-
order correlations, and Table S27 for full regression outputs). Additional analyses of the
residualized effectiveness and WTP scores for each message show that the effects were largely
driven by the fairness and loyalty messages (Tables S28-29 in the Supplementary Information).

Fig 5. Effects (with 95% confidence intervals) of Big Five personality traits on effectiveness
ratings and WTP for the respective ads.
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Methods Study 3c

We recruited 350 participants through Prolific Academic, excluding those who failed at least one
of two attention checks (n = 7). From those remaining, we selected the first 320 responses to adhere
to our preregistered target sample (the results remain unchanged when using all 343 participants).
The 320 participants in the final sample were 36.1 £ 12.3 years old and 52% identified as female.



We used two sets of messages: ads that were tailored to high and low levels of Extraversion for
the iPhone (see stimuli from Studies 1 and 3a, Table S1), and speeches tailored to fairness and
loyalty for the political messages on climate action (see Stimuli from Study 2, Table S12). Each
participant responded to both scenarios (iPhone and political) but saw and rated only one of the
respective messages in each scenario (e.g., either the introverted or extraverted iPhone ad). This
design further helped simulate ecologically realistic conditions (i.e., people exposed to ads for
different topics), removed demand effects (i.e., by only soliciting evaluations for one of the ads),
and eliminated any influence of contrast effects from mismatched messages (i.e., as
matching/mismatching was done between-participants).

As preregistered, we collected the same measures as Study 3a (ad effectiveness and willingness to
pay; see Fig. S10 for distributions of outcome variables). As before, we measured participants’
Big Five personality traits using the 30-item BFI-2S (63). With Cronbach’s alphas ranging from
0.77 to 0.88, the scale reliabilities were found to be good (Openness = 0.82, Conscientiousness =
0.87, Extraversion = 0.84, Agreeableness = 0.77 and Neuroticism = 0.88). Participants also
reported their political ideology on a scale ranging from 1 = Very conservative to 7 = Very liberal.

Results 3c

We ran a series of linear regression analyses, regressing the effectiveness ratings and WTP for
each persuasion scenario on the interaction between the type of Al-generated message (specific
personality or moral foundation) and the psychological profile of the participant (personality or
political ideology). Because responses to our political ideology measure were negatively skewed,
we could not dichotomize this variable as preregistered (i.e., any split would have led to an
arbitrary distinction or highly uneven groups). Thus, we analyzed the interactions with the
continuous extraversion and political ideology measures (which we had described as an additional
robustness check in the pre-registration). Importantly, the findings for extraversion — which
allowed for a meaningful median split — remain unchanged when using the dichotomized version.

The results of this study replicate our earlier matching effects for the ad effectiveness measure.
The Al-generated matched messages were perceived to be more effective in both the iPhone
scenario (8 = 0.25, Clgs = 0.03-0.47, p = 0.026) and the political speech scenario (# = 0.23, Clgs =
0.02-0.43, p = 0.028; Fig. 6, see also Table S30 for zero-order correlations, and Table S31 for
full regression outputs). Although the effects for the WTP measure were directionally consistent,
they were not significant (iPhone: #=0.04, Clgs=-0.19-0.27, p = 0.743, political speech: = 0.08,
Clgs =-0.14-0.30, p = 0.484; Fig. 6 and Table S31 for full regression outputs). Instead, we found
strong main effects of extraversion and political ideology on WTP, with extraverts being willing
to spend more on the iPhone in general, and liberals willing to donate more to political candidates
advocating for climate action. Although the matching effects were weaker for the WTP measure,
this is a finding consistent with behavioral phenomena more broadly (75) and one we discuss in
greater detail in the Discussion.



Fig 6. Interaction Effects (with 95% confidence intervals) of participants and message
personality/political ideology on effectiveness ratings and WTP for iPhone ads and political

speeches.
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Study 4

In our final study, we more fully simulate the process involved in scaling the use of ChatGPT for
personalized persuasion in the real world. That is, instead of designing a limited set of messages
ahead of time and assessing participants’ psychological traits post hoc, we recruited participants
whose personality profile was known to us prior to the study (i.e., from participating in our earlier
studies) and prompted ChatGPT to dynamically create a personalized ad for each individual
participant. By subsequently comparing the effectiveness of these personalized ads to that of ads
created based on generic prompts, we offer additional evidence for the effectiveness of
personalized persuasion using generative Al. The study focuses on two different consumer
products, one experiential and one material: a weekend getaway to Rome and Nike sneakers.



Methods

Approximately six to nine months after data collection for Studies 3a-c, we invited all participants
to this new survey on Prolific Academic, ending data collection after a requested 300 responses.
In total, we received 303 participants, retaining 297 who passed both attention checks (43.4 £ 14.1
years old and 48% identified as female). We invited these participants specifically, because they
completed the Big Five personality test (i.e., the 30-item BFI-2S) (63) in our earlier experiments.
This allowed us to extract their personality profiles ahead of the current study to prompt ChatGPT
to create personality-tailored ads unique to each participant.

The overall procedure for this study was as follows. First, we calculated the percentile score for
Openness, Extraversion, and Conscientiousness for each participant (based on the means and
standard deviation of all participants from Studies 1-3). We again did not consider Neuroticism
(i.e., due to its unique theoretical nature), and likewise, did not include Agreeableness as our
previous studies suggested no significant matching-effects for this trait (see the Discussion).

Second, we identified the most salient personality trait for each participant, defined as the trait
whose percentile score deviated the most strongly from the 50% median (in absolute terms). For
example, a participant with percentile scores of 40% for Openness, 70% for Extraversion and 15%
for Conscientiousness would have been assigned a salient personality of “Low Conscientiousness”
(absolute difference to average: |50%-15%| = 35%). We chose this procedure of identifying a
single salient trait over one that would have provided ChatGPT with all the information about a
person’s profile to keep the ads focused and concise. This decision was based on pre-testing
different options and realizing that a more comprehensive personality profile resulted in ChatGPT
using this information in an additive rather than integrative way (see Discussion for a more detailed
elaboration and potential future directions).

Third, we used each person’s most salient personality trait to create an ad tailored to this particular
trait via OpenAID’s ChatGPT API (version 3.5 Turbo). To simplify the task, we categorized the
percentile score into low (<= 33%), medium(> 33% and < 66%) and high (>=66%). Given that we
specifically selected the traits based on their level of extremeness (i.e., deviation from 50%), all
but 10 out of the 297 participants were described with either a low or a high score of Openness,
Extraversion or Conscientiousness (see Table S32 for the relative frequencies of each trait).

To explore the different capabilities of ChatGPT in interpreting our personalized prompts, we
followed two different approaches. For the getaway to Rome, we simply supplied ChatGPT with
the label of the personality trait (e.g., “Write a short ad for a weekend getaway to Rome that is
tailored to a person who scores low on the Big Five personality trait of Conscientiousness. Do not
explicitly mention personality traits in the ad.”). For the Nike sneakers, we translated the
personality trait’s labels as we did in the previous studies (e.g., “Write a short ad for a Nike Sneaker
that is tailored to a person who is disorganized and careless. Do not explicitly mention these
personality traits in the ad.”). Table 2 displays example ads for the weekend getaway. To test the
effectiveness of this personalization approach, we also generated five generic ads for each product
(prompts: “Write a short ad for a weekend getaway to Rome” and “Write a short ad for a Nike



Sneaker”) and randomly assigned one of the outputs to each participant (all participant-specific
and generic stimuli can be found on the paper’s OSF page: https://osf.io/79wcm/).

Table 2. Examples of generic and personalized ads for a weekend getaway to Rome generated
by ChatGPT for individual participants.

Targeted Trait Personalized Ad

Generic Escape to the enchanting city of Rome for a unforgettable weekend getaway.
Discover the city's rich history and culture as you stroll through the charming
streets, indulge in authentic Italian cuisine at local trattorias and explore
breathtaking landmarks such as the Colosseum and Vatican City. Relax in luxury
accommodations and let the magic of Rome enchant you. Book your weekend
getaway today and experience the allure of this timeless destination.
#RomeWeekendGetaway #Exploreltaly #LaDolceVita

High Openness Experience all the wonders of ancient Rome on a weekend getaway that will
excite your imagination and satisfy your curiosity. Wander the vibrant streets,
taking in the stunning architecture and vibrant culture that make Rome one of the
world's most fascinating destinations. Enjoy world-class cuisine at local
restaurants, see the city's renowned art and historical landmarks, and mingle with
fascinating locals. With so much to explore and discover, you're sure to leave
Rome feeling invigorated, enlightened, and refreshed. Book your excursion today
and get ready to experience Rome's unique brand of magic and splendor!

Low Conscientiousness | ooking for an exciting and effortless break from everyday life? Look no further!
The vibrant city of Rome is calling your name. With its sumptuous cuisine,
stunning architecture, and endless entertainment options, your itinerary is already
set. Sleep in and let yourself be guided by the whims of the moment; who cares
about schedules and plans? You're all about seizing the day and living in the now.
Let yourself get lost in the maze of cobbled streets, explore hidden corners and
indulge in some retail therapy. If you're feeling adventurous, why not try your
hand at some local language? The city is your oyster, and you are the free-spirited
pearl. Come and recharge your batteries with an unforgettable weekend in Rome!

High Extraversion Ready to explore the city of la dolce vita? Come to Rome for a weekend full of
excitement, adventure, and socializing. You'll be surrounded by incredible
architecture, world-famous cuisine, and a vibrant nightlife that will keep you on
your toes until sunrise. From the Colosseum to the Piazza Navona, there's no
shortage of sights to see, but you'll also have plenty of opportunities to get to
know the locals and make new friends. Whether you want to hit up a trendy bar or
dance the night away at a club, Rome has something for everyone. Don't wait,
book your weekend getaway to Rome now and experience the extraverted side of
life!

Participants rated both the generic and the personalized ads for both products. While the order of
products was held constant (weekend getaway first, sneakers second), the order in which the
generic and personalized ads were shown was randomized. This procedure allowed us to use the
first rating for each product in a between-subjects analysis, and the comparison between generic
and personalized ads within each product in a within-subjects analysis. Similar to Study 3, we
collected two outcome measures: ad effectiveness and willingness to pay (WTP; see Fig. S11 for


https://osf.io/79wcm/

distributions of all outcome variables). As before, ad effectiveness was measured on a 7-point scale
using the following two questions: “I find this ad to be persuasive” and “This ad has made me
more interested in [visiting Rome| the Nike sneakers].” WTP was measured using a slider scale
ranging from USD 0-2000 for the weekend getaway and USD 0-150 for the Nike sneakers.

After evaluating the ads, participants completed the 30-item BFI-2S measure of personality (63),
allowing us to compare the scores we obtained from the prior studies (and used to personalized the
ads) with the most current measure of personality. With re-test correlations ranging from r = 0.85
for Openness and r = 0.91 for Extraversion (mean(r) = 0.88), the personality profiles used in the
analyses appear to be largely robust and valid. Still, the fact that some of the profiles have shifted
makes our estimates of personalized persuasion’s effectiveness conservative but also more
realistic. That is, in real-world applications, consumers’ profiles might become outdated over time
or estimates of their personality from digital traces could contain substantial amounts of variance.

Results

We conducted both between and within-subjects analyses (see Table S33 for zero-order
correlations). The between-subjects analyses compared participants’ evaluations of the first ad
they rated for each product using linear regression models. In line with our expectations,
participants who were shown a personalized weekend getaway ad rated the ad as significantly
more effective (B = 0.43, f = 0.31, Clgs = 0.08-0.53, p = 0.008) and were willing to spend a
significantly larger amount of money on the trip (B = 116.57, #=0.24, Clgs=0.01-0.47, p = 0.037)
than those who were shown the generic version. Specifically, the personalized ads increased
people’s willingness to spend by $117. Although the effects for the sneaker product trended in the
expected direction, they were found to be nonsignificant for both rated effectiveness (B = 0.17, S
=0.12, Clgs = -0.11-0.35, p = 0.322) and WTP (B = 5.28, # = 0.17, Clgs = -0.06-0.40, p = 0.151).
All effects remain robust when including the same set of control variables used in the previous
studies (i.e., age, gender, ethnicity, education and employment, see Table S34 for detailed model
outputs).

For the within-subjects analyses we ran a series of paired t-tests comparing each participants’
evaluations for the generic ad to that of the personalized ad. The results mirror those observed for
the between-person analyses. Participants significantly preferred the personalized ads over the
generic ones for the weekend getaway (effectiveness: mean difference = 0.24, t(296) = 2.73, d =
0.16, p = 0.007; WTP: mean difference = 58.13, t(296) = 3.22, d = 0.19, p = 0.001). Although the
effects trended in the expected direction for the sneakers, they were not found to be statistically
significant (effectiveness: mean difference = 0.11, t(296) = 1.41,d =0.08, p = 0.161; WTP: mean
difference = 1.85, t(296) = 1.71, d = 0.10, p = 0.088). We further discuss the discrepancy between
the results on these topics — as well as the varying effectiveness of personalized persuasion for
different personality traits, topics, and measures — in the following discussion.



Discussion

The present findings offer robust evidence for the viability of LLMs — and ChatGPT in particular
— to automatically generate a diverse array of personalized messages that influence people’s
attitudes and intentions. While prior work has established reliable matching effects (e.g., 4), some
authors have argued that various methodological factors have contributed to the strength of these
findings (3). In the present research, we used a series of conservative tests to instantiate and study
matching effects (e.g., consumer and political topics, within- and between-subjects designs,
different outcome measures, matched vs. generic messages), consistently demonstrating AI’s
proficiency at personalized persuasion.

Of the 33 message instantiations we tested, 30 were directionally effective, and 20 were
significantly so (61%; Fig. 7). This proportion of significant effects is higher than chance (t = 8.30,
p <.001). When extrapolating this effect to the hundreds of advertisements people see daily (76),
the ease with which Al can personalize persuasive message makes their potential influence
unprecedented.

Notably, our findings likely represent a relatively conservative estimate of generative Al’s
potential to facilitate personalized persuasion at scale. First and foremost, all our studies relied on
very short prompts that supplied ChatGPT with a minimal amount of information about the target’s
psychological profile as well as the meaning of the specific personality traits. That is, we only
focused on high-level traits (e.g., Extraversion) rather than more nuanced personality facets or
more granular descriptions of a person’s moral beliefs. In addition, we only prompted ChatGPT
with simple sentences that merely named the psychological trait to be targeted (e.g., “Write a short
ad for a person who scores high on Extraversion”) or offered a very brief description of the trait
(e.g., “Write an ad for someone who is extraverted and enthusiastic.”). While such an approach is
likely to mimic many real-world instances where information about targets is scant, the
effectiveness of personalized persuasion using LLMs could likely be boosted by offering more
detailed insights about the target. Additionally, taking into consideration the rapid advancements
in LLMs (e.g., the shift from GPT-3 to GPT-4 that occurred during the progression of this work)
as well as the expansion to other modalities known to play a critical role in persuasion (e.g., visual
stimuli), the next few years will likely see the continuously growing effectiveness of generative
Al in the context of personalized persuasion.



Figure 7. Standardized regression coefficients with 95% confidence interval for the 33 effects
tested in this paper (sorted by effect size).
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Heterogeneity in Effect Sizes

Our findings support the overall effectiveness of personalized persuasion using ChatGPT.
However, effect sizes were not uniformly distributed across psychological dimensions, topics, and
measures. For example, while some psychological traits produced consistent and relatively
pronounced matching effects (e.g., Openness and Extraversion), others failed to produce robust
effects or reach statistical levels of significance (e.g., Agreeableness). The consistent effects for



Openness and Extraversion might be explained by the fact that they are the two most observable
traits among the Big Five (52). Consequently, it is possible, for example, that generative LLMs
have more training data available on these characteristics. Indeed, algorithms are able to more
accurately predict Openness and Extraversion from people’s Facebook status updates than
Conscientiousness and Agreeableness (20). In contrast, the consistent null effect was observed for
Al-generated messages matched to participants’ level of Agreeableness might be explained by the
association of the trait with a broad susceptibility to persuasion (77). That is, people who are higher
in Agreeableness are more likely to respond to persuasive content than those lower in
Agreeableness, regardless of the specific personalization strategy deployed. However, future
research should establish whether these differences are unique to the LLM-generated content, or
whether theoretical factors do indeed underlie them (i.e., they would emerge in human-generated
content, too). For example, some research suggests that Agreeableness is associated with altruism
and harmony in social relationships (78), which none of our Al-generated messages referenced.

In addition to effect size differences between psychological profiles, we also found differences in
the effectiveness of personalized persuasion across topics. For example, in Study 4, the matched
messages were more effective for the experiential product (a Rome getaway) than they were for
the material one (sneakers). These differences might be explained by a number of factors. For
example, the experiential nature of the weekend getaway — with the opportunity to highlight
different activities and aspects of the trip — might allow for more genuine and meaningful
personalization than that for a pair of sneakers. Additionally, prior research has suggested that
matching is more effective for expensive products (79), because people are more concerned about
making the right choice in these instances. Naturally, many other differences between our topics
could explain our varying effect sizes within our studies; however, these differences might not be
unique to Al-generated personalized persuasion and would be broadly worth considering in this
area of research.

Finally, our effects tended to be stronger for the self-reported persuasiveness measures than our
behavioral intention ones (i.e., willingness to pay). This is consistent with research in the
behavioral sciences (75) which finds that self-report measures are more sensitive to treatment
effects than behavioral measures. That is, although people find matched messages generated by Al
more compelling, the translation of those effects onto behavioral proxies (WTP) might require a
larger sample to detect small effects or repeated exposures to strengthen the effectiveness of the
treatment (especially when the manipulation is rather basic as was the case in our study). Without
these strengthening factors, behavioral effects might be overshadowed by strong individual
differences that dictate people’s general attitudes/preferences toward a topic (80).

Practical Implications

While prior research has shown that machine learning algorithms can predict a person’s
psychological profile from their digital footprints (e.g., 19, 21) the present work showcases how
algorithms can now also design messages that appeal to these traits — even when given very limited
input. In other words, current technologies, which continue to innovate and improve, have the
potential to allow message sources to fully “close the loop” on automating personalized



persuasion. In short, one of the most powerful forms of behavioral influence now has the potential
to be implemented at scale.

Companies, for example, could set up fully automated processes that leverage Al to execute
sophisticated personalized marketing at scale. Using consumer data from various sources (e.g.,
browsing patterns, the user’s demographics data, public Facebook Likes or Instagram posts) in
combination with predictive algorithms, they could first generate detailed profiles of their
consumers’ psychological traits. These profiles could then be automatically funneled to generative
Al models designed to automatically create persuasive communication (“write an ad for toothpaste
X that is shown to an extraverted, 33 years old man, who is likely to pay up to $6 for the product™).
In addition to personalized textual content, such algorithms could also produce visual content (still
or video) or auditory stimuli. The combined marketing message could subsequently be displayed
to the consumer in real-time and adjusted dynamically based on the consumers’ interaction with
the content. As the entire process relies on Al, it could operate at nearly no cost (outside of the
development and maintenance) and readily adapt to recipients’ responses and consequent
behavior.

It has not escaped our notice that although these technological developments offer the potential for
great societal good (i.e., encourage greater engagement in prosocial behaviors, such as
vaccinations or voting), they also pose both short- and long-term threats to the wellbeing of
individuals and communities (11). Facebook, for example, announced that they will use Al
generated messages by the end of 2023 to design personalized advertisements (81). While this
integration might make content more engaging, it could also lead to users purchasing products and
services they do not need or cannot afford, intensify the battle over social issues, and exacerbate
mental health challenges (i.e., loneliness, addiction).

Beyond consumerism, the use of LLMs for persuasion also raises serious concerns with regards to
politics and society. For example, describing a politician’s stance in language that matches a
person’s psychological profile (e.g., talking in terms of the moral foundation of loyalty for those
who value it) could lead people to be more positive toward candidates or issues than they would
be otherwise (e.g., 69). Social media platforms have already been accused of situating people in
information ecologies that serve as “echo chambers,” only showing them content that reinforces
their interests or worldviews (82). The ability of LLMs to tailor the language of advertisements,
news articles, or political speeches, creates a dangerous potential to further enmesh people in their
own idiosyncratic worlds that are devoid of a shared reality with distinct others (83).

In light of these potential risks, it is imperative that oversight of this LLM-personalized content is
maintained. The implementation of such oversight, however, is complicated by a few factors. First,
one of the foremost solutions being considered for combatting Al influence — disclosing whether
a message was generated by Al — may be ineffective at curbing their effects. Our findings offer
initial evidence that disclosing the source of a persuasive message (i.e., “made by AI”) did not
change its persuasive impact. Thus, future research should replicate this finding to offer stronger,
more generalizable advice for policy makers. Second, because each piece of Al generated content
is personalized to a particular individual, it will be nearly impossible to recreate a viewer’s journey
for auditing purposes. Relatedly, the speed with which LLMs can create this personalized content



further challenges individual oversight (i.e., as the influx of content could be too vast to moderate).
Consequently, safeguards against the influence of Al -generated messages might have to rely less
on whether each advertisement maintains an appropriate level of veracity for the person to which
it is shown, and instead, focus on ensuring that the account behind the persuasive appeal (or the
online platform who hosts them) meets aggregated veracity standards. For example, academic
proposals to regulate generative Al have collectively argued that regulation should occur at the
stage of deployment (e.g., at the advertiser and platform level), rather than at the level of message
reception (e.g., at the time point consumers are seeing the specific ad) (84). In the absence of such
broader oversight, an arms race may ignite (akin to the one that occurred in the world of computer
viruses) where “auditing AI” software will be created to test the content for unlawful levels of
intrusiveness, while the major platforms and malevolent players will work to evade the scrutiny of
algorithms as they attempt to exert their influence. Future work should investigate how regulation
at the back-end of widely available LLMs can prevent the misuse of these technologies in various
contexts, such as companies encouraging compulsive buying (e.g., 85) and deploying manipulative
marketing (e.g., 86).

Limitations and Conclusion

The current research serves as compelling empirical evidence for the effectiveness of LLM-
generated personalized persuasion. However, there are a number of important limitations that
should be addressed by future research. First, while behavioral intentions and participants’
willingness to pay are predictive of actual behavior (87, 88), the research does not demonstrate its
effects outside of self-report measures which are known to be prone to a variety of response biases
(89) Although we used a variety of measurement approaches to circumvent some of these concerns
(none of which asked about self-predicted change, which can be problematic; 63), future research
would benefit from replicating the current findings using alternative, behavioral outcome measures
(e.g., counterfactual formats; 54)

Second, we cannot directly speak to the question of whether our effects are driven by the enhanced
persuasiveness of matched messages versus the reduced persuasiveness of mismatched ones (90).
This is a debate within the matching literature more broadly regarding how psychologically-
matched messages perform in comparison to “neutral” non-tailored messages. Although Study 4
showed matching effects when comparing personalized messages to generic ones for one of the
two products — thereby providing some evidence for the positive utility of matching -- future
research is needed to replicate this effect and determine the conditions under which this finding is
true.

Third, all our studies focused on a single psychological trait rather than a more holistic view of a
person’s entire psychological profile (e.g., one Big Five personality trait rather than a combination
of all five traits). While this decision was in part driven by the fact that such an approach most
closely resembles current applications of personalized persuasion in targeted advertising, future
research should explore the utility of different levels of personalization. As we briefly described
in the Methods section of Study 4, we had originally intended to use ChatGPT to dynamically craft
messages tailored to people’s holistic profiles (e.g., by prompting ChatGPT to generate an ad
tailored to someone who scores high on Openness, low on Extraversion and average on



Conscientiousness). However, an inspection of the resulting stimuli revealed that ChatGPT used
the insights about people’s personality traits in a somewhat artificial, additive way rather than a
more seamless integrative way. That is, the messages started with a sentence tailored to Openness,
followed by a sentence tailored to Extraversion and finally a sentence tailored to
Conscientiousness, rather than one integrative message considering the unigue needs of a person
who is both open-minded and introverted. We encourage future research to investigate how
different forms of prompt engineering might make it possible to overcome this current limitation,
and test whether doing so could further increase the effectiveness of Al-based personalized
persuasion.

Finally, while LLMs can surely speed up and scale the generation of content, it is not clear whether
the generated messages outperform those of human authors. While prior work suggests that LLMs
could outperform lay people by overcoming common egocentrism biases (51), they might still
underperform compared to professionals with extensive training and experience (e.g. marketing
professionals, speech writers). Notably, LLMs are still in their most nascent stage of development,
meaning any evidence for their success at present only hints at their potential influence to come.
As generative Al becomes increasingly powerful, they could either replace most human experts
(e.g., creative individuals and marketing practitioners) or — on a more positive note — empower
these experts to expand their skill sets and use Al to elevate their current performance levels.
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Supplementary Information

Study la

Sample demographics
Age 37.2 (13.2SD)
Gender 50% Female

Ethnicity 75% White
9% Black or African American
0% American Indian, Native American or Alaska Native
6% Asian
0% Hawaiian Native or Other Pacific Islander
3% Other
7% Multiracial

Education 2% Some high school or less
12% High school diploma or GED
19% Some college but no degree
11% Associates or technical degree
43% Bachelor’s degree
13% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 19% Less than $10,000
6% $10,000 to $14,999
9% $15,000 to $24,999
11% $25,000 to $34,999
11% $35,000 to $49,999
21% $50,000 to $74,999
10% $75,000 to $99,999
9% $100,000 to $149,999
4% $150,000 to $199,999
0% $200,000 or more

Employment  50% Employed (full-time)
15% Employed (part-time)
10% Self-employed
9% Unemployed
8% Student
3% Retired
4% Other



Table S1. GPT-3 prompts and tailored messages for the low and high ends of the four
personality traits of Openness (OP), Conscientiousness (CO), Extraversion (EX) and
Agreeableness (AG).

Trait High Low

OP Write an iPhone ad for someone who is open to Write an iPhone ad for someone who is
new experience and artistic. down-to-earth and traditional
If you're looking for an iPhone that will help you open  Looking for a phone that won't break the bank
up to new experiences and be more artistic, look no and will still get the job done? Look no further
further than the iPhone 11 Pro. With its powerful than the iPhone! Whether you're checking your
cameras and editing tools, you'll be able to capture email, browsing the web, or playing your
and create beautiful images and videos like never favorite games, the iPhone has you covered.
before. So whether you're a budding photographer or Plus, with a traditional design, you'll feel right at
just someone who appreciates art, the iPhone 11 Pro is  home with this phone.
the perfect choice for you.

CO  Write an iPhone ad for someone who is dependable  Write an iPhone ad for someone who is
and organized. disorganized and careless
If you're looking for someone who is dependable and If you're constantly losing your keys, forgetting
organized, look no further than the iPhone. With its important dates, and generally feeling
sleek design and powerful features, the iPhone is disorganized and stressed, our new iPhone app
perfect for anyone who wants to stay on top of their is perfect for you! Stay on top of your life with
game. From keeping track of your schedule to reminders, alarms, and to-do lists, and never
managing your finances, the iPhone has everything worry about losing track of anything again.
you need to stay organized and on track. So why wait?
Get the iPhone today and start living your best life.

EX  Write an iPhone ad for someone who is Write an iPhone ad for someone who is
extraverted and enthusiastic. reserved and quiet
If you're the life of the party, always up for a good If you're looking for a phone that won't draw
time, and enjoy being surrounded by people, then this  attention to itself, the iPhone is the perfect
is the phone for you! With its bright, colorful design choice. With a sleek, understated design, it's the
and built-in social media features, the iPhone is perfect device for anyone who wants a phone
perfect for extraverted, enthusiastic people like you. that's easy to use and doesn't stand out in a
So come on, let's party! crowd.

AG  Write an iPhone ad for someone who is Write an iPhone ad for someone who is

sympathetic and warm

Looking for a phone that will make you feel more
connected to the people you care about? Look no
further than the iPhone. With its sleek design and
powerful features, the iPhone is the perfect way to
stay connected to your loved ones.

critical and competitive

If you're the type of person who is always
looking for a challenge and loves to be
competitive, then the iPhone is the perfect
device for you. With its many features and apps,
the iPhone is sure to keep you entertained and
engaged. So come on, what are you waiting for?
Pick up an iPhone today and see for yourself
what all the hype is about.




Stimulus validation

To ensure that the stimuli displayed in Table S1 reflect the personality traits they were meant to

target, we ran a small pre-validation study. Specifically, we recruited 20 undergraduate and
graduate students to read the messages and indicate which personality trait they believed the
message was tailored to:

“On the following pages we will show you ads for an iPhone and ask you for your reaction. The ads have

been designed to appeal to people with different personality traits. Please use the ratings scales to
indicate which characteristics you believe the ads reflect the most.

[AD]

Which personality characteristic does this ad reflect the most? ”

OO O O0OO0O0OO0OO0OO0OO0

High Openness (Open-to-new-experiences/artistic)
Low Openness (Conventional/Uncreative)

High Conscientiousness (Dependable/Self-disciplined)
Low Conscientioushess (Disorganized/Careless) :
High Extraversion (Extraverted/Enthusiastic):

Low Extraversion (Reserved/Quiet)

High Agreeableness (Sympathethic/Warm)

Low Agreeableness (Critical/Competitive)

High Neuroticism (Anxious/Easily upset)

Low Neuroticism (Calm/Emotionally stable)

Given the ten different response options, the baseline likelihood of participants guessing the correct
answer is 10%. Table S2 below shows the actual percentages for each of the eight messages.

Table S2. Percentage of participants correctly identifying the targeted trait

Percentage correct

Trait High Low

OP 20/20 (100%) 15/20 (75%)
Cco 19/20 (95%) 16/20 (80%)
EX 20/20 (100%) 16/20 (80%)
AG 18/20 (90%) 16/20 (80%)




Table S3. Means, standard deviations, and zero-order correlations with confidence intervals of continuous variables in Study 1a

Variable M SD 1 2 3 4 5 6 7 8 9 10
1. Openness (Ad) 6.35 3.33
2. Conscient. (Ad) 7.09 2.93 A1
[-.07, .29]
3. Extraversion (Ad) 5.44 3.01 .23* .09
[.05, .39] [-.09, .27]
4. Agreeableness (Ad) 7.22 3.16 -.07 -27*%* -.20*
[-.25, .11] [-.43,-.10] [-.37,-.02]
5. Openness (P) 5.01 1.04 .29%* .07 .02 .05
[.12, .45] [-.11, .25] [-.16, .20] [-.13,.23]
6. Conscient. (P) 4.76 111 -.05 .16 .05 -14 .08
[-.22, .13] [-.02,.33] [-.13,.23] [-.31,.04] [-.10, .26]
7. Extraversion (P) 3.78 1.15 .04 -.03 29%* -.02 .36** 39**
[-.14, .21] [-.21, .15] [.12, .44] [-.20, .16] [.19, .51] [.22, .53]
8. Agreeableness (P) 5.08 0.98 .04 A1 12 -14 .01 A45** .32%*
[-.14, .22] [-.07,.29] [-.07,.29] [-.31,.04] [-.17,.19] [.30, .58] [.15, .47]
9. Neuroticism (P) 3.63 1.33 .06 .01 -13 .09 -.20* -52** -.50** -31**
[-.12,.23] [-.17,.19] [-.30, .05] [-.09, .26] [-.37,-.02] [-.64,-.37] [-.62, -.35] [-.46, -.14]
37.1
10. Age 6 13.23 -.10 -15 -01 -.06 -.05 .26%* .10 .20* -.32%*
[-.28, .08] [-.32,.03] [-.19, .17] [-.24, .12] [-.23, .13] [.09, .42] [-.08, .27] [.02, .36] [-.47, -.15]
11. Education 4.22 1.32 -.07 -.08 -.08 -.02 -.07 .19* 17 .16 -13 11
[-.24, .11] [-.26, .10] [-.26, .10] [-.20, .16] [-.24, .11] [.01, .35] [-.01, .34] [-.02, .33] [-.30,.05] [-.07,.29]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95%
confidence interval for each correlation. (Ad) indicates effectiveness ratings for the respective ads. (P) indicates participants’
personality scores on the respective trait. * indicates p <.05. ** indicates p < .01.



Table S4. Full model output of linear regression analyses in Study 1a

Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p p Clgs p p Clgs p B Clgs p
(Intercept) .20 -13-.53 .851 .25 -.09-.59 .339 .22 -11-.55 028 -23 -57-.12 .014
Openness .36 .16 — .56 <001 .10 -10-.31 310 -10 -30-.09 300 .05 -16-.26 .640
Conscientious. -.05 -29-.19 .681 .29 .05-.53 .020 -13 -36-.11 289 -.07 -.32-.18 .564
Extraversion -.08 -.32-.16 527 -12 -37-.12 319 .40 .16 — .63 .001 -.03 -.28-.22 .818
Agreeableness 17 -.05-.39 123 13 -10-.35 .261 .07 -15-.29 521 -17 -.40 - .06 .152
Neuroticism 14 -12- .40 .286 .16 -11-.43 240 -04 -30-.21 738 -.06 -33-.22 .672
Age .02 -21-.26 .837 -15 -40-.09 212 -12 -35-.12 .320 .05 -20-.30 .685
Female -.10 -53-.33 646 -20 -64-.24 371 -03 -45— .40 897 45 -.00-.90 .052

Gender (Other) 41 -111-1.94 .590 85  -71-241 284 A1 -1.39-161 888 -17 -1.76-142 .830

Education -.09 -28-.10 .343 -14  -34-.06 166 -.20 -39--.01 .040 .05 -15-.25 .638
Black -.09 -75-.57 784 .08 -60-.76 .810 -80 -145--15 .017 -.05 -74 - .64 .883
Asian .55 -20-1.31 149 .02 -.75-.80 956 -.05 -79-.69 897 11 -.68 -.90 792

Pacific Islander .08 -1.10-1.25 .895 -68 -183-.53 267 -22 -1.38-.94 706 .18 -1.05-141 .776

Multi-racial -.56 -1.32-.20 147 -28 -106-.50 473 -82 -157--07 .032 .76 -.03-1.56 .060
Part-time -.08 -.63 - .47 762 .00 -.56 - .57 991 -33 -87-.21 226 -.08 -.65-.50 .784
Self-employed -.19 -82-.44 .554 -43  -1.08-.22 195 -09 -72-.53 772 -.03 -.69 - .64 .938
Unemployed -.68 -1.41-.06 071 -40  -116-.35 294 -14 -.86 - .59 705 .29 -.49 - 1.06 464
Retired -.30 -1.01- .41 406 -39 -112-34 289 -38 -1.08 - .32 282  -.09 -.83 - .66 .813
Student -.97 -2.13-.18 .097 -30 -149-.88 .614 21 -93-1.35 714 -50 -1.71-.70 409

Employ. (Other) .06 -.92-1.03 .904 -48  -148-.52 346 .58 -.38-1.54 231 -91 -1.93-.11 .079

Observations 120 120 120 120

R? / R? adjusted .213/.064 .173/.015 .237/.092 .139/-.025




Study 1b
Sample demographics

Age 36.2 (12.5 SD)
Gender 48% Female

Ethnicity 77% White
5% Black or African American
1% American Indian, Native American or Alaska Native
10% Asian
0% Hawaiian Native or Other Pacific Islander
1% Other
6% Multiracial

Education 1% Some high school or less
13% High school diploma or GED
21% Some college but no degree
13% Associates or technical degree
48% Bachelor’s degree
14% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 20% Less than $10,000
8% $10,000 to $14,999
8% $15,000 to $24,999
10% $25,000 to $34,999
13% $35,000 to $49,999
19% $50,000 to $74,999
11% $75,000 to $99,999
7% $100,000 to $149,999
3% $150,000 to $199,999
1% $200,000 or more

Employment  49% Employed (full-time)
11% Employed (part-time)
12% Self-employed
14% Unemployed
8% Student
3% Retired
3% Other



Table S5. Means, standard deviations, and zero-order correlations with confidence intervals of continuous variables in Study 1b

Variable M SD 1 2 3 4 5 6 7 8 9 10
1. Openness (Ad) 7.05 3.12
2. Conscient. (Ad) 6.21 321 A1*
[.02, .20]
3. Extraversion (Ad) 5.58 3.00 19** .04
[.10, .28] [-.05, .13]
4. Agreeableness (Ad) 7.01 3.05 -.05 -22%* -11*
[-.14, .04] [-.31, -.14] [-.20, -.02]
5. Openness (P) 5.15 1.13 A7** -.01 -.06 .01
[.08, .26] [-.10, .08] [-.15, .03] [-.08, .10]
6. Conscient. (P) 477 1.17 .08 14** .01 -.03 19**
[-.01, .17] [.05, .23] [-.08, .10] [-.12,.07] [.10, .28]
7. Extraversion (P) 3.65 121 .07 .00 .18** -.02 22%* 37**
[-.02, .16] [-.09, .10] [.10, .27] [-.11,.07] [.13, .31] [.28, .44]
8. Agreeableness (P) 5.07 1.00 .07 .05 .03 .00 28** A40** 24%*
[-.02, .16] [-.04, .14] [-.06, .12] [-.09, .09] [.19, .36] [.32, .48] [.16, .33]
9. Neuroticism (P) 3.77 1.40 -.05 -.02 .02 .06 -.19** - 49** - 46** -.38**
[-.14, .04] [-.11, .07] [-.07, .11] [-.03, .15] [-.28, -.10] [-.56, -.42] [-.53,-.38] [-.45, -.29]
10. Age 36.15 1249 -.06 -.02 -.05 -.05 .07 21%* 12* 22%* -31**
[-.15, .04] [-.11, .07] [-.14, .04] [-.14, .04] [-.02, .16] [.12, .29] [.03, .20] [.14, .31] [-.39, -.23]
11. Education 417 1.32 -.06 -.04 .05 .04 -.01 A7 12%* .05 -.10* 15**
[-.15, .03] [-.13, .05] [-.04, .14] [-.05, .13] [-.10, .08] [.08, .25] [.03, .21] [-.04, .14] [-.19, -.01] [.06, .24]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95%

confidence interval for each correlation. (Ad) indicates effectiveness ratings for the respective ads. (P) indicates participants’

personality scores on the respective trait. * indicates p <.05. ** indicates p < .01.



Table S6. Full model output of linear regression analyses in Study 1b

Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p B Clos p B Clgs p B Clgs p

(Intercept) -0.05 -0.21-0.11 0.004 0.03 -0.14-0.19 0.015 -0.08 -0.24-0.09 0.074 -0.21 -0.38 —-0.05 <0.001
Openness 0.16 0.06 — 0.25 0.001 -0.05 -0.14-0.05 0.355 -0.12  -0.21--0.02 0.017 0.00 -0.09-0.10 0.923
Conscientious. 0.06 -0.05-0.17 0.289  0.20 0.09-031 <0.001 -0.01 -0.12-0.10 0.817 -0.01  -0.12-0.11 0.905
Extraversion 0.04 -0.07-0.14 0.481 0.01 -0.10-0.12 0.876 0.29 0.18-0.39 <0.001 0.02 -0.09-0.13 0.756
Agreeableness 0.03 -0.08 -0.13 0.620 0.03 -0.08-0.14 0.580 0.05 -0.05-0.16 0.334 0.00 -0.10-0.11 0.952
Neuroticism -0.02  -014-010 0779 008 -0.04-0.21 0.181 0.11 -0.01-0.24 0.067 0.01 -0.11-0.14 0.847
Age -0.09 -021-0.02 0120 -0.05 -0.17-0.06 0.385 -0.06  -0.17-0.06 0.311 -0.04  -0.15-0.08 0.534
Female 0.04 -0.15-0.24 0.663 -0.12 -0.32-0.08 0.241 0.04 -0.16 - 0.23 0.723 0.18 -0.02-0.38 0.084
Gender (Other) -0.10 -066-045 0721 -023 -0.79-0.34 0.427 -0.28  -0.84-0.27 0.318 0.14 -0.43-0.71 0.635
Education -0.05  -015-0.04 0276 -0.05 -0.15-0.05 0.368 0.06 -0.04-0.16 0.220 0.07 -0.03-0.17 0.163
Black -0.66 -1.08--0.25 0.002 010 -0.32-0.52 0.649 0.01 -0.41-0.43 0.951 -0.26  -0.69-0.16 0.221
Native American 0.55 -0.44-154 0276 026  -0.74-1.27 0.609 0.46 -0.54 - 1.45 0.366 -055  -1.56-0.47 0.291
Asian 0.21 -0.11-053 0196 -0.13 -0.45-0.20 0.446 -0.07  -0.39-0.25 0.663 0.15 -0.18-0.47 0.375
Pacific Islander 0.67 -0.09-142 0082 -0.04 -0.80-0.72 0.918 0.18 -0.57-0.94 0.634 0.23 -0.54 - 1.00 0.561
Multi-racial 0.30 -0.08-068 0121 037 -0.01-0.76 0.057 -0.09  -0.47-0.29 0.649 0.06 -0.33-0.45 0.746
Part-time -0.14  -045-0.17 0377 034 0.03-0.65 0.034 0.18 -0.13-0.49 0.261 0.39 0.08-0.71 0.015
Self-employed -0.06  -036-0.24 0713 -0.10 -0.41-0.20 0.516 0.15 -0.15-0.46 0.317 0.23 -0.07 - 0.54 0.136
Unemployed 0.13 -0.16-0.43 0373 013  -0.17-0.42 0.411 0.25 -0.05-0.54 0.106 0.16 -0.14-0.47 0.285
Retired 0.00 -0.36-0.37 0992 -0.26 -0.63-0.11 0.170 0.01 -0.36 —0.38 0.947 0.17 -0.20-0.55 0.365
Student 0.34 -0.20-0.89 0.218 0.13 -0.43-0.68 0.654 -0.15 -0.70 - 0.40 0.581 -0.09 -0.64 - 0.47 0.764
Employ. (Other) 0.16 -040-0.72 0572 -022 -0.78-0.34 0.444 0.28 -0.28-0.83 0.333 0.59 0.02-1.16 0.041
Observations 471 471 471 471

R? / R? adjusted 0.090/0.049 0.063/0.022 0.078/0.037 0.047 /0.005




Table S7. Full model output of linear regression analyses with interaction terms between traits

and conditions in Study 1b

Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p p Clgs p p Clos p p Clos p
(Intercept) -0.06 -0.27-0.16 0.603 -0.07 -0.28-0.15 0.541 -0.19 -0.40-0.03 0.092 -0.20 -0.42 -0.02 0.068
Openness (OP) 0.15 -0.01-0.30 0.069  -0.05 -0.15-0.05 0323  -0.12 -0.22--0.02 0.017 0.01 -0.09-0.11 0.874
OP x Disclosure 1 -0.02 -0.25-0.20 0.857 - - - - - - - - -
OP x Disclosure 2 0.05 -0.17-0.26 0.671 - - - - - - - - -
Conscientious. (CO) 0.06 -0.05-0.17 0.284 0.31 0.13-0.49 0.001  -0.01 -0.12-0.10 0.808 -0.01 -0.12-0.10 0.889
CO x Disclosure 1 - - - -0.15 -0.38-0.09 0.215 - - - - - -
CO x Disclosure 2 - - - -0.17 -0.39 - 0.06 0.147 - - - - - -
Extraversion (EX) 0.04 -0.07-0.15 0.471 0.01 -0.10-0.12 0.875 0.33 0.17 -0.50 <0.001 0.01 -0.10-0.12 0.797
EX x Disclosure 1 - - - - - - -0.08 -0.31-0.14 0.468 - - -
EX x Disclosure 2 - - - - - - -0.05 -0.28-0.17 0.635 - - -
Agreeableness (AG) 0.03 -0.08-0.14 0.588 0.02 -0.09-0.13 0.679 0.05 -0.06 —0.15 0.410 -0.03 -0.21-0.14 0.692
AG x condition [2] - - - - - - - - - 0.05 -0.19-0.29 0.657
AG x condition [3] - - - - - - - - - 0.05 -0.17-0.27 0.640
Neuroticism (NE) -0.01 -0.14-0.11 0.817 0.07 -0.05-0.20 0.237 0.11 -0.02-0.23 0.086 0.01 -0.11-0.14 0.859
Disclosure 1 -0.01 -0.24-0.22 0.915 0.09 -0.14-0.32 0.444 0.16 -0.07 - 0.40 0.163 0.02 -0.21-0.26 0.841
Disclosure 2 0.02 -0.19-0.24 0.830 0.16 -0.06 —0.38 0.144 0.13 -0.09-0.35 0.233 -0.05 -0.27-0.18 0.683
Age -0.09 -0.21-0.02 0.121 -0.05 -0.17 - 0.06 0.375 -0.06 -0.17 - 0.06 0.329 -0.04 -0.15-0.08 0.544
Female 0.05 -0.15-0.24 0.653  -0.11 -0.31-0.09 0.292 0.05 -0.15-0.24 0.648 0.18 -0.02-0.38 0.085
Gender (Other) -0.10 -0.66 — 0.46 0.715 -0.17 -0.74-0.39 0.546 -0.24 -0.80-0.32 0.398 0.13 -0.44-0.70 0.649
Education -0.05 -0.15-0.05 0.290 -0.06 -0.16 - 0.04 0.276 0.06 -0.04 -0.16 0.256 0.08 -0.03-0.18 0.146



Black -0.67 -1.09 --0.25 0.002 0.11 -0.31-0.53 0.612 0.04 -0.38-0.47 0.837 -0.27 -0.70-0.16 0.224
Native American 0.55 -0.45-1.55 0.279 0.32 -0.68-1.33 0.530 0.54 -0.46 — 1.55 0.290 -0.56 -1.58 - 0.46 0.278
Asian 0.21 -0.12-0.53 0.208 -0.12 -0.45-0.20 0.453 -0.08 -0.40-0.25 0.642 0.14 -0.19-0.47 0.392
Pacific Islander 0.67 -0.09 - 1.42 0.083  -0.08 -0.85-0.68 0.829 0.14 -0.62-0.91 0.709 0.21 -0.56 — 0.99 0.588
Multi-racial 0.30 -0.09-0.68 0.129 0.39 0.00-0.78 0.048 -0.07 -0.45-0.32 0.737 0.06 -0.33-0.46 0.753
Part-time -0.14 -0.45-0.17 0.366 0.34 0.03-0.66 0.032 0.18 -0.13-0.50 0.246 0.39 0.07-0.71 0.016
Self-employed -0.06 -0.36 -0.24 0.706 -0.11 -0.41-0.20 0.490 0.15 -0.15-0.45 0.326 0.24 -0.07-0.55 0.126
Unemployed 0.14 -0.16 —0.43 0.370 0.10 -0.20 - 0.40 0.511 0.24 -0.06 — 0.54 0.119 0.17 -0.13-0.48 0.269
Retired 0.01 -0.36 - 0.38 0.967  -0.26 -0.63-0.11 0.167 0.01 -0.36 - 0.38 0.965 0.16 -0.21-0.54 0.390
Student 0.34 -0.21-0.89 0.220 0.13 -0.42 - 0.69 0.639  -0.16 -0.71-0.39 0.568 -0.10 -0.66 — 0.47 0.737
Employ. (Other) 0.16 -0.40-0.72 0.578  -0.20 -0.76 — 0.36 0.484 0.28 -0.28-0.84 0.333 0.59 0.02-1.17 0.042
Observations 471 471 471 471

R? / R? adjusted 0.091/0.042 0.073/0.023 0.084/0.034 0.049 /-0.002




Table S8. Full model output of linear regression analyses for the ‘Baseline” Condition in Study

1b
Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p p Clgs p p Clgs p B Clos p

(Intercept) -0.03 -0.32-0.26 0.430 0.12 -0.17-0.41 0.185 0.00 -0.30-10.30 0.093 -0.14 -0.44-0.16 0.263
Openness 0.10 -0.08 - 0.28 0269 -011  -029-0.08  0.247 0.00 -0.19-0.19  0.979 0.06 -0.13-0.24  0.552
Conscientious. 0.05 -0.15-0.24 0.642 0.30 0.10-0.49 0.003 -009 -029-0.11  0.369 0.06 -0.14-0.26  0.550
Extraversion 0.10 -0.09-0.29 0.287 -0.04 -0.24-0.15 0.658 0.31 0.11-0.51 0.002 0.06 -0.14-0.26 0.564
Agreeableness 0.20 -0.00 - 0.40 0.053 0.02 -0.19-022 0869 -001 -022-0.21 0954 -0.03 -0.24-0.18 0.763
Neuroticism 0.11 -0.09 - 0.32 0.284 0.03 -0.18-0.24  0.809 0.02 -0.20-0.24  0.840 0.12 -0.09-0.34  0.260
Age -0.16 -0.36 —0.03 0.101 0.03 -0.17-0.23 0.758 -0.14 -035-0.06 0164 -0.01 -021-0.19 0.918
Female -0.08 -0.43-0.27 0.654 -032  -0.68-0.04 0.078 0.01 -0.36-0.38  0.959 0.12 -025-0.48  0.524
Gender (Other) -0.23 -1.05-0.59 0579 -020 -1.02-0.63 0638 -0.20 -1.05-0.66  0.646 0.29 -0.56-1.14  0.503
Education -0.09 -0.26 — 0.09 0333 -003 -021-0.15 0.744 0.02 -0.16-0.21  0.824 0.12 -0.07-0.30 0.214
Black -0.82  -145--0.18  0.012 0.19 -045-0.83  0.560 0.33 -034-099 0331 -044 -1.09-022 0.193
Native American 121 0.01-2.40 0.047 0.38 -0.83-1.58  0.538 0.61 -064-185 0340 -024 -148-100 0.700
Asian -0.17 -0.80 - 0.45 0.580 0.32 -0.31-095 0311 -030 -095-0.35 0.370 0.26 -0.39-0.90 0431
Pacific Islander 1.48 -0.55 - 3.52 0.152  -154  -360-051 0140 -1.66 -3.79-047 0.126 1.59 -0.52-3.70  0.139
Multi-racial 0.22 -0.33-0.78 0.421 0.57 0.01-1.13 0.045 0.03 -0.55-0.60  0.922 0.14 -043-0.71  0.624
Part-time 0.26 -0.26 - 0.78 0.324 0.27 -0.25-0.80  0.303 0.21 -0.33-0.75 0435 0.42 -0.12-0.95  0.126
Self-employed -0.08 -0.61 - 0.46 0.780 -0.10 -0.64 - 0.44 0.725 -0.07 -0.63-0.49 0.815 -0.02 -0.58 - 0.53 0.933
Unemployed 0.42 -0.10 - 0.93 0111 -010 -062-042 0716 -0.12 -0.65-042  0.672 0.28 -0.26-0.81  0.307
Retired 0.22 -0.48 - 0.92 0530 -036 -1.06-035 0314 -018 -091-055 0631 -037 -110-0.35 0.308
Student 0.50 -0.45-1.45 0.302 -0.22 -1.19-0.74 0.644 0.13 -0.87-1.12 0.803 -0.66 -1.64-0.33 0.191
Employ. (Other) -0.25 -1.18 - 0.67 0.590 -0.46 -1.40-0.48 0.332 0.09 -0.88 - 1.06 0.857 0.78 -0.18-1.74 0.111
Observations 154 154 154 154

R? / R? adjusted 0.200/0.080 0.182/0.059 0.125/-0.007 0.139/0.009




Table S9. Full model output of linear regression analyses for the ‘Disclosure 1’ Condition in

Study 1b
Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p p Clgs p p Clgs p B Clos p

(Intercept) -0.26 -0.57-0.05 0.072 0.04 -0.30-0.37 0.228 -0.33 -0.65 - -0.00 0.495 -0.25 -0.59 -0.09 0.207
Openness 0.07 -0.11-0.24 0452 -006 -0.25-0.13 0512 -0.20 -0.38--0.01 0.034 0.01 -0.18-0.20  0.914
Conscientious. -0.05 -0.25-0.14 0.584 0.13 -0.08-0.34  0.233 0.15 -0.05-0.35 0.142 -001 -0.22-0.20  0.938
Extraversion -0.06 -0.25-0.13 0.518 0.08 -0.12-0.28 0.440 0.21 0.02-0.41 0.033 0.01 -0.20-0.22 0.918
Agreeableness 0.14 -0.06 - 0.34 0.157 0.12 -0.09-0.33  0.252 0.06 -0.14-0.26 0.556 0.08 -0.14-0.29  0.470
Neuroticism -0.16 -0.37-0.05 0.128 0.09 -0.14-031  0.450 0.10 -0.12-0.32 0.363 0.11 -0.12-0.33  0.354
Age 0.06 -0.16 - 0.27 0595 -021  -0.44-0.02 0.079 0.01 -0.22-0.23 0959 -009 -0.32-0.15  0.467
Female 0.24 -0.12-0.59 0195 -011  -0.49-0.28  0.583 0.32 -0.05-0.69 0.094 0.13 -0.26-052  0.521
Gender (Other) -0.46 -1.61-0.70 0.433 1.04 -0.19-2.28  0.097 -0.49 -1.68-0.71 0423 -034 -1.60-0.92  0.590
Education -0.03 -0.21-0.16 0760 -001 -0.21-0.19 0925 -0.01 -0.20-0.18 0.931 0.08 -0.12-0.28  0.428
Black -0.89  -170--0.08 0.032 -043 -1.30-043 0323 -0.09 -0.93-0.75 0.828 0.58 -0.30-1.46  0.197
Asian 0.43 -0.10-0.96 0112 -012 -069-045 0676 -0.06 -0.61-0.49 0.829 0.23 -0.35-0.81 0441
Pacific Islander 0.84 -0.31-1.98 0150 -023 -1.45-100 0.715 0.41 -0.78 - 1.60 0.496 0.47 -0.78-1.72  0.459
Multi-racial 0.75 -0.07 - 1.58 0.074 0.94 0.06 —1.83 0.036  -0.37 -1.23-0.49 0395 -0.73 -1.63-0.18  0.115
Part-time -0.39 -0.93-0.16 0.161 0.11 -047-069  0.711 0.24 -0.32-0.80 0.398 0.24 -0.35-0.83 0421
Self-employed 0.46 -0.13-1.04 0.125 -0.32 -0.95-0.30 0.312 0.68 0.07-1.29 0.028 0.48 -0.16 - 1.11 0.143
Unemployed 0.06 -0.49 - 0.60 0.833 -0.02 -0.60 — 0.56 0.956 0.44 -0.12-1.01 0.121 0.43 -0.17 - 1.02 0.156
Retired 0.18 -0.42-0.78 0551  -023  -0.87-041 0477 0.33 -0.29-0.94 0.300 0.08 -0.57-0.73  0.813
Student 0.55 -0.36 —1.45 0.233 0.62 -0.35-158 0210 -0.20 -1.13-0.74 0.681 0.22 -0.76 -1.21  0.654
Employ. (Other) 1.07 0.05-2.10 0.040 0.56 -0.53 - 1.66 0.309 0.61 -0.45-1.67 0.258 0.56 -0.56 — 1.67 0.327
Observations 141 141 141 141

R? / R? adjusted 0.244/0.126 0.136/0.000 0.187/0.059 0.098 /-0.043




Table S10.

Full model output of linear regression analyses for the ‘Disclosure 2’ Condition in

Study 1b
Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p p Clgs p p Clgs p p Clgs p

(Intercept) 0.08 -0.19-0.35 0.084 -0.05 -0.32-0.22 0.094 0.03 -0.24-0.30 0.479 -0.30 -0.58 —-0.03 <0.001
Openness 0.22 0.06 — 0.39 0.007 0.02 -0.14-0.18 0798 -0.14  -0.30-0.02 0.093 -0.04 -0.20-0.12 0.626
Conscientious. 0.10 -0.10-0.29  0.325 0.20 0.01-0.39 0.037 -0.07 -026-0.12 0453 -0.07 -0.26 -0.12 0.458
Extraversion 0.11 -0.08 - 0.30 0.235 0.07 -0.11-0.26 0.440 0.31 0.12-0.50 0.001 -0.08 -0.27-0.11 0.412
Agreeableness -0.17  -0.35-0.01 0.064 -010 -0.28-0.08 0.285 0.05 -0.13-0.23 0577  -0.02 -0.20-0.16 0.799
Neuroticism 0.07 -0.17-0.30 0578 0.10 -0.12-0.33  0.368 0.19 -0.04-042 0112 -0.20 -0.43-0.03 0.086
Age -0.06  -0.25-0.14 0582 -0.06 -0.26-0.14  0.557 0.01 -0.18-0.21 0.891 -0.04 -0.23-0.16 0.716
Female -0.07 -041-028 0.704 -0.05 -039-029 0771 -017 -051-018 0337 0.38 0.04-0.72 0.030
Gender (Other) 0.40 -0.84-165 0522 -1.09 -233-0.14 0081 -025 -149-099 0691 0.61 -0.62 - 1.85 0.327
Education -0.05  -0.22-0.13 0594 -0.08 -026-0.09 0.347 0.16 -0.01-0.34 0.065 0.00 -0.17-0.17 0.986
Black -0.06  -0.87-0.75  0.888 0.57 -0.23-1.38  0.162 0.05 -0.76-0.86  0.897  -0.70 -151-0.11 0.088
Native American -0.81 -3.22-1.61 0.510 0.82 -1.57-3.22 0.498 0.44 -1.96 - 2.85 0.718 -0.56 -2.96 - 1.84 0.644
Asian 0.36 -0.20-091 0208 -0.38 -0.93-0.17 0.175 0.05 -050-0.61 0849 0.14 -0.41-0.69 0.607
Pacific Islander 0.55 -0.68-1.77 0377 0.35 -0.86-1.56  0.571 0.51 -0.71-1.72 0414  -056 -1.78 - 0.65 0.360
Multi-racial 0.32 -0.42 -1.06 0.395 -0.24 -0.97 - 0.49 0.520 0.30 -0.44 - 1.04 0.422 0.44 -0.29-1.18 0.234
Part-time -0.31 -0.89 -0.27 0.297 0.59 0.01-1.16 0.046 0.13 -0.44-0.71 0.650 0.60 0.03-1.18 0.040
Self-employed -0.35  -0.86-0.16  0.182 0.12 -0.39-062 0651 -0.06 -057-045 0.812 0.9 -0.32-0.70 0.464
Unemployed -0.07  -059-045  0.794 041 -0.10-0.93  0.114 0.38 -0.14-0.89 0150 -0.07 -0.58 - 0.45 0.800
Retired -0.23 -0.91-0.45 0.510 -0.28 -0.95-0.40 0.418 -0.43 -1.10-0.25 0.214 0.77 0.09 - 1.44 0.026
Student -0.02  -1.03-1.00 0.973 0.15 -0.86-1.15 0774 -0.37 -1.38-0.64 0469  0.09 -0.92-1.10 0.866
Employ. (Other) -0.58 -1.66 — 0.51 0.296 -0.23 -1.31-0.85 0.672 -0.18 -1.26 - 0.90 0.745 0.29 -0.79-1.37 0.595
Observations 176 176 176 176



Figure S1. Distributions of outcome variables in Study 1a
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Figure S2. Distributions of outcome variables in Study 1b

Openness Conscientiousness

60 1 60 -

w 401 v 401
c c
> >
(@] (@]
(&] (&]

201 201

01 01

0 3 6 9 12 0 3 6 9 12

Openness Effectiveness Conscientiousness Effectivenes:

Extraversion

Agreeableness
100 1

751

50 1

count

254

O-

0 3 6 9 12 0 3 : '

6 9 12
Extraversion Effectiveness Agreeableness Effectiveness




Figure S3. Marginal effects of Big Five personality traits on effectiveness ratings broken down
by experimental condition.
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Study 2
Sample demographics

Age 36.7 (13.0SD)
Gender 49% Female

Ethnicity 70% White
13% Black or African American
1% American Indian, Native American or Alaska Native
8% Asian
0% Hawaiian Native or Other Pacific Islander
1% Other
7% Multiracial

Education 2% Some high school or less
20% High school diploma or GED
25% Some college but no degree
10% Associates or technical degree
33% Bachelor’s degree
11% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 20% Less than $10,000
11% $10,000 to $14,999
7% $15,000 to $24,999
11% $25,000 to $34,999
13% $35,000 to $49,999
17% $50,000 to $74,999
10% $75,000 to $99,999
8% $100,000 to $149,999
1% $150,000 to $199,999
2% $200,000 or more

Employment  42% Employed (full-time)
14% Employed (part-time)
10% Self-employed
18% Unemployed
10% Student
4% Retired
3% Other



Table S11. ChatGPT Prompts and Materials for the Big Five Personality Traits

Trait High Low

OoP Write a short Nike sneaker ad for someone who  Write a short Nike sneaker ad for someone
is open to new experience and artistic. who is down-to-earth and traditional
Experience style and function like never before If you're someone who values practicality and
with the new Nike sneaker collection. Designed for  simplicity, the new Nike sneaker collection is
those who value creativity and self-expression, our  perfect for you. Our sneakers are designed
sneakers are more than just shoes — they're a with a focus on quality and durability, so you
canvas for your individuality. With bold and can trust that they will last through the wear
innovative designs, our sneakers are the perfect and tear of everyday life. With classic and
accessory to complete any look. Made with a focus  timeless designs, our sneakers are the perfect
on both style and comfort, our shoes are for those complement to any outfit. Made with a focus
who want to look and feel their best. Our design on both style and function, our shoes are for
team is made up of talented artists and creatives those who want to look and feel their best.
who are constantly pushing the boundaries of Try out our new Nike sneaker collection and
design and innovation. Try out our new Nike step into a world of practical, yet stylish
sneaker collection and elevate your style with the footwear that will withstand the test of time.
ultimate fusion of art and function.

CO Write a short Nike sneaker ad for someone who  Write a short Nike sneaker ad for someone
is dependable and organized. who is disorganized and careless
If you're someone who values reliability and If you're someone who is always on the go
organization, the new Nike sneaker collection is and doesn't have time to worry about what
the perfect fit for you. Our sneakers are designed you're wearing, the new Nike sneaker
with a focus on quality and consistency, so you can  collection is perfect for you. Our sneakers are
trust that they will perform at their best in any designed to keep up with your fast-paced
situation. With clean and minimalistic designs, our lifestyle, while still looking stylish and on-
sneakers are the perfect complement to any trend. With vibrant and eye-catching designs,
organized wardrobe. Made with a focus on both our sneakers will add a pop of color to any
style and function, our shoes are for those who outfit, even if you're not sure what you're
want to look and feel their best, while maintaining  wearing yet. Made with a focus on both style
their dependable and organized nature. Try out our  and function, our shoes are for those who
new Nike sneaker collection and step up your want to look and feel their best, without
game with the ultimate fusion of reliability and having to put in too much effort. Try out our
style. new Nike sneaker collection and step into a

world of effortless style that will keep up with
your hectic lifestyle.
EX Write a short Nike sneaker ad for someone who  Write a short Nike sneaker ad for someone

is extraverted and enthusiastic.

For those who thrive on energy and enthusiasm,
the new Nike sneaker collection is the perfect
match for your vibrant personality. Our sneakers
are designed with bold and daring styles that will
help you stand out from the crowd. With vibrant
colors and eye-catching designs, our sneakers will
keep up with your outgoing and adventurous
nature. Made with a focus on both style and
function, our shoes are for those who want to look
and feel their best, while embracing their
extroverted side. Try out our new Nike sneaker
collection and take your enthusiasm to the next
level with the ultimate fusion of energy and style.

who is reserved and quiet

If you're someone who values understated
style and timeless designs, the new Nike
sneaker collection is the perfect match for
your reserved and quiet personality. Our
sneakers are designed with clean lines and
classic styles that will seamlessly complement
any outfit. With a focus on simplicity and
elegance, our sneakers will help you make a
statement without saying a word. Made with a
focus on both style and function, our shoes
are for those who want to look and feel their
best, while embracing their reserved and quiet
nature. Try out our new Nike sneaker
collection and discover the ultimate fusion of
understated style and sophistication.



AG

Write a short Nike sneaker ad for someone who
is sympathetic and warm

For those who value warmth and empathy, the new
Nike sneaker collection is the perfect match for
your sympathetic and caring personality. Our
sneakers are designed with soft and comfortable
materials that will keep your feet feeling cozy and
supported. With a focus on comfort and style, our
sneakers will keep you feeling your best while
looking your best. Made with a focus on both style
and function, our shoes are for those who want to
look and feel their best, while embracing their
caring and empathetic nature. Try out our new
Nike sneaker collection and discover the ultimate
fusion of comfort and style that will help you

Write a short Nike sneaker ad for someone
who is critical and competitive

For those who value competition and
performance, the new Nike sneaker collection
is the perfect match for your critical and
competitive personality. Our sneakers are
designed with cutting-edge materials and
advanced technology that will take your
athletic performance to the next level. With a
focus on durability and performance, our
sneakers will help you push your limits and
achieve your goals. Made with a focus on
both style and function, our shoes are for
those who want to look and feel their best,
while embracing their competitive and critical

spread warmth wherever you go.

nature. Try out our new Nike sneaker
collection and discover the ultimate fusion of
high-performance technology and sleek style.

Table S12. ChatGPT Prompts and Materials for Regulatory Focus

Prevention Focus

Promotion Focus

Write a short persuasive ad to convince a
prevention-focused person to exercise more.
Are you the type of person who loves setting
goals and achieving them? Do you thrive on the
thrill of success and the rewards that come with
it? If so, then | have a proposal for you: start
exercising more.

Not only is regular exercise good for your
physical health, but it can also be a powerful tool
to help you achieve your goals. Think about it —
when you exercise, you're pushing yourself to
improve and become stronger. You're setting a
goal for yourself and working hard to achieve it.

And the best part? When you exercise regularly,
you'll start to see results. You'll feel better, look
better, and have more energy. Plus, as you
become more fit, you'll be able to tackle other
challenges with ease.

So if you're someone who loves a good challenge
and wants to achieve big things, start
incorporating exercise into your routine. Set a
goal for yourself — whether it's running a 5K or
mastering a new yoga pose — and work hard to
make it happen. You'll be amazed at what you
can achieve when you put your mind to it.

Write a short persuasive ad to convince a promotion-
focused person to exercise more.

Do you value the importance of maintaining good health and
preventing future health problems? Do you prioritize taking
care of yourself and avoiding potential risks to your well-
being? If so, then | have a suggestion for you: start
exercising more.

Regular exercise is one of the best things you can do to
prevent a wide range of health issues, from heart disease and
diabetes to depression and anxiety. By incorporating
physical activity into your daily routine, you'll be taking a
proactive step towards protecting your long-term health and
reducing your risk of developing serious health conditions.

In addition, exercise has been shown to boost the immune
system, improve sleep quality, and reduce stress levels.
These benefits can help you feel better both physically and
mentally, and set you up for a happier, healthier future.

So if you're someone who values prevention and wants to
take control of your health, start making exercise a priority.

It doesn't have to be complicated or time-consuming — even a
brisk walk or a short yoga session can make a difference. By
taking care of your body now, you'll be giving yourself the
best chance for a healthy and vibrant life in the years to
come.

Table S13. ChatGPT Prompts and Materials for the Moral Foundations



Foundation

Message

Purity

Care

Loyalty

Write a short political ad in favor of taking climate action that is tailored to people
scoring high on the moral foundation of purity.

Do you believe in protecting our planet and preserving the natural world for future generations?
Do you believe in keeping our air and water clean, and ensuring that our environment is free
from pollution and contamination? If so, then | urge you to consider the benefits of taking
action on climate change.

Climate change is not just an abstract concept or a far-off threat — it's a real and pressing danger
to the purity and health of our planet. Rising temperatures, extreme weather events, and sea
level rise are all symptoms of a global problem that requires urgent action.

By taking action on climate change, we can help to protect the purity and integrity of our
environment, preserving the natural world for future generations. We can reduce our carbon
emissions, promote renewable energy sources, and work to create a more sustainable and
resilient economy.

Moreover, taking action on climate change is not just the right thing to do — it's also an
opportunity to create jobs, stimulate innovation, and build a stronger and more vibrant
economy. By investing in clean energy and sustainable infrastructure, we can create new
opportunities for growth and prosperity while also protecting the purity and health of our
planet.

So if you believe in the importance of keeping our planet clean and pure, we urge you to
support action on climate change. Together, we can create a future that is both sustainable and
prosperous, reflecting the best of our shared values and commitments to the purity and health of
our planet.

Write a short political ad in favor of taking climate action that is tailored to people
scoring high on the moral foundation of care.

Do you believe in taking care of the planet and protecting the natural world for future
generations? Do you feel a strong sense of responsibility to the people and creatures that share
our world with us? If so, then | urge you to consider the benefits of taking action on climate
change.

Climate change is not just an environmental issue — it's a moral imperative to care for the planet
and all its inhabitants. From the smallest creatures to the largest ecosystems, the impacts of
climate change are being felt by all, and it is our duty to take action to mitigate the damage.

By taking action on climate change, we can help to care for the planet and protect the natural
world for future generations. We can invest in renewable energy sources, promote sustainable
agriculture, and work to create a more equitable and just society that prioritizes the needs of all
beings.

Moreover, taking action on climate change is not just a matter of caring for the planet — it's also
an opportunity to lead by example and inspire others to do the same. By showing our care for
the planet and taking steps to protect it, we can help to create a brighter and more hopeful future
for all.

So if you believe in taking care of the planet and protecting the natural world, we urge you to
support action on climate change. Together, we can create a future that is both sustainable and
just, reflecting the best of our shared values and commitments to the planet and all its
inhabitants.

Write a short political ad in favor of taking climate action that is tailored to people
scoring high on the moral foundation of loyalty.



Fairness

Authority

Do you believe in standing up for the people and places that you love? Do you feel a strong
sense of loyalty to your community, your country, and the natural world around you? If so, then
I urge you to consider the benefits of taking action on climate change.

Climate change is not just an environmental issue — it's a threat to the places and people that we
hold dear. From the rising sea levels that threaten our coastal communities to the extreme
weather events that disrupt our lives and livelihoods, the impacts of climate change are being
felt all around us.

By taking action on climate change, we can help to protect the people and places that we love,
showing our loyalty to our communities and our country. We can invest in resilient
infrastructure, prepare for the impacts of climate change, and work to build a stronger and more
secure future for all.

Moreover, taking action on climate change is not just a matter of protecting our own interests —
it's also an opportunity to lead by example and inspire others to do the same. By showing our
loyalty to the natural world and taking steps to protect it, we can help to create a brighter and
more hopeful future for all.

So if you believe in standing up for the people and places that you love, we urge you to support
action on climate change. Together, we can create a future that is both loyal and resilient,
reflecting the best of our shared values and commitments to the people and places that we call
home.

Write a short political ad in favor of taking climate action that is tailored to people
scoring high on the moral foundation of fairness.

Do you believe in creating a fair and just world for all? Do you feel a strong sense of
responsibility to ensure that everyone has access to clean air, clean water, and a healthy
environment? If so, then | urge you to consider the benefits of taking action on climate change.
Climate change is not just an environmental issue — it's a matter of fairness and justice. The
impacts of climate change are being felt most acutely by the most vulnerable members of
society, including low-income communities and people of color. These communities often lack
the resources and political power to protect themselves from the effects of climate change.

By taking action on climate change, we can help to create a fairer and more just world for all.
We can invest in renewable energy sources, promote sustainable transportation, and work to
create a more equitable and inclusive society that prioritizes the needs of all people.

Moreover, taking action on climate change is not just a matter of fairness — it's also an
opportunity to lead by example and inspire others to do the same. By showing our commitment
to fairness and justice, we can help to create a brighter and more hopeful future for all.

So if you believe in creating a fair and just world for all, we urge you to support action on
climate change. Together, we can create a future that is both sustainable and equitable,
reflecting the best of our shared values and commitments to fairness and justice for all.

Write a short political ad in favor of taking climate action that is tailored to people
scoring high on the moral foundation of authority.

Do you believe in the importance of responsible leadership and making decisions based on
expert knowledge? Do you feel a strong sense of obligation to follow the guidance of respected
authorities and scientific consensus? If so, then I urge you to consider the benefits of taking
action on climate change.

Climate change is not just an environmental issue — it's a matter of following the guidance of
respected authorities and scientific consensus. The overwhelming majority of climate scientists
agree that the Earth is experiencing significant changes due to human activity, and that action is
needed to mitigate the worst effects of climate change.

By taking action on climate change, we can show our commitment to responsible leadership
and following the guidance of respected authorities. We can invest in renewable energy




sources, reduce our carbon footprint, and work to create a more sustainable and resilient society
that reflects the latest scientific knowledge.

Moreover, taking action on climate change is not just a matter of following the guidance of
respected authorities — it's also an opportunity to lead by example and inspire others to do the
same. By showing our commitment to responsible leadership, we can help to create a brighter
and more hopeful future for all.

So if you believe in the importance of responsible leadership and following the guidance of
respected authorities, we urge you to support action on climate change. Together, we can create
a future that is both sustainable and reflective of the best of our shared values and commitments
to science and responsible leadership.




Stimulus validation

To ensure that the stimuli displayed in Table S11-S13 reflect the psychological traits they were
meant to target, we ran a small pre-validation study. Specifically, we recruited 20 undergraduate
and graduate students (the same students used to validate the stimuli for Study 1) to read the
messages and indicate which personality trait they believed the message was tailored to.

a) Sneaker ads tailored to Big Five personality traits

“On the following pages we will show you ads for Nike sneakers and ask you for your reaction. The ads
have been designed to appeal to people with different personality traits. Please use the ratings scales to
indicate which characteristics you believe the ads reflect the most.

[AD]

Which personality characteristic does this ad reflect the most? ”

High Openness (Open-to-new-experiences/artistic)
Low Openness (Conventional/Uncreative)

High Conscientiousness (Dependable/Self-disciplined)
Low Conscientiousness (Disorganized/Careless) :
High Extraversion (Extraverted/Enthusiastic):

Low Extraversion (Reserved/Quiet)

High Agreeableness (Sympathethic/Warm)

Low Agreeableness (Critical/Competitive)

High Neuroticism (Anxious/Easily upset)

OO0 OO0 000 O0o0O0

Low Neuroticism (Calm/Emotionally stable)

Given the ten different response options, the baseline likelihood of participants guessing the
correct answer is 10%. Table S14 below shows the actual percentages for each of the eight
messages.

Table S14. Percentage of participants correctly identifying the targeted trait.

Percentage correct

Trait High Low

OP 20/20 (100%) 10/20 (50%)
CO 20/20 (100%) 8/20 (40%)
EX 20/20 (100%) 16/20 (80%)

AG 20/20 (100%) 20/20 (100%)




b) Short political speeches tailored to the Moral Foundations

“On the following pages we will show you short political speeches advocating for climate
action. The speeches have been designed to appeal to people of different moral values. Please
use the ratings scales to indicate which values you believe the speeches reflect the most.

[SPEECH]

Which moral foundation does this speech reflect most?”

(O Loyalty (Emphasizes group cohesion, patriotism, and allegiance, while condemning betrayal)

(O Fairness (Concerns about justice, equality, and reciprocity in social interactions)

(O Purity (Involves concerns about purity, sacredness, and the avoidance of actions or behaviors that are deemed impure or degrading)
(O care (The foundation of empathy, compassion, and protecting others from harm)

(O Authority (Focuses on respect for hierarchy, tradition, and legitimate authority, contrasting with the rejection of subversion)

Given the five different response options, the baseline likelihood of participants guessing the
correct answer is 20%. Table S15 below shows the actual percentages for each of the eight
messages.

Table S15. Percentage of participants correctly identifying the targeted trait

Trait Percentage correct
Loyalty 16/20 (80%)
Fairness 20/20 (100%)
Purity 20/20 (100%)
Care 16/20 (80%)

Authority 20/20 (100%)




c) Health messages tailored to regulatory focus

“On the following pages we will show you short persuasive messages trying to convince people
to exercise more. The messages have been designed to appeal to people with

different motivational orientations (promotion versus prevention focus). Please use the ratings
scales to indicate which motivational orientation you believe the messages reflect the most.

[MESSAGE]

Which motivational orientation does this message reflect most?”

(O Prevention Focus (a concern for avoiding negative outcomes and minimizing losses)

(O Promotion Focus (a desire for pursuing positive outcomes and maximizing gains)

Given the two different response options, the baseline likelihood of participants guessing the
correct answer is 50%. Table S16 below shows the actual percentages for each of the eight
messages.

Table S16. Percentage of participants correctly identifying the targeted trait

Trait Percentage correct
Promotion 20/20 (100%)
Prevention 20/20 (100%)




Table S17. Means, standard deviations, and zero-order correlations with confidence intervals of Big Five Personality variables in
Study 2

Variable M SD 1 2 3 4 5 6 7 8 9 10
1. Openness (Ad) 6.14 3.40
2. Conscient. (Ad) 5.56 3.40 -13
[-.27,.01]
3. Extraversion (Ad) 5.64 3.32 .39** -.23*%*
[.26, .50] [-.36, -.09]
4. Agreeableness (Ad) 5.02 3.22 - 24%* -.01 -.30**
[-.37, -.10] [-.15, .13]  [-.43,-.17]
5. Openness (P) 5.29 111 21** .06 14* .01
[.07, .34] [-.09, .20] [.00, .28] [-.14, .15]
6. Conscient. (P) 4,53 1.33 -.07 .05 -.07 .01 .06
[-.21, .07] [-.09, .19] [-.21, .07] [-.13, .16] [-.08, .20]
7. Extraversion (P) 3.68 1.22 .00 -.01 12 -.01 .18* A45**
[-.14, .14] [-.15, .13] [-.02, 26]  [-.15,.14] [.04, .32] [.33, .55]
8. Agreeableness (P) 5.08 1.02 -.00 -.02 .02 .03 .08 44> 19**
[-.14, .14] [-.16, .13] [-.13, .16] [-.12, .17] [-.06, .22] [.32, .55] [.05, .32]
9. Neuroticism (P) 3.88 143 -.04 -.09 03 -.02 .01 -.61** -.50%* - 42%*

[-18 11]  [-22,.06]  [-12,17] [-16,.12]  [-13,.15]  [-69,-51]  [-60,-39]  [-53,-.30]

10. Age 3674  12.98 -.05 -12 -10 .06 -.08 21%* a1 13 -20%*
[-19,.09]  [-26,.02]  [-24,.05] [-08,20]  [-22, .06] [07,.34]  [-03,.25]  [.02,.26] [-.35,-.08]

11. Education 38  1.39 07 05 03 -02 06 A7+ 16% .09 17 10
[-07,21]  [-09,.19]  [-11,.17] [-16,.12]  [-.09,.20] [.03, 31] [02,.30]  [-06,.23]  [-30,-03] [-.04,.24]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95%
confidence interval for each correlation. (Ad) indicates effectiveness ratings for the respective ads. (P) indicates participants’
personality scores on the respective trait. * indicates p <.05. ** indicates p < .01.



Table S18

. Full model output of linear regression analyses for Big Five Personality Traits in

Study 2
Openness Conscientiousness Extraversion Agreeableness
Predictors B Clgs p p Clgs p p Clgs p p Clgs p
(Intercept) -0.17 -0.46 - 0.13 0.041 0.05 -0.26 - 0.35 0.004 -0.25 -0.55-10.06 0.434 -0.06 -0.37-0.25 0.035
Openness 0.19 0.04-0.34 0.012 0.06 -0.09-0.22 0425 0.12 -0.04-0.27 0.141 0.03 -0.13-0.19  0.685
Conscientious. -0.20  -040--0.01  0.039 0.08 -0.12-0.28 0424 015 -035-0.05 0149 -0.02 -0.22-0.18  0.847
Extraversion -0.07 -0.25-0.10 0.405 -0.15 -0.33-0.03 0.095 0.19 0.01-0.37 0.040 -0.03 -0.22-0.15 0.718
Agreeableness 0.05 -0.12-0.21 0580 -004 -021-0.13 0.664 0.06 -0.11-0.24 0461 -0.00 -0.18-0.17  0.984
Neuroticism -0.18 -0.39-0.02 0.077 -016 -0.37-0.05 0.139 0.01 -020-0.22 0950 -0.08 -0.30-0.13  0.436
Age -0.05 -0.22-0.13 0.605 -012 -031-0.06 0184 -013 -0.32-0.05 0146 -002 -020-0.17 0.833
Female -0.01 -0.32-0.29 0924 -021  -053-0.10 0.180 0.13 -0.18-0.45  0.400 0.31 -0.01-0.63  0.057
Gender (Other) 0.13 -1.29 - 1.56 0.854 0.59 -0.88-2.06  0.430 0.19 -1.28-1.66  0.800 0.52 -0.97-2.01  0.488
Education 0.13 -0.03-0.29 0.118 0.04 -0.13-0.21  0.667 0.08 -0.09-0.25  0.370 0.00 -0.17-0.18  0.967
Black 0.64 0.21-1.07 0.004 0.15 -0.29-0.60  0.500 0.03 -042-047 0908 -0.08 -053-0.37 0.725
Native American -158  -305--0.12 0.034 -066 -217-0.85  0.390 0.65 -086-2.16 0395 -1.24 -278-029 0111
Asian -0.12 -0.67 -0.43 0.673 0.10 -047-066  0.741 0.21 -0.35-0.78 0457 -041  -099-0.16  0.157
Pacific Islander -0.68 -2.09-0.73 0.345 111 -0.35-257  0.134 0.52 -0.93-1.98 0478 0.01 -146-1.49  0.986
Multi-racial 0.48 -0.11-1.08 0110 -032 -094-029 0301 -010 -0.71-052 0753 -007 -069-0.55 0.830
Part-time 0.24 -0.22-0.70 0.311 0.50 0.02-0.98 0.041 0.32 -0.15-0.80 0.181 -0.35 -0.83-0.14 0.157
Self-employed 0.13 -0.42 - 0.67 0.650 -0.04 -0.61-0.52 0.876 0.07 -0.50 - 0.63 0.816 -0.10 -0.67 - 0.47 0.722
Unemployed -0.06 -0.51-0.40 0.810 -010 -057-0.37  0.667 0.07 -0.40-0.54  0.768 0.21 -0.26-0.69  0.384
Retired 0.27 -0.31-0.84 0.364 0.01 -0.58-0.61  0.960 0.49 -0.10-1.09 0102 -035 -095-0.25  0.253
Student 0.37 -0.54 - 1.27 0.427 -0.19 -1.13-0.75 0.686 0.80 -0.14-1.74 0.094 0.53 -0.43-1.48 0.277
Employ. (Other) 0.63 -0.34 -1.60 0.201 0.04 -0.96 - 1.04 0.936 0.38 -0.62 - 1.38 0.455 -0.03 -1.05-0.98 0.949
Observations 192 192 192 192
R?/ R? adjusted 0.172/0.075 0.117/0.014 0.119/0.016 0.092/-0.014




Table S19. Means, standard deviations, and zero-order correlations with confidence intervals of Regulatory Focus variables in Study
2

Variable M SD 1 2 3

1. Regulatory Focus (Ad) 7.40 3.28

2. Regulatory Focus (P) 1.01 2.03 .09
[-.05, .23]

3. Age 36.74  12.98 19** 11
[.05, .32] [-.03, .25]

4. Education 3.86 1.39 .01 20%* 10
[-.13, .15] [.06, .33] [-.04, .24]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95%
confidence interval for each correlation. (Ad) indicates effectiveness ratings for the respective ads. (P) indicates participants’
regulatory focus score. * indicates p <.05. ** indicates p <.01.



Table S20. Full model output of linear regression analyses for Regulatory Focus in Study 2

Promotion Focus

Predictors S Clgs p
(Intercept) -0.03 -0.32-0.25 <0.001
Promotion 0.12 -0.03-0.27 0.125
(- Prevention)

Age 0.13 -0.05-0.30 0.150
Female 020 -0.10-0.49 0.186
Gender (Other) 0.61 -0.82-2.03 0.401
Education -0.02 -0.19-0.15 0.822
Black -0.40 -0.83-0.03 0.069
Native American 057 -0.88-2.02 0.438
Asian -0.07 -0.63-0.49 0.808
Pacific Islander ~ -1.96 -3.36--0.57 0.006
Multi-racial -0.56 -1.15-0.03 0.064
Part-time 0.14 -031-0.60 0.533
Self-employed -0.06 -0.59-0.48 0.833
Unemployed 0.06 -0.38-0.49 0.804
Retired -0.00 -0.58-057 0.998
Student 0.09 -0.82-1.00 0.839
Employ. (Other) 0.39 -056-1.33 0.421
Observations 192

R?/ R? adjusted 0.135/0.056




Table S21. Means, standard deviations, and zero-order correlations with 95% CI of Moral Foundations in Study 2

Variable M D 1 2 3 4 5 5 7 8 9 10 11 7 13
1.Pol. Ideol (Ad)  **7  17.16
2. Purity (Ad) 61 1596 -3
[-51, -27]
3. Care (Ad) 9 1359 64 17
[54,.71]  [-30, -03]
4 Loyalty (ad) 200 1343 - 435 - 3% - 30%*
[-54,-31] [-44,-18] [-42,-16]
. 18.1
5. Fairness (Ad) 7 13.52 .63** -.33** -.20%* -.25%*
[54,71] [-45,-20] [-33,-06] [-38,-.11]
. 13.1
6. Authority (Ad) 37 1343 38 37 3o -07 A7
[-50,-25] [-49,-24] [-44,-18]  [-21,07]  [-30,-03]
7.Pol. Ideol. (P) 508 162 24 -01 07 - 16 23w .13
[10,37] [-15 13] [-08 21] [-30,-02]  [10,.36] [-27,.01]
8. Purity (P) 321 126 .11 05 02 05 - 16 15 37
[-25 03] [-19,.09] [-12,.16] [-09,19] [-30,-02]  [00,.28] [-49, -24]
9. Care (P) 467 079 16 08 10 -10 10 20 31w 18
[02,29] [-07,22] [-05 24] [-23..05] [-04 .24] [-33,-06]  [18 43  [04 .31]
10. Loyalty (°) 307  0.97 _18* .08 -04 13 - 1gr 20%* - 2gw 58w 10
[-32,-04] [22,.06] [18,.10] [-OL 27] [-32,-05]  [06,.33] [-41,-15]  [48, 67]  [-04 24]
11 Faimess (P) 458  0.71 30% 04 10 -8 2% - D5 AT -04 67% 14
[16,42] [-10,18]  [-04 24] [-31,-04]  [14,40] [-38,-11]  [35 57] [-18.10]  [58,.74] [-28,-.00]
12, Authority (P) 338 1.00 -18* .05 -01 11 i 18 e 5w 03 0% A7
[-31,-03] [-19,.09] [15, .13] [-03,25] [-34,-07]  [04 31] [-55-32]  [68 81] [-1117]  [62,.77] [-30,-03]
13. Age %7 1208 o1 04 14 -03 .13 -03 07 19* 10 26% -03 20w
[-14, 15]  [-10,.48]  [-01,27] [17,12] [-27,01] [-17,41] [-21,.07]  [05,.32] [-04,24]  [12,39] [-17,.11]  [.08, .35]
14, Education 386 139 13 04 15 -02 00 -09 15% 03 08 06 o7 04 10
[-02 26]  [-18,.10]  [OL 29] [-16,.12] [-14, 15] [-23,06]  [00, 28] [-1L 17] [-06,.22] [-08,20] [-07,21] [-10,.19] [-04, 24]




Table S22. Full model output of linear regression analyses for Moral Foundations in Study 2

Purity Care Loyalty Fairness Authority Liberalism
Predictors B Clgs p B Clgs p B Clgs p B Clgs p B Clgs p B Clgs p
(Intercept) -0.01 -031-0.29 <0.001 -0.01 -030-029 0449 -0.26 -055-0.03 0.010 -0.05 -0.34-0.23 0.648 0.46 0.17-0.74 0.002 -0.11 -0.40-0.17 0.002
Purity -0.04 -020-0.12 0.645 - - - - - - - - - - - - - - -
Care - - - 0.06 -0.10-0.21 0.468 - - - - - - - - - - - -
Loyalty - - - - - - 0.17 0.02-0.32 0.026 - - - - - - - - -
Fairness - - - - - - - - - 0.25 0.11-0.40 0.001 - - - - - -
Authority - - - - - - - - - - - - 0.22 0.07 - 0.37 0.005 - - -
Liberalism - - - - - - - - - - - - - - - 0.22  0.08-0.37 0.003
Age 009 -010-027  0.355 016 -0.02-0.34 0078 -013 -031-0.05 0.161 -020 -037--0.03 0.025 -001 -018-0.17 0954 -0.03 -0.20-0.15 0.763
Female -0.08 -0.39-0.22  0.584 0.08 -023-039 0608 011 -0.19-041 0474 0.23 -0.07-053 0129 -043 -0.72--0.14 0.003 033 0.03-063 0.029
Gender (Other) 117 -032-265 0122 -075 -221-072 0314 -110 -255-0.34 0.134 0.30 -112-172 0676 -0.34 -174-106 0635 012 -1.32-156 0.874
Education -0.00 -0.18-0.17  0.975 015 -0.02-032 0087 002 -015-0.19 0.805 -001 -0.18-0.15 0.876 -0.20 -0.36--0.03 0.019 010 -0.07-0.27 0.244
Black 002 -044-048 0928 -032 -076-0.12 0156 038 -0.06-0.82 0.088 0.01 -042-044 0973 -020 -0.64-024 0368 -027 -071-0.16 0.217
Native American  -0.21  -1.73-1.30 0.781 -090 -2.39-059 0.234 0.24 -1.24-172  0.753 1.07 -0.38 - 2.52 0.148 -0.24 -1.68 -1.20 0.747 0.26 -1.21-174 0.727
Asian -0.37  -0.95-0.21 0.211 0.11 -0.46-0.68  0.698 0.25 -0.32-0.81 0.391 -0.32 -0.87-0.23 0.256 0.19 -0.37-0.75 0503 -0.16 -0.72-0.40 0.568
Pacific Islander 0.08 -1.38 -1.55 0.911 0.01 -143-1.44  0.993 0.32 -1.10-1.74 0.655 -0.13 -1.52-1.26 0.854  -0.08 -1.46-1.31 0913 -020 -161-121 0.779
Multi-racial -0.53 -1.16-0.10 0.096 -0.13  -0.74-0.48 0.679 0.52 -0.08-1.13 0.091 -0.13 -0.72-0.47 0.673 0.34 -0.25-0.93 0259 -0.15 -0.75-0.45 0.625



Figure S4. Distributions of outcome variables in Study 2
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Figure S5. Marginal effects of Big Five personality traits on effectiveness ratings
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Figure S6. Marginal effects of Regulatory focus on effectiveness ratings
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Study 3a
Sample demographics

Age 35.7 (13.4SD)
Gender 50% Female

Ethnicity 78% White
7% Black or African American
1% American Indian, Native American or Alaska Native
9% Asian
0% Hawaiian Native or Other Pacific Islander
1% Other
4% Multiracial

Education 1% Some high school or less
10% High school diploma or GED
24% Some college but no degree
14% Associates or technical degree
40% Bachelor’s degree
11% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 20% Less than $10,000
6% $10,000 to $14,999
11% $15,000 to $24,999
10% $25,000 to $34,999
15% $35,000 to $49,999
14% $50,000 to $74,999
10% $75,000 to $99,999
8% $100,000 to $149,999
3% $150,000 to $199,999
2% $200,000 or more

Employment  43% Employed (full-time)
12% Employed (part-time)
10% Self-employed
13% Unemployed
13% Student
7% Retired
2% Other



Table S23. Means, standard deviations, and zero-order correlations with 95% CI of variables in Study 3a

Variable M sD 1 2 3 4 5 6 7 8 9 10 11 12
1. OP (E) 0.00 1.24
2.CO (E) 0.00 1.09 -.33%
[-.45, -.20]
3.EX (E) 0.00 1.19 -15% -17*
[-29,-01] [-31,-.03]
4. AG (E) 0.00 1.00 -12 - 50% - 25%%
[-26,.02] [-.60,-39] [-.38,-.11]
5.0P (WTP) -000 12881 B5%* -.30%* -.09 -.06
[56,.73] [-42,-16]  [-23,.05] [-.20,.08]
6.CO(WTP) -000  101.91 -23% B2x -04 -.38% - A1x
[-36,-09]  [52,.70] [-18,.10] [-50,-25] [-52, -.29]
7.EX (WTP) -000  143.36 -7 -16* oTa -13 27 -.09
[-31,-03] [-29,-.02] [46,.66] [-26,.01] [-39,-13]  [-.23,.05]
8AG *k - *k Kk - * - Kk - *k
(WTF) 0.00 10177 -12 -25 23 58 16 59 34
[-26,.02] [.38,-11] [-.36,-.09] [47,.66] [.29,-01] [-68,-49] [-46,-.21]
9.0P (P) 5.25 1.04 2% -15% -11 02 a1 -.09 01 -.03
[08,.35] [.28,-01] [-24,.04] [.12,.16] [-.03,.25] [-23,.05] [-13,.16] [-.17,.11]
10.CO (P) 485 1.29 .09 12 -03 -04 .06 02 -.03 02 09
[-05, 23]  [-02 .26] [-17,.11] [-.18,.10]  [-08,.20] [-12,.16] [-.18,.11] [.12,.16]  [-.05,.23]
11. EX (P) 372 115 05 -.06 23% .04 02 -.06 20%* .00 15% AG*
[-09,.19]  [-20,.09] [09,.36] [-11,.18] [-12,.16]  [-.20,.08] [.06,.33] [-.14, .15] [.01, 28] [.34, 56]
12. AG (P) 4.9 1.06 A7+ .05 -04 -.02 .05 07 -07 -.03 33% A% 13
[03,.30] [-09,.19] [-18,.11] [.16,.13] [.09,.19] [-07,.21] [-21,.07] [-.17,.11] [.19, .45] [.30, 54]  [-.01,.26]
13. NE (P) 371 1.29 -.03 .05 .04 -10 .00 .03 03 -12 -14 - 53x - Ag* - 31%
[18,.11]  [-09,.19]  [-10,.18]  [.24,.04] [14,.15] [-11,.17] [.11,.17] [.26,.02] [.27,.01] [.63,-42] [-58,-36] [-.43,-.18]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95%
confidence interval for each correlation. (E) = effectiveness ratings, (WTP) = willingsness-to-pay and (P) = participants’ personality
scores. * indicates p < .05. ** indicates p < .01.



Table S24 Full model output of linear regression analyses for Effectiveness outcome in Study 3a

Openness Extraversion

Predictors p Clgs p B Clgs p
(Intercept) -16  -46-.14 001 -07 -36-.22 .106
Openness .24 .07 - .41 .005 -14 -30-.02 .095
Conscientious. .06 -14 - .26 532 -04 -23-.15 .649
Extraversion -.00 -18-.18 985 .35 .18 - .52 <.001
Agreeableness .01 -17-.20 877 .02 -16-.19 .860
Neuroticism .09 -09-.28 330 .21 .03-.39 .023
Age 18 -.03-.38 .086 .13  -06-.33 182
Female .24 -.07 - .55 131 -01  -31-.29 .955
Gender (Other) .02 -1.06-1.10 .977 .02 -1.01-1.05 .970
Education .03 -12-.19 681 -08 -22-.07 .318
Black .05 -51-.62 849 23 -31-.77 .393
Native American -1.41  -293-.12 .070 118 -28-2.64 111
Asian -33 -85-.18 206 -30 -80-.20 .238
Pacific Islander .62 -.82-2.07 395 138 -.00-275 .050
Multi-racial -.30 -1.04 - .45 432 .98 .27-1.69 .007
Part-time 31 -17-.80 198 .19 -.27 - .65 423
Self-employed .05 -47- .57 851 -42  -92-.07 .093
Unemployed 31 -19-.81 224 -03 -51-.45 .902
Retired .29 -.23-.80 270 .49 .00-.98 .049
Student -37  -108-.34 311 -34 -101-.34 331
Employ. (Other) -29  -140-.82 601 .00 -1.06-106 .997
Average Effectiveness .18 .02-.34 .024 01 -14 - .16 .946
Order OP ad .08 -07-.22 291
Order CO ad
Order EX ad .09 -.05-.23 .188
Order AG ad
Observations 192 192

R?/ R? adjusted .166 /.057 .238/.139




Table S25. Full model output of linear regression analyses for WTP outcome in Study 3a

Openness Extraversion
Predictors B Clgs p B Clgs p
(Intercept) -.01 -.33-.30 034 -06 -36-.24 .325
Openness .15 -.02-.33 .085 -.04 -21-.13  .629
Conscientious. .09 -12-.29 406 -03 -22-17 771
Extraversion .02 -17-.20 847 .26 .09 - .44 .004
Agreeableness .00 -19-.19 990 -05 -23-.13 584
Neuroticism 12 -07-.31 221 12 -06-.31 .196
Age .04 -17-.25 710 .09 -11-.29  .355
Female -13 -45-.19 439 -15 -46-.16 .329
Gender (Other) -.16 -1.27-.95 J77 -35 -142-.71 516
Education .02 -13-.18 758 -00 -16-.15 .960
Black .37 -21-.95 206 -29 -84-.27 312

Native American  -1.56 -3.12-.01 .051 135 -15-285 .078

Asian -44 -97-.10 107 -.34 -86-.17 .186
Pacific Islander -04 -152-144 954 62 -80-204 .391
Multi-racial -15 -91- .61 690 .60 -13-1.33 .109
Part-time A1 -.38 - .61 646 .30 -18-.77 217
Self-employed .24 -29-.78 366 .19 -32-.70 461
Unemployed .39 -12-.91 136 .17 -32-.67 494
Retired 13 -.40 — .66 .632 .61 10-1.11 019
Student .20 -53-.93 593  -26 -96-.44 464

Employ. (Other)  -34  -148-.80 559 .76 -33-185 .172

Average WTP .20 .04 - .36 .016 .03 -12-19 671
Order OP ad -.07 -22-.08 .389

Order CO ad

Order EX ad -07  -22-.07 .308
Order AG ad

Observations 192 192

R?/ R? adjusted .123/.008 .190/.084
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Study 3b
Sample demographics

Age 39.7 (14.59SD)
Gender 48% Female

Ethnicity 78% White
8% Black or African American
1% American Indian, Native American or Alaska Native
6% Asian
0% Hawaiian Native or Other Pacific Islander
4% Other
4% Multiracial

Education 1% Some high school or less
16% High school diploma or GED
24% Some college but no degree
12% Associates or technical degree
34% Bachelor’s degree
13% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 15% Less than $10,000
6% $10,000 to $14,999
9% $15,000 to $24,999
15% $25,000 to $34,999
17% $35,000 to $49,999
18% $50,000 to $74,999
10% $75,000 to $99,999
9% $100,000 to $149,999
2% $150,000 to $199,999
0% $200,000 or more

Employment  46% Employed (full-time)
12% Employed (part-time)
11% Self-employed
18% Unemployed
4% Student
7% Retired
4% Other



Table S26. Means, standard deviations, and zero-order correlations with 95% CI of Moral

Foundations in Study 3b

Variable M SD 1 2 3 4
1. Liberal —
Conservative (E) 0.96 2.09
2. Liberal — o
Conservative (WTP) 107 8.11 43
[.31,.54]
3. Political Ideology (P) 4.93 1.75 14* 25**
[.00, .28] [.11,.38]
4. Age 39.73  14.59 -.06 01 -17*
[-.20, .08] [-13,.15]  [-.30,-.03]
5. Education 4.01 1.35 -.10 -.08 14* 14*
[-.24, .04] [-.21, .07] [.00, .28] [.00, .28]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in
square brackets indicate the 95% confidence interval for each correlation. (E) = effectiveness
ratings, (WTP) = willingsness-to-pay and (P) = participants’ political ideology. * indicates p <

.05. ** indicates p < .01.



Table S27. Full model output of linear regression analyses for Effectiveness and WTP outcome
in Study 3b

Effectiveness WTP
Predictors B Clgs p B Clgs p
(Intercept) -0.09 -0.35-0.17 0.944 -0.40 -0.66—-0.15 0.290
Political Ideology 0.18 0.03-033 0.019 024 0.10-0.39 0.001
Age -0.02 -0.20-0.15 0.794 0.08 -0.09-0.25 0.332
Female -0.13 -044-0.17 0387 019 -0.10-0.48 0.194
Gender (Other) 119 -0.02-241 0.055 0.25 -0.91-142 0.668
Education -0.06 -0.22-0.10 0445 -0.04 -0.19-0.11 0.580
Black 0.04 -048-056 0.882 0.58 0.08-1.08 0.024
Native American -097 -296-1.02 0336 -046 -237-144 0.632
Asian 0.17 -046-0.81 0591 032 -0.30-0.93 0.309
Pacific Islander 024 -048-0.97 0508 0.59 -0.10-1.28 0.095
Multi-racial 050 -031-131 0.228 051 -0.26-1.29 0.194
Part-time 010 -0.39-0.59 0681 0.24 -0.23-0.71 0.312
Self-employed -0.06 -056-043 0806 033 -0.15-0.80 0.177
Unemployed 048 0.05-0.90 0.028 0.65 0.25-1.06 0.002
Retired 001 -081-0.83 0981 0.12 -0.67-0.91 0.773
Student 045 -021-111 0.180 0.25 -0.39-0.88 0.443
Employ. (Other) -051 -1.35-0.33 0.230 0.04 -0.76-0.84 0.925
Order Purity ad -0.04 -0.22-0.14 0682 -0.02 -0.19-0.15 0.812
Order Care ad -0.01 -0.19-0.18 0935 0.07 -011-0.25 0.462
Order Loyalty ad 0.01 -0.17-0.20 0.883 -0.15 -0.33-0.03 0.100
Order Fairness ad -0.01 -0.19-0.17 0.876 -0.03 -0.21-0.14 0.700

Average effectiveness/WTP  0.19 0.04-0.33 0.011 0.04 -0.09-0.18 0.525

Observations 196 196
R?/ R? adjusted 0.141/0.038 0.210/0.114




Table S28. Full model output of linear regression analyses for Effectiveness separately for each Moral Foundation in Study 3b

Authority Care Fairness Loyalty Purity

Predictors p Clgs p p Clgs p p Clgs p p Clgs p B Clgs p
(Intercept) 015 -0.12-041 0893 0.06 -0.18-0.30 0.211 -0.09 -0.35-0.16 0.007 -0.15 -041-011 0175 0.08 -0.18-0.34 0.032
Political Ideology -0.08 -024-008 0325 -011 -025-003 0124 034 019-049 <0.001 -0.16 -0.32--001 0037 0.04 -012-019 0.645
Age 0.06 -012-024 0522 0.00 -0.16-0.16 0.997 -0.02 -019-015 0793 -0.04 -021-0.13 0668 000 -0.17-0.18 0.969
Female -0.14 -044-017 0377 -024 -051-004 0.08 -0.04 -033-025 0784 040 0.10-0.69 0.008 -0.08 -0.39-0.22 0.582
Gender (Other) -0.71 -194-052 0257 080 -0.31-191 0158 001 -1.17-118 0992 -0.00 -1.20-1.19 0994 -0.28 -150-0.94 0.652
Education -0.03 -0.19-012 0690 -0.11 -0.26-0.03 0112 003 -0.12-0.18 0665 -0.10 -0.25-0.05 0.207 021 0.05-0.37 0.008
Black 012 -040-065 0644 -0.09 -057-039 0710 027 -024-077 0301 -041 -092-0.11 0119 015 -037-0.67 0574
Native American 036 -1.65-237 0.724 -0.97 -2.79-0.84 0.291 -0.37  -229-156  0.709 0.07 -1.87-2.01 0943 0.74 -1.25-2.73 0.463
Asian -0.06 -0.70-059 0.860 017 -041-075 0575 014 -048-0.75 0661 -030 -0.93-032 0.338 006 -058-0.70 0.847
Pacific Islander -0.01 -0.74-0.72 0974 016 -050-082 0637 029 -041-098 0417 -010 -0.80-060 0.775 -0.18 -0.90-0.54 0.623
Multi-racial -0.38 -119-044 0361 019 -055-093 0610 062 -016-141 0118 -0.31 -1.10-0.49 0.448 -0.03 -0.84-0.78 0.942
Part-time -042 -091-007 0092 -006 -050-038 0785 020 -0.27-066 0411 014 -0.33-062 0.550 -0.00 -0.48-0.48 0.999
Self-employed -0.26 -0.76-0.24 0307 -0.04 -0.49-040 0.854 0.08 -0.40-055 0.754 0.39 -0.09-0.87 0112 -0.25 -0.74-024 0321
Unemployed -0.03 -047-040 0880 017 -0.22-056 0392 -0.08 -050-0.33 0694 -014 -056-028 0506 0.12 -031-0.55 0.582
Retired -0.17 -1.01-066 0686 -0.31 -1.06-044 0419 020 -060-099 0630 -0.23 -1.04-058 0573 057 -026-140 0.175
Student 016 -050-0.83 0629 046 -014-106 0131 029 -034-093 0365 -0.10 -0.75-0.54 0752 -0.60 -1.25-0.06 0.073
Employ. (Other) 036 -048-121 0398 -0.10 -087-066 0787 029 -053-110 0487 013 -069-095 0755 -059 -143-025 0.171
Average effectiveness  0.18  0.03-0.33 0.022 043 0.30-0.57 <0.001 006 -009-020 0430 017 0.02-032 0.023 0.08 -0.07-0.23 0.310
Order Authority -0.06 -0.21-0.09 0.422



Order Care 0.01 -0.12-0.15 0.853

Order Fairness -0.02 -0.16-0.12 0.819

Order Loyalty -0.18 -0.32--0.04 0.012

Order Purity 0.06 -0.09-0.20 0.449
Observations 196 196 196 196 196

R?/ R? adjusted 0.096 / 0.004 0.266/0.191 0.172/0.088 0.151/0.064 0.114/0.024




Table S29. Full model output of linear regression analyses for WTP separately for each Moral Foundation in Study 3b

Authority Care Fairness Loyalty Purity
Predictors s Clgs p s Clgs p s Clgs p B Clgs p B Clgs p
(Intercept) 022 -0.05-049 0469 -0.22 -048-0.04 0553 -0.24 -050-0.02 <0.001 0.01 -0.25-027 0.034 019 -0.07-046 0.514

Political Ideology  -0.04 -0.20-0.11 0.584 0.06 -0.09-0.20 0469 025 0.10-0.40 0.001 -0.15 -0.30-0.00 0.052 -0.07 -0.23-0.08 0.342
Age -0.05 -0.23-0.13 0601 0.02 -015-020 0813 005 -0.12-022 0582 -0.08 -0.25-0.10 0.394 004 -014-0.22 0.683
Female -0.35 -0.66--004 0027 001 -029-031 0936 009 -020-039 0536 024 -0.06-054 0115 -0.04 -0.34-0.27 0.806
Gender (Other) 011 -113-136 085 048 -0.72-169 0431 -0.02 -121-117 0974 -021 -143-100 0.731 -0.28 -1.51-096 0.658
Education 003 -013-0.19 0673 -0.14 -030-0.01 0.066 006 -0.09-021 0432 -0.10 -0.26-0.06 0.207 012 -0.04-028 0.134
Black 018 -036-0.71 0513 056 004-107 0.03 036 -015-0.88 0163 -051 -1.03-001 0.053 -0.44 -096-0.09 0.103
Native American 027 -176-230 0.795 -045 -243-152 0649 015 -180-210 0881 -005 -2.03-193 0.964 006 -1.95-206 0.957
Asian -0.01 -0.66-0.64 0981 003 -0.60-066 0919 030 -032-093 0336 -050 -1.13-0.13 0121 014 -051-0.78 0.679

Pacific Islander 007 -067-081 0848 061 -0.10-133 0.093 024 -046-094 049 -0.18 -0.90-053 0.614 -046 -1.19-026 0.207

Multi-racial 027 -056-109 0524 -0.03 -0.84-0.77 0935 082 0.03-1.62 0.043 -074 -155-0.06 0.071 -015 -096-0.67 0.723
Part-time -0.10 -060-039 0681 020 -029-0.68 0425 008 -0.39-056 0729 -0.02 -051-046 0926 -0.12 -0.61-0.37 0.628
Self-employed -026 -0.76-025 0312 002 -047-050 095 031 -017-0.79 0205 008 -041-057 0.745 -0.15 -0.64-0.35 0.560
Unemployed -0.27 -0.70-0.16 0218 055 013-09 0011 019 -022-060 0357 -012 -054-030 0579 -030 -0.72-0.13 0.166
Retired 017 -067-102 0688 -0.19 -1.01-062 0642 017 -0.64-098 0676 -056 -1.38-027 0.18 037 -047-120 0.386
Student 021 -047-088 0547 025 -040-090 0447 027 -038-091 0411 -0.08 -0.74-058 0.807 -0.44 -1.10-0.23 0.194

Employ. (Other) -023 -1.08-062 0599 009 -074-091 0839 018 -0.64-1.00 0.666 061 -0.22-145 0.147 -051 -1.35-0.34 0.237
Average WTP 0.15 0.00-0.30 0.047 012 -0.03-026 0.111 015 0.01-0.29 0.033 0.08 -0.07-022 0.292 009 -0.05-0.24 0.200

Order Authority -0.03 -0.18-0.12 0.656



Order Care 0.09 -0.06-0.23 0.252

Order Fairness 0.08 -0.06-0.22 0.250

Order Loyalty -0.03 -0.17-0.11 0.688

Order Purity 0.07 -0.07-0.22 0.329
Observations 196 196 196 196 196

R?/ R? adjusted 0.076/-0.018 0.135/0.047 0.155/0.069 0.120/0.030 0.098 /0.006




Figure S8. Distributions of effectiveness and WTP outcome in Study 3b
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Figure S9. Marginal effects of political ideology on effectiveness and WTP ratings
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Study 3c
Sample demographics

Age 36.1 (12.3SD)
Gender 52% Female

Ethnicity 79% White
6% Black or African American
1% American Indian, Native American or Alaska Native
6% Asian
0% Hawaiian Native or Other Pacific Islander
3% Other
6% Multiracial

Education 1% Some high school or less
12% High school diploma or GED
18% Some college but no degree
18% Associates or technical degree
42% Bachelor’s degree
20% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 14% Less than $10,000
5% $10,000 to $14,999
9% $15,000 to $24,999
13% $25,000 to $34,999
13% $35,000 to $49,999
19% $50,000 to $74,999
10% $75,000 to $99,999
10% $100,000 to $149,999
5% $150,000 to $199,999
2% $200,000 or more

Employment  54% Employed (full-time)
10% Employed (part-time)
9% Self-employed
12% Unemployed
8% Student
5% Retired
3% Other



Table S30. Means, standard deviations, and zero-order correlations with 95% CI in Study 3c
Variable M SD 1 2 3 4 5 6 7 8 9 10 11 12
1. Effect. (iPhone) 3.03 1.50
2. WTP (iPhone) 44859 25879 36%*
[.26, 45]
3. Effect. (Political) 478 141 16%* 18+
[05,.26]  [.07, 28]
4, WTP (Political) 1495  19.22 14 16% 4%
[03, 24]  [05 26]  [.37,.54]
5. EX 373 120 08 13* -10 05
[-03,.19]  [02,.24] [-21,.01] [-06, 16]
6. Political I. 494 1.72 -12* -.01 A6** .20** -.24%*
[-22,-01] [-12,.10]  [37,.54]  [10,.31] [-34,-.14]
7. Age 36.12 13.29 .06 -.07 -.24%* .05 .16** -.30**
[-05 17]  [-18 .04] [-34-13] [-06,16]  [.05 .27] [-40, -20]
8. OP 5.18 1.04 -.07 -.05 .03 .05 .26** 15** -.01
[-18,04] [-16,.06] [-08 .14] [-06,16]  [15,.36]  [04 .26] [-12, .10]
9.CO 4.80 1.21 14* 16** -.14* .01 49** -.28** .25** .08
[03,25]  [06,27] [-24,-03] [-10,.12]  [40, 57] [-38,-18] [15,.35] [-03, .18]
10. AG 5.02 0.95 14* 13* A1 15** 27** -.02 .18** 22%* 31**
[03,24]  [02 24] [-00,21]  [04 .25] [17,37] [-13,.09]  [08 .29]  [1L 32]  [2L 41]
11. NE 360 132 -01 -07 15w 02 46 20w -33%% -04 B0 e
[-.12, .10] [-.18, .04] [.04, .25] [-.09, .13] [-.54, -.37] [11,.32] [-.42, -.23] [-.15, .07] [-.58, -.41] [_-fg]'
12. Education 4.40 1.32 -.19** .02 -.08 -.05 .20** -.04 .10 .02 12* -.05 -.12*
[-29,-08] [-09,13] [-18 03] [-16,.06]  [09,.30] [-14,.07] [-01,.20] [-09,.13]  [O1,.22] ["ég]' [_"Sf]'
13, Income 498 242 -07 10 -07 02 29w - 14%% 17 -02 187 03 . 38w
[-17,.04] [-0L,.20] [-18,.04] [-09,13]  [19,.39] [-25-04]  [06,27] [-13,.09]  [.07,.28] ["ég]' [_"f;]' [.28, .47]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95% confidence

interval for each correlation. * indicates p < .05. ** indicates p < .01.



Table S31. Full model output of linear regression analyses for Effectiveness and WTP for the iPhone and climate action scenario in

Study 3c
Effectiveness (iPhone) WTP (iPhone) Effectiveness (Political) WTP (Political)

Predictors B Clgs p B Clgs p B Clgs p B Clgs p
(Intercept) 0.11 -0.13-0.34 0.001 0.08 -0.17-0.33 0.093 -0.07 -0.28-0.14 <0.001 -0.11 -0.35-0.12 0.111
Participant Extraversion -0.03 -0.20-0.14 0.747 0.06 -0.12-0.24 0505 0.05 -0.08-0.18 0.472 0.09 -0.05-0.23 0.218
Message Condition (Extraversion) -0.17 -0.38-0.05 0.010 -0.12 -0.35-0.11 0.525 - - - - - -
Participant Extraversion x Message Condition 0.25  0.03-0.47 0.026 0.04 -0.19-0.27 0.743 - - - - - -
Political ldeology (Liberal) - - - - - - -0.34 0.20-0.48 <0.001 021 0.05-0.36 0.009
Message Condition (Fairness) - - - - - - -0.04 -024-0.16 0.028 019 -0.03-041 0.910
Political 1deology x Message Condition - - - - - - 023 0.02-043 0.028 008 -0.14-0.30 0.484
Female 0.07 -0.17-031 0586 -004 -029-021 0.771 016 -0.06-0.38 0.155 013 -0.12-0.37 0.303
Gender (Other) -0.05 -0.88-0.78 0.908 -0.13 -1.00-0.74 0.765 0.30 -0.47-1.07 0440 0.82 -0.03-1.67 0.059
Age 0.01 -013-0.15 0862 -0.14 -029-0.01 0.060 -0.13 -0.26-0.01 0.061 0.14 -0.00-0.29 0.052
Openness -0.12 -0.23--0.01 0.040 -0.11 -0.23-0.01 0.067 -0.06 -0.17-0.05 0.283 -0.02 -0.14-0.10 0.756
Conscientiousness 0.14 0.01-0.28 0.042 014 -0.01-0.29 0.061 -0.05 -0.18-0.08 0.491 0.01 -0.14-0.15 0.905
Agreeableness 0.10 -0.02-0.22 0.113 013 0.01-026 0.039 0.14 0.03-0.25 0.013 0.11 -0.01-0.23 0.079
Neuroticism 0.08 -0.07-022 0306 0.04 -012-0.19 0.649 0.04 -0.09-0.17 0.527 0.08 -0.06-0.23 0.273
Education -0.19 -0.31--0.07 0.003 -0.02 -0.15-0.10 0.728 -0.06 -0.17-0.05 0.307 -0.11 -0.24-0.01 0.070
Black 0.16 -030-0.62 0497 -0.14 -062-034 0575 039 -004-0.81 0073 0.17 -0.30-0.64 0.483
Native American 134 -064-331 0185 -046 -253-161 0662 128 -054-310 0.168 -0.01 -2.02-2.01 0.995
Asian -0.29 -0.75-0.17 0.211 0.14 -0.33-0.62 0.558 -0.02 -0.44-0.39 0.910 0.15 -0.31-0.62 0.521
Pacific Islander -0.20 -0.83-0.43 0532 001 -0.64-0.67 0972 024 -034-082 0416 -0.01 -0.65-0.63 0.974



Multi-racial 003 -044-051 088 021 -0.28-0.70 0405 0.08 -036-051 0732 013 -0.36-0.61 0.610
Part-time 018 -0.22-059 0366 0.04 -038-046 0868 -0.14 -050-0.23 0467 -0.07 -0.48-0.34 0.741
Self-employed -060 -1.01--0.19 0.004 006 -0.37-049 0.784 -0.03 -041-035 0.884 -0.40 -0.82-0.02 0.062
Unemployed -0.11  -052-0.29 0575 -0.20 -0.62-0.22 0.346 -0.13 -050-024 0489 -0.02 -043-0.39 0.935
Retired -006 -050-039 0805 006 -040-053 0.787 005 -036-046 0.804 -0.16 -0.62-0.29 0.483
Student 0.07 -056-0.69 0832 -004 -069-062 0913 005 -052-062 0856 -0.13 -0.77-0.50 0.681
Employ. (Other) 0.07 -061-074 0849 0.08 -063-0.78 0828 -0.55 -1.18-0.07 0082 -055 -1.24-0.14 0.119
Income -0.05 -0.18-0.09 0510 0.07 -0.07-0.22 0328 0.03 -010-0.16 0649 0.05 -0.09-0.19 0.490
Observations 320 320 320 320

R?/ R? adjusted 0.161/0.095 0.083/0.012 0.293/0.235 0.131/0.061




Figure S10. Distributions of Effectiveness and WTP outcome variables in Study 3c
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Study 4
Sample demographics

Age 43.4 (14.1SD)
Gender 48% Female

Ethnicity 82% White
8% Black or African American
0% American Indian, Native American or Alaska Native
5% Asian
0% Hawaiian Native or Other Pacific Islander
1% Other
4% Multiracial

Education 1% Some high school or less
16% High school diploma or GED
21% Some college but no degree
10% Associates or technical degree
37% Bachelor’s degree
15% Graduate or professional degree (MA, MS, MBA, PHD, JD, MD etc.)

Income 17% Less than $10,000
7% $10,000 to $14,999
9% $15,000 to $24,999
12% $25,000 to $34,999
12% $35,000 to $49,999
18% $50,000 to $74,999
13% $75,000 to $99,999
8% $100,000 to $149,999
2% $150,000 to $199,999
2% $200,000 or more

Employment  42% Employed (full-time)
14% Employed (part-time)
11% Self-employed
16% Unemployed
4% Student
9% Retired
4% Other



Table S32. Absolute (and relative) frequencies of personality traits appearing as the most salient trait in
Study 4.

Absolute (relative) frequency

Trait Low High
Openness 46 (15%) 27 (12%)
Conscientiousness 38 (13%) 52 (18%)

Extraversion 40 (13%) 72 (24%)




Table S33. Means, standard deviations, and zero-order correlations with 95% CI of variables in Study 4

Variable M SD 1 2 3 4 5 6 7 8 9 10 11 12
1. Effect. (W, Pers) 4.98 1.40
2. Effect. (S, Pers 4.32 1.48 AB**
[.39, .56]
3. Effect. (W, Generic) 474 1.42 41> A46%*
[.31, .50] [.36, .54]
4. Effect. (S, Generic) 421 1.50 A9** B1** 49**
[.40, .57] [.53, .67] [.40, .57]
5. WTP (W, Pers) 916"7‘ 507"2‘ 50 30% 26+ 27
[.40, .58] [.19, .40] [.15, .37] [.16, .37]
6. WTP (S, Pers) 67.50 32.01 .30** .61%* .28%* 42%* A40**
[.19, .40] [.53, .68] [.17,.38] [.32, .51] [.30, .49]
7. WTP (W, Generic) 65.65  31.54 .30** A1+ .30** .59** .39** .83**
[.19, .40] [.31, .50] [.19, .40] [.51, .66] [.29, .48] [.79, .86]
8. WTP (S, generic 65.65  31.54 .30** AL1** .30%* 5g** 39** .83** 1.00**
[.19, .40] [.31, .50] [.19, .40] [.51, .66] [.29, .48] [.79, .86] [1.00, 1.00]
9. 0P 5.22 1.09 .03 -.06 .04 .10 .08 .03 .05 .05
[-.08, .15] [-.17, .06] [-.08, .15] [-.01, .21] [-.04,.19] [-.08, .15] [-.06, .17] [-.06, .17]
10. CO 5.01 1.14 16** .16%* 14* 14* 13* .20%* 19%* 19%* .04
[.05, .27] [.05, .27] [.03, .25] [.03, .25] [.02, .24] [.08,.30] [.08, .30] [.08, .30] [-.07, .15]
11. EX 3.86 1.24 15** .18** .25%* 19%* A7** .30%* .26%* .26%* 24%* A40**
[.04, .26] [.086, .28] [.14, .35] [.07, .29] [.05, .27] [.19, .40] [.15, .36] [.15, .36] [.13,.34] [.30, .49]
12. AG 5.08 1.00 13 21%* 19** A7 A13* JA12* .09 .09 27 37 .25**
[.02, .25] [10, .32] [.07, .29] [.06, .28] [.01, .24] [.01, .23] [-.03, .20] [-.03, .20] [.16, .37] [.27, .46] [.14, .36]
13. NE 3.52 1.35 -01 -.00 .01 .02 .00 -.09 -11* -11* -.03 - 49** - 49%* -.33%*
[-12,.10] [-.12, .11] [-.10, .12] [-.10, .13] [-11, 12] [-.20, .03] [-.22, -.00] [-.22, -.00] [-.14, .08] [-.57, -.40] [-57, -.39] [-.43, -.23]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95% confidence
interval for each correlation. Effect. = effectiveness ratings, WTP = willingsness-to-pay, W = Weekend getaway scenario, S = Sneaker
scenario, Pers = Personalized ad version, Generic = Generic ad version. OP = Openness, CO = Conscientiousness, EX = Extraversion,
AG = Agreeableness, NE = Neuroticism. * indicates p <.05. ** indicates p <.01.



Table S34. Full model output of linear regression analyses for Effectiveness and WTP for the weekend getaway and sneaker scenario

with controls in Study 4

Effectiveness (Weekend)

Effectiveness (Sneakers)

WTP (Weekend)

WTP (Sneakers

Predictors S Clgs p p Clgs p I Clgs p p Clgs p
(Intercept) -0.13 -0.34-0.08 <0.001 -0.01 -0.22-0.20 <0.001 -0.04 -0.26-0.18 <0.001 -0.01 -0.22-0.21 <0.001
Condition [Personalized] 0.34  0.12-0.57 0.003 012 -010-035 0284 024 001-046 0.044 018 -005-041 0.131
Age 0.09 -0.05-023 0217 015 0.01-0.29 0.035 015 0.00-029 0.043 024 0.10-0.38 0.001
Female 0.17 0.06-0.29 0.003 0.26 0.15-037 <0.001 0.05 -0.07-0.17 039 0.02 -010-0.13 0.794
Black 024 -018-0.66 0268 0.19 -023-061 0382 019 -024-062 0393 014 -029-0.57 0.526
Asian 029 -024-081 0281 053 0.01-1.05 0.045 015 -0.38-0.68 0581 057 0.04-1.10 0.035
Pacific Islander 068 -029-166 0169 080 -0.18-1.77 0.108 0.01 -099-1.01 098 044 -055-143 0.384
Multi-racial 024 -035-084 0426 032 -027-091 0287 050 -0.11-111 0110 0.01 -059-0.62 0.970
Education -0.10 -0.22-0.01 0.078 -0.13 -024--0.01 0.035 -0.04 -0.16-0.08 0.525 -0.02 -0.14-0.09 0.692
Part-time -0.10 -045-025 0571 -0.05 -040-0.30 0.774 -0.12 -047-024 0523 005 -0.30-040 0.786
Self-employed 0.04 -033-042 0831 -019 -057-0.18 0.309 -0.06 -0.44-0.32 0.758 -0.27 -0.65-0.11 0.166
Unemployed -0.28 -0.62-0.07 0114 -0.21 -056-0.13 0220 -0.32 -0.67-0.04 0.078 -0.10 -045-0.25 0.571
Retired -0.15 -082-051 0649 011 -055-0.77 0.745 -042 -110-026 0.228 032 -0.36-1.00 0.353
Student 0.03 -043-050 0889 -0.27 -0.73-0.20 0.256 -0.17 -0.64-0.31 0497 -0.77 -1.24--0.29 0.002
Employ. (Other) -0.96 -158--0.34 0.002 -0.72 -1.34--0.11 0021 -036 -0.99-027 0.266 -052 -1.15-0.10 0.100
Observations 297 297 297 297
R?/ R? adjusted 0.110/0.066 0.117/0.073 0.066 / 0.020 0.083/0.038




Figure S11. Distributions of Effectiveness and WTP outcome variables in Study 4
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