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Abstract

Large language models (LLMs) are increasingly used to cre-
ate content for social media, specifically in the context of
journalism. In this paper, we analyze whether training in
prompt engineering can improve the interactions of users with
LLMs. For this, we conducted an experiment where we asked
journalists to write short texts before and after training in
prompt engineering. We then analyzed the effect of training
on three dimensions: (1) the user experience of journalists
when interacting with LLMs, (2) the domain expert percep-
tion, and (3) the non-expert reader perception, such as clar-
ity, engagement, and other text quality dimensions. Our re-
sults show: (1) Our training improved the perceived expertise
of journalists but also decreased the perceived helpfulness of
LLM use. (2) The effect on expert perception varied by the
difficulty of the task. (3) There is a mixed impact of training
on reader perception across different text quality dimensions.

1 Introduction

Generative Al such as large language models (LLMs) are
increasingly used to create content for social media (Statista
2024; Feng et al. 2023). Especially journalists can leverage
the power of LLMs for various tasks such as writing texts,
drafting social media posts, and creating multi-media con-
tent (Schmidt 2024; Felten, Raj, and Seamans 2023). For
example, the Los Angeles Times already uses LLMs to au-
tomatically generate reports on seismic activity in real-time
(Los Angeles Times 2019). However, oftentimes, employees
use LLMs without training or when there are no prevalent
policies in place in their organization. As a result, prompt en-
gineering training is important — especially in a journalistic
context where the impact of quality of web content creation
is large (Feuerriegel et al. 2023; Beauchene et al. 2023).
The quality of LLM outputs depends — to a large extent
— on the quality of prompts, meaning the user input that
the LLM receives (Atreja et al. 2024). For example, poorly
structured prompts tend to result in vague, incorrect, or ir-
relevant output (Lin 2024). Output quality can be assessed
through different lenses, i.e., through domain experts and
non-expert readers (McGuire, de Cremer, and van de Cruys
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2024). Moreover, the quality of prompts also shapes the
overall experience of users. Novice users have difficulties
designing effective prompts and struggle to adjust prompts
effectively to improve their outcomes (Zamfirescu-Pereira
et al. 2023). This can lead to frustration and dissatisfaction
among users and therefore reduce the perceived helpfulness
of LLMs (Kim et al. 2024).

Effective prompt writing, commonly referred to as prompt
engineering, is widely regarded as an essential skill when
using LLMs (Yang et al. 2024). Common strategies include
asking the LLM to use chain-of-thought reasoning (Wei
et al. 2022) or to adopt the role of a specific persona (White
et al. 2023). As we hypothesize later, effective prompt engi-
neering can not only improve the output quality of LLMs but
also the user experience. This raises the question of whether
users can be trained in prompt engineering training.

In this paper, we analyze whether prompt engineering
training can improve the user experience and output quality
of journalists interacting with LLMs. For this, we conducted
an experiment where N = 29 participants receive in-person
training in prompt engineering.! We performed our experi-
ment with professional journalists whom we asked to write
short social media posts (similar to those that are published
on social media platforms such as Twitter/X and LinkedIn)
about scientific research articles — a task that exemplifies the
growing intersection of scientific communication and social
media engagement. The posts were written with the support
of ChatGPT-3.5 both before and after training (see Figure 1
for an overview of our study flow). We analyze the effect of
training on three dimensions:

RQ1: How does prompt engineering training influence
the perceived expertise and perceived helpfulness of jour-
nalists when interacting with LLMs?

We measure the perceived expertise of journalists with the
LLM and the perceived helpfulness of the LLM for the given
task both before and after the journalists receive the training.
We expect that, after training, users may find LLMs more
helpful as they better understand how to generate the desired
output through prompts. In addition, the training should also

!Code and data for this project are available on Github:
https://github.com/vosh-96/The- Effect-of-Education-in- Prompt-
Engineering- Evidence-from-Journalists.



make users rate their expertise in using LLMs higher (see
Section 4).

RQ2: How does prompt engineering training influence
the domain expert perception of texts written by journalists
with LLMs?

In RQ2, we focus on the perception of domain experts as one
measure of output quality. We expect that creating a social
media post about a scientific article can potentially introduce
inaccuracies in the text, either due to the more concise and
engaging format of the social media post (as compared to
the original scientific article) or due to the use of an LLM
because LLMs often tend to hallucinate (Bang et al. 2023).
Hence, we conduct an external, post-hoc evaluation of out-
put quality, where we ask domain experts to rate the accu-
racy of the texts that were written during the experiment.

RQ3: How does prompt engineering training influence
the non-expert reader perception of texts written by journal-
ists with LLMs?

The generated social media posts may be perceived differ-
ently by domain experts (who may focus primarily on accu-
racy) and the general non-expert audience (who may pre-
fer social media posts that are interesting and engaging)
(McGuire, de Cremer, and van de Cruys 2024). We thus ex-
amine how non-expert readers perceive the written social
media text as another dimension of output quality. Hence,
we conduct another external, post-hoc evaluation where we
let non-expert readers evaluate the texts from the experiment
along several non-expert reader-specific dimensions for as-
sessing scientific journalism such as clarity and engagement.

2 Background

We review literature on prompt engineering that provides
strategies and behavioral evidence. An overview over litera-
ture aimed at improving Al literacy in general can be found
in Appendix A.

The quality of the LLM output highly depends on the
quality of the user input (i.e., the prompt) (Atreja et al.
2024). Some general guidelines on how to effectively
prompt LLMs have been developed, which include: (1) guid-
ing the model to solutions, (2) adding relevant context,
(3) being explicit in the instructions, (4) asking for lots of
options, (5) giving examples of good answers, and (6) break-
ing complex tasks into subtasks (Lin 2024; OpenAl 2024;
Mesko 2023; White et al. 2023).

Beyond simple guidelines, several, more advanced strate-
gies for prompt engineering have been identified (Liu et al.
2023). One strategy is to ask the model to use chain-of-
thought reasoning. Chain-of-thought describes a series of in-
termediate natural language reasoning steps that lead to the
final output (Wei et al. 2022). This allows LLMs to decom-
pose multi-step problems into solvable, intermediate steps,
which, in turn, can positively affect the accuracy and rele-
vance of the output. Furthermore, chain-of-thought prompt-
ing enables users to understand the model’s reasoning pro-
cess, allowing them to verify the output against their own
domain knowledge and can boost the perceived helpfulness
of LLMs (Wei et al. 2022).
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Another common strategy is the use of personas. Here,
the LLM is asked to adopt the standpoint of a particular
persona (White et al. 2023), such as, for example, a jour-
nalist who needs to write an article. This strategy is par-
ticularly useful when users seek to write for a specific au-
dience or from a specific standpoint (White et al. 2023).
As a result, using personas creates outputs that are often
more personalized for different target audiences and can thus
improve readers’ perceptions. While there is evidence that
these strategies influence the output quality of LLMs (Liu
etal. 2023; Wei et al. 2022; White et al. 2023), little is known
about the impact of fraining users in prompt engineering.

Recent evidence shows that prompt engineering affects
both output quality as well as user experience and espe-
cially novice users often struggle with prompt engineering
(Zamfirescu-Pereira et al. 2023; Jahani et al. 2024; Dang
et al. 2022). One reason for this is that they have an in-
complete understanding of the capabilities of LLMs and
they further tend to create prompts that mimic human-to-
human instructions, for example, by relying more on in-
structions rather than giving examples (Zamfirescu-Pereira
et al. 2023). In addition, novice users tend to over-generalize
from single observations and, hence, do not make sys-
tematic progress when engineering prompts (Zamfirescu-
Pereira et al. 2023). Other works have found that novice
users interact with LLMs as they would with a human in-
terlocutor, such as, for example, by using socially desirable
phrases like “hello” and “thank you” or explaining inner
thoughts and motives (Knoth et al. 2024). This raises the
need to understand how novice users can be trained in effec-
tive prompt engineering and how this affects LLM output
quality and user experience, which is the focus of our study.

Previous work used audience-specific writing tasks and
assessment methods to evaluate prompt engineering skills.
Knoth et al. (2024) tested students’ prompt engineering by
asking them to plan a scientific project using an LLM. In ad-
dition, Knoth et al. (2024) collected both the user prompts
and the LLM output to assess prompt engineering skills
and asked the students additional questions to evaluate their
user experience. We later adopt this audience-specific de-
sign approach by designing tasks that are specific to science
journalists, asking them to share their entire dialogues with
ChatGPT with us, as well as asking follow-up questions.

Research gap Writing effective prompts is essential for
leveraging the full potential of LLMs, but this can be partic-
ularly challenging for novice users. To the best of our knowl-
edge, there is no work that analyzes the effect of training
users in prompt engineering on user experience as well as
output quality. In this study, we are the first to train profes-
sional journalists in effective LLM prompting and assess the
impact on user’s perceived expertise and perceived helpful-
ness, as well as output quality (e.g., perception of domain
experts in terms of accuracy but also non-expert perceptions
such as clarity and engagement).

3 Experiment
We conducted an experiment with a group of journalists
specializing in science communication from Switzerland to
measure the effect of prompt engineering training on user
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Figure 1: Overview of our study process.

experience and output quality. The experimental protocol
was pre-registered at Open Science Framework (OSF)?. The
journalists (/N=29) participated in two writing tasks, namely,
a pre-training task and a post-training task that took place
before and after training, respectively. In both tasks, the jour-
nalists created a short social media post about a scientific
article using an LLM (specifically, ChatGPT-3.5). We used
a counter-balanced measures design to examine the effect
of prompt engineering training. Since treatment order can
influence participants’ behavior due to fatigue or other ex-
ternal factors (Gaito 1961), we randomly varied the order of
the articles in the writing task. We also asked journalists to
rate their experience with LLMs with respect to Perceived
Expertise and Perceived Helpfulness.

The written social media posts subsequently went through
two separate post-hoc external evaluations: (i) an evalua-
tion of accuracy by domain experts and (ii) an evaluation of
reader perception (e.g., clarity and engagement) by a group
of non-expert readers.

3.1 Participants

We invited 37 science journalists to our experiment. They
were non-incentivized but motivated to learn about prompt
engineering for science communication. Participating and
submitting responses to the two writing tasks (pre-training
task and post-training task), as well as demographic in-
formation, were optional. In the end, 29 participants pro-
vided valid responses. One participant did not provide de-
mographic information, but we still used the responses from
the writing task to estimate the learning effect. In general,
the number of participants aligns with previous experiments
that involved similar tasks for professionals (Li et al. 2024;
Benk et al. 2022; Huang et al. 2020; Senoner et al. 2024).

Zhttps://osf.io/sp5fx/overview ?view_only=
b5072¢31187b471284cab5111d199531
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Among the participants, 16 are women, 11 are men, and
one is non-binary. The average age is 45.82 years, with ages
ranging from 27 to 66 years. Except for one journalist with
a Bachelor’s degree, the rest of the participants held at least
a Master’s degree (or equivalent), and 14 even had a doctor-
ate degree (or equivalent). In addition, 16 participants had
over 10 years of work experience. We used participants’
self-rated perceived expertise before training as a proxy for
their prior expertise level. We observed that no participant
selected the highest rating (“7””), which suggests that none
of them considered themselves experts in prompt engineer-
ing before training.

3.2 Tasks

In our experiment, participants (journalists) were asked to
perform a science communication task. Participants should
transform an extended abstract of a scientific article into an
engaging Twitter/X post with the help of ChatGPT-3.5.3 We
imposed a character limit of 280 characters for each post,
similar to Twitter/X. For the writing tasks, we chose two
scientific articles, which we refer to as ARTICLE PSY and
ARTICLE GUNVIOLENCE:

* ARTICLE PSY (Ross et al. 2024) was published in Jour-
nal of the American Medical Association (JAMA ). It stud-
ies the effectiveness of psychiatric hospitalization in re-
ducing subsequent suicidal behaviors in patients with
suicidal ideation or suicide attempts and develops a ma-
chine learning model to individualize treatment recom-
mendations (Ross et al. 2024).

e ARTICLE GUNVIOLENCE (Semenza et al. 2024) was
published in JAMA Open journal. It examines the associ-
ation of exposure to gun violence with suicidal ideation

3Participants used ChatGPT-3.5, accessed through the Chat-
GPT website interface on 25/04/2024.



and behaviors among black adults in the United States
who have been subject to interpersonal gun violence (Se-
menza et al. 2024).

We provide the extended abstracts of the two scientific arti-
cles in Appendix I. In our counterbalanced design, partici-
pants conducted the writing tasks for both articles but with
random article display orders; that is, half of the participants
received ARTICLE PSY before training and ARTICLE GUN-
VIOLENCE after, while the rest received the articles in re-
verse order. We chose to use two articles in our experiment
because we had to balance the cognitive effort required by
the training and the time constraints of the training session.
Including more articles would likely have overwhelmed par-
ticipants and compromised the quality of their engagement
with the writing tasks.

This task is common for science journalists in news-
making (Tenenboim-Weinblatt and Baden 2018), and our
participants are familiar with it. We intentionally selected
the two articles from above as we expected several chal-
lenges that are common in science communication (Jensen
and Gerber 2020; Guenther and Joubert 2017). This includes
differentiating between correlation and causality (e.g., AR-
TICLE GUNVIOLENCE offers associative but not causal
findings), understanding the scope and boundary conditions
of findings (e.g., ARTICLE GUNVIOLENCE is limited to
people identified as Black or African American in the US),
interpreting data (e.g., statistical uncertainty), and translat-
ing jargon and technical language. Later, in RQ2, we also
grade the quality of the social media posts along the previ-
ous dimensions.

3.3 Training in Prompt Engineering

Our prompt engineering training for journalists was de-
signed as a comprehensive, 2-hour interactive training. All
journalists attended the same session. This intensive session
combined theoretical input with hands-on exercises, aim-
ing to familiarise journalists with the capabilities of LLMs
and train them in writing effective prompts. The training is
conducted as an in-person workshop because that way we
have better control over confounding variables compared to
other formats. All participants receive the same training at
the same speed in the same physical learning environment
without external interruptions. This helps us to better disen-
tangle the effects of training.

In developing this workshop, we drew upon best practices
from both academic research (Schulhoff et al. 2024; Huang
and Chang 2022; Mosbach et al. 2023; Saravia 2022) and
OpenAT’s published guidelines for using ChatGPT (OpenAl
2024). For reasons of reproducibility, we make the slides of
our course publicly available together with our code on our
repository. We emphasize that several parts of our course
involved interactive elements.

The primary objective of our training was to equip jour-
nalists with a robust understanding of prompt engineering
principles and to develop their practical skills in crafting
and refining prompts. As outlined in Table 5 in Appendix B,
the training was structured into two main parts. The first
part laid the groundwork by introducing foundational con-
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cepts, beginning with an explanation of prompts and the con-
cept of context length. We then progressed to explore vari-
ous LLM applications, including text summarization, ques-
tion answering, text classification, role-playing, and reason-
ing. This section concluded with an introduction to three
key prompting strategies: zero shot, few shot, and chain-of-
thought techniques.

» Zero shot: The user provides a task description to the
model without any further examples, and the model will
generate the response based on the task description.

» Few shot: Besides the task description, the user also pro-
vides a few example outputs in the desired format to the
model. The model will use the task description and the
examples to generate the response.

* Chain-of-thought: The user will ask the model to break
down the task description into a series of intermediate
steps and imitate human-like reasoning to solve them.

The second part covered prompt refinement methods.
Here, we focused on the iterative nature of prompting. We
broke the process into three main subprocesses: getting
started, refining the focus, and exploring in depth. The get-
ting started phase is mainly the first attempt to give the
prompt context and objective. This was followed by iterating
the prompt to improve the final result. We ended the training
by reviewing the risks and ethical considerations of using
LLMs in real life.

3.4 Procedure

We conducted our experiment on April 25, 2024, at the
University of Lausanne. We started with onboarding, where
we explained the goal of the experiment, briefly introduced
prompt engineering, and collected informed consent. We
then asked participants to fill in their demographic informa-
tion, including age, gender, level of education, and years of
experience, while the survey with demographic information
was made optional.

Next, participants were randomly assigned to two con-
ditions, based on which we distributed the pre-training
task. Each group received either ARTICLE PSY or ARTI-
CLE GUNVIOLENCE for writing social media posts. After
completing the task, we asked them to rate (i) the perceived
expertise with ChatGPT and (ii) the perceived helpfulness of
ChatGPT in the task (both on a 7-point Likert scale).

Subsequently, we proceeded with the prompt engineering
training.

After training, we asked participants to perform the post-
training task, where the opposite task is given to each group.
This allows us to isolate the learning effect later. Again, we
collected the participants’ (i) perceived expertise with Chat-
GPT and (ii) perceived helpfulness of ChatGPT in the task.

Lastly, we invited participants to share their thoughts and
experiences about using LLLMs and prompt engineering for
the task in a qualitative form, and all participants were fur-
ther invited to voluntary discussions. We debriefed the par-
ticipants and appreciated their participation.



3.5 Ethical Considerations

We respect the privacy and autonomy of all participants in-
volved in this study. Data were collected anonymously, with
all personally identifiable information being removed. The
study followed ethical research standards (Rivers and Lewis
2014), and the experimental design received approval from
the Ethics Commission at the University of Lausanne. We
debriefed participants after the study and allowed them to
ask questions and provide feedback.

4 Effect of Training on Perceived Expertise
and Perceived Helpfulness (RQ1)

Our prompt engineering training aims to equip journalists
with the skills to effectively utilize LLMs for their profes-
sional tasks. In RQI1, we examine how our training affects
journalists’ Perceived Expertise, Perceived Helpfulness, and
their interactions with LLMs.

4.1 Method

User Perceptions We asked participants (N=29) to rate
their (i) Perceived Expertise and (ii) Perceived Helpfulness
with LLMs before and after training using a 7-point Lik-
ert scale from 1 (“extremely unhelpful/no expertise”) to 7
(“extremely helpful/expert”). We estimated the effect of our
prompt engineering training, demographics, and article dis-
play order on participants’ experience based on Equation 1.

Y; = Bo + uo; + B1TrainingStatus, + PB2ArticleOrder;+
BsAge, + BaGender; + s Education;+
BeWorkExperience, + €;

M

where Y, denotes the experience with LLMs (i.e., Per-
ceived Expertise or Perceived Helpfulness) for the i-th par-
ticipant, with intercept [y, participant-level random effects
ug;, coefficients 31 to B¢, and an error term ¢;. The other
variables are as follows: TrainingStatus represents the par-
ticipant’s training status, encoded as O (before training)
and 1 (after training). ArticleOrder indicates how articles
are displayed in the two tasks. Age, Gender, Education,
and WorkExperience correspond to the participants’ demo-
graphic variables.

User Interactions To complement and explain the ob-
served shifts in user perceptions, we conducted an open
discussion after training to explore participants’ attitudes
toward their interactions with LLMs. Additionally, one of
the authors manually annotated participants’ chat dialogues
with ChatGPT to identify prompting strategies introduced
during training. Based on these annotations, we created bi-
nary variables indicating whether each participant employed
a given prompting technique: in-context prompting (InCon-
text), chain-of-thought (CoT), iterative refinement (Itera-
tiveRefine), and few-shot prompting (FewShot). Appendix H
details our annotation process.

To further investigate whether these prompting techniques
influenced participants’ perceived expertise or helpfulness,
we fit a mixed-effects linear regression model (see Eq. (2))
using the binary technique indicators as predictors for Per-
ceived Expertise and Perceived Helpfulness.
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Figure 2: Percentage and Frequency of prompting technique
usage before and after training.

4.2 Results

Perceived Expertise with LLMs On a 1-7 Likert scale,
participants reported increased perceived expertise after
training, with mean ratings improving from 3.38 to 3.72
(9Hedges=-0.39) and the median rising from 3 to 4.

Regression results from Equation 1 (see Table 1) show
that TrainingStatus significantly improved perceived exper-
tise (6=0.357, p<0.05) and that older participants rated their
perceived expertise to be lower (8=—0.083, p<0.05). The
former indicates that the training effectively enhanced par-
ticipants’ self-assessed ability to use LLMs, which was not
necessarily the case for older participants.

Participants’ prompting technique usage in Figure 2 rein-
force these findings. In the post-training task, participants
used techniques taught in the training more often, espe-
cially in in-context prompting and iterative refinement. Ac-
cording to the regression results in Table 9 in Appendix H,
we observed that the usage of chain-of-thought, in-context
prompting, and few-shot prompting positively influenced
participants’ perceived expertise (p>0.05). Meanwhile, it-
erative refinement was negatively associated with perceived
expertise (p>0.05).

Perceived Helpfulness of LLMs Despite increased exper-
tise, participants’ average perceived helpfulness decreased
slightly post-training, from 4.93 to 4.76 (JHedges=0.17),
while the median remained stable at 5. Regression anal-
ysis revealed a negative effect of TrainingStatus on per-
ceived helpfulness (5=—0.286, p > 0.05). This suggests that
prompt engineering training may lower participants’ per-
ceived helpfulness of LLMs.

In the discussion, participants expressed frustration re-
garding stylistic limitations and ChatGPT’s cultural adapt-
ability. They described outputs as “not trustable” or similar
to a “secondary school dissertation”, which highlights in-
compatibilities, particularly within the Swiss context. Posi-
tive remarks emphasized the speed and efficiency of LLMs.
Such heightened awareness of the limitations likely con-
tributed to reduced perceived helpfulness. Detailed insights
from post-training discussions are provided in Appendix C.

According to the regression results in Supplementary
Table 9, the usage of in-context prompting and few-shot



prompting had a positive effect on perceived helpfulness
(p>0.05), while iterative refinement and chain-of-thought
exhibited a negative association (p>0.05).

Perceived Expertise Perceived Helpfulness

. 0.063 —0.241
ArticleOrder 0.551) (0.437)
TrainingStatus 0.357% —0.286

(0.164) (0.153)
Age —0.083* —0.037
(0.033) (0.026)
Gender 0.800 0.726
(0.624) (0.495)
Education 0.026 —-0.212
(0.478) (0.379)
WorkExperience (8;;) (001(;4(‘)';’
Intercept 6.228%:** 6.965%%#*
(1.556) (1.235)

Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001

Table 1: Mixed-effect linear regression results on perceived
expertise and perceived helpfulness.

4.3 Interpretation of Findings

The results reveal a two-sided impact of prompt engineer-
ing training on journalists’ experiences with LLMs. On the
one hand, participants’ perceived expertise in using LLMs
significantly improved following the training, as reflected in
both self-reported scores and the adoption of more advanced
prompting strategies.

On the other hand, though not significant, perceived help-
fulness tended to decline after the training. We hypothesize
that, as participants interacted more with the LLM and be-
came more proficient, they also became more aware of the
models’ limitations, particularly in terms of stylistic quality,
cultural adaptability, and trustworthiness of outputs. These
limitations were not part of the training curriculum, where
we discussed data bias and potential inequalities in LLM
outputs, privacy, as well as user dependencies on this tech-
nology. Hence, we attribute the decrease in perceived help-
fulness to the users’ repeated interactions with the LLM dur-
ing the training. The lower perceived helpfulness of LLMs
might negatively impact users’ interest and willingness to
use LLMs in the future. Future training, especially for pro-
fessionals with strong domain-specific standards and expec-
tations, should directly address these concerns.

5 Effect of Training on Domain Expert
Perception (RQ2)

Next, we assess the domain expert’s perception of the par-
ticipants’ posts*. This is particularly important due to the

“To ensure a fair evaluation, we evaluated users’ submitted
posts rather than LLM outputs directly as we observed that some
users prompted the LLM to provide several alternatives and picked
the final submission out of them.
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challenging nature of the task, which involves distinguish-
ing correlational and causal language and interpreting field-
specific jargon. In addition, LLMs tend to hallucinate and
produce wrong output, which needs to be accounted for.

5.1 Method

To assess the domain expert perception of the LLM out-
put, we asked four experts — in this case, academics with ex-
perience in both machine learning and medical research at
renowned European universities — to conduct a blind evalua-
tion. To ensure reproducibility, we developed a robust scor-
ing system that awards or penalizes each post by one point
based on specific criteria (see Table 2). Our scoring system
distinguishes different dimensions: (1) We refer to factual
errors when there is a misuse of causal language, termi-
nology, or incorrect information. We penalize a post with
a minus point for each factual error. (2) We refer to rep-
resentation errors as those that convey a misleading or in-
correct narrative compared to the original materials. Here,
we again penalize each representation error with one minus
point (e.g., these are mostly due to hallucination of the LLM,
such as using hashtags that are unrelated to the research).
(3) We reward posts for having depth (e.g., mentioning lim-
itations of the study). Finally, we calculate an overall score
by summing over the points awarded for depth minus the
negative points for factual errors and representation errors.
Appendix E gives examples of participant-generated posts
and the corresponding feedback from the domain experts.
Given the non-normal distribution of the collected data,
we employ the Wilcoxon-Mann-Whitney test (Wilcox 2011)
for trimmed means to conduct between-subject comparisons
of each article in terms of the above accuracy scores be-
fore and after training. To analyze the relationship between
prompting techniques and expert evaluations, we ran the lin-
ear regression model (see Eq. (2) in the supplements and
Appendix H) to obtain confidence intervals (CIs).

5.2 Results

On average, experts agreed on the ratings 71.8% of the time,
which shows consistency in the rating. Overall, ARTICLE
Psy showed non-significant improvement in the mean over-
all score from —1.31 (95% CI = [—1.89, —0.72]) before
training to —0.69 (95% CI = [—1.28, —0.10]) post-training,
while the mean overall score decreased non-significantly
from 0.13 (CI = [-0.32, 0.59]) to —0.62 (CI = [—1.16,
—0.08]) after training for ARTICLE GUNVIOLENCE. A
comparison of the overall score is in Appendix F. Here, we
provide a detailed comparison of factual errors, representa-
tion errors, and depth (see Figure 3 and Table 3).

Factual errors (Figure 3, left): For ARTICLE PSY, the
mean number of factual errors per post reduced from 0.76
(95% CI = [0.50, 1.03]) before training to 0.54 (95% CI =
[0.29, 0.78]) after training. Conversely, it increased for AR-
TICLE GUNVIOLENCE from 0.36 (95% CI = [0.15, 0.58])
before training to 0.48 (95% CI =[0.27, 0.69]) after training.
However, caution is warranted as the results are not statisti-
cally significant at common significant thresholds. Regres-
sion results in Table 10 suggest that the usage of few-shot



Factual errors (subtract 1 point)

Representation errors (subtract 1 point)

Depth (receive 1 point)

ARTICLE PSy

Misuse of causal language

Misuse of terminologies
fects on study outcomes

Incorrect report of numbers

Incorrect report of concepts Unrelated hashtags

Incorrect mention of the source of heterogeneity

Lack of effect size mentioned
Insufficient consideration of heterogeneity ef-

Write the post as they are the researchers

Specify subjects being veterans
Highlight limitations

Mention of time-frame of outcome or of popu-
lation

Complete mention of outcomes

Mention of the study’s baseline as current prac-
tice

ARTICLE GUNVIOLENCE

Misuse of causal language
tive results

Incorrect report of study’s subject

Incorrect numbers in the posts

Incorrect messages Mix different results

Absence of reported effect sizes and quantita-

Incorrect policy implications
Write the post as they are the researchers

Specifying geographical context (e.g., US,
American)

Highlight limitations

Mention of both outcomes

Mention detailed inclusion criteria

Table 2: Scoring criteria for evaluating the posts through domain experts. The base score is zero.

prompting and chain-of-thought is associated with fewer
factual errors (p>0.05).

Representation errors (Figure 3, center): The mean
number of representation errors decreased for ARTICLE PSY
from 1.01 (95% CI = [0.75, 1.28]) to 0.79 (95% CI = [0.48,
1.10]). For ARTICLE GUNVIOLENCE, it increased from
0.88 (95% CI = [0.72, 1.04]) before training to 1.05 (95%
CI = [0.88, 1.21]) after training. All prompting techniques
except iterative refinement were associated with decreased
representation errors (p>0.05) (see Table 10).

Depth (Figure 3, right): The mean score for depth per
post increased for ARTICLE PSY from 0.47 (95% CI =[0.12,
0.81]) to 0.63 (95% CI = [0.33, 0.93]) after training. In con-
trast, it decreased for ARTICLE GUNVIOLENCE from 1.38
(95% CI=[1.12, 1.64]) t0 0.91 (95% CI =[0.55, 1.26]) after
training. From the regression results Table 10, all prompt-
ing techniques, except few-shot prompting, resulted in less
depth (p>0.05).

We conducted a post-hoc power analysis to determine the
minimum sample size to capture the observed effect size.
With the minimum effect size of d = —0.387 and assum-
ing a power of 0.8 and a two-tailed significance level of
a = 0.05, the minimum sample size was estimated to be
N = 222 Evidently, the required sample size would ex-
ceed the number of journalists who receive training annu-
ally in Switzerland by several orders of magnitude (which
is known to pose challenges in human-computer interaction
studies involving specialized user groups (Jonassen et al.
2025)). This is why we combine quantitative methods with
qualitative insights.

5.3 Interpretation of Findings

Our results show that ARTICLE PSY improved on both er-
rors (fewer factual and representation errors) and depth af-
ter training, while ARTICLE GUNVIOLENCE saw decreased
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Figure 3: The average number of factual errors, misrepre-
sentation errors, and bonus points for depth. All scores were
evaluated by the domain expert. Whiskers refer to standard
erTors.

depth and higher error counts. This suggests a possible syn-
ergy between the depth of posts and their error rates: when
participants included more detailed information (ARTICLE
PsY), the number of errors declined, which boosted the
overall expert score. Conversely, a drop in depth (ARTICLE
GUNVIOLENCE) coincided with increased factual and rep-
resentation errors. A possible explanation of our divergent
findings might be that the training examples may have been
more aligned with the clinical, data-driven content of AR-
TICLE PSY, which made it easier for participants to trans-
fer their learned skills. Another factor could be that itera-
tive prompting, encouraged by the training, triggered stricter
guardrails in the LLM for the sensitive sociopolitical content
of ARTICLE GUNVIOLENCE,leading to increasingly vague
or error-prone outputs. Taken together, this highlights that
prompt engineering training might not uniformly benefit all



Mean (95% CI)

Median Effect size p-value

Before training

After training

Before training  After training

Overall Score

ARTICLE PSY —1.31(—1.89, —0.72) —0.69 (—1.28, —0.10) —1.50 —0.50 —0.46 < 0.05
ARTICLE GUNVIOLENCE 0.13 (—0.32, 0.59) —0.62 (—1.16, —0.08) 0.25 —0.62 0.48 < 0.05
Factual Errors

ARTICLE Psy 0.76 (0.50, 1.03) 0.54 (0.29, 0.78) 0.75 0.50 0.25 0.25
ARTICLE GUNVIOLENCE 0.36 (0.15, 0.58) 0.48 (0.27, 0.69) 0.25 0.50 —0.19 0.39
Representation Errors

ARTICLE Psy 1.01 (0.75, 1.28) 0.79 (0.48, 1.10) 1.00 0.75 0.32 0.15
ARTICLE GUNVIOLENCE 0.88 (0.72, 1.04) 1.05 (0.88, 1.21) 0.75 1.00 —0.29 0.17
Depth

ARTICLE Psy 0.47 (0.12, 0.81) 0.63 (0.33,0.93) 0.12 0.75 —-0.24 0.27
ARTICLE GUNVIOLENCE 1.38 (1.12, 1.64) 0.91 (0.55, 1.26) 1.25 1.00 0.44 0.05

Note: We performed Wilcoxon signed-rank test for each group. We reported rank-biserial correlation as the effect size.

Table 3: Statistics testing on before and after training on expert grades.

content types and that its effectiveness may depend heavily
on the nature and sensitivity of the topic.

6 Effect of Training on Reader Perception
(RQ3)

Next, we assess the reader perceptions of the Twitter/X
posts across a general audience that was initially targeted
by the journalists (i.e., average news readers). To do so, we
conducted a pre-registered, post-hoc evaluation using non-
experts recruited from prolific.com to evaluate the posts cre-
ated by our journalists both before and after training.

6.1 Method

An overview of the post-hoc evaluation is shown in Sup-
plementary Figure 5. We examine the effect of prompt en-
gineering training on ten different dimensions of text qual-
ity and reader response, as evaluated by non-expert readers.
These dimensions are: (1) readability, (2) clarity, (3) infor-
mativeness, (4) perceived trustworthiness, (5) appropriate-
ness for the target audience, (6) depth, (7) appropriateness
for the mode of communication, (8) engagement, (9) inten-
tion to re-share, and (10) intention to seek further informa-
tion. A full overview is in Table 7.

The above dimensions have been widely employed in the
literature to assess the quality of text from a reader’s per-
spective (van der Lee et al. 2019; Celikyilmaz, Clark, and
Gao 2020). Our hypothesis is that prompt engineering train-
ing may positively influence these aspects of text quality and
reader response. The first eight dimensions focus on intrinsic
text qualities, while the last two measure behavioral inten-
tions such as information seeking and information sharing,
which are both important factors for news consumption and
social media more broadly (Prollochs and Feuerriegel 2023).
Together, these dimensions provide a comprehensive evalu-
ation of both content characteristics and potential reader ac-
tions. We used Yuen’s test (Wilcox 2011) for trimmed means
to compare the dimensions before/after training.
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Procedure First, we obtained informed consent and par-
ticipants completed an attention check. We note that we re-
tained all participants in our primary analysis, regardless of
their performance on the attention check. However, we con-
ducted a robustness check excluding those who failed the
attention check, which yielded consistent results. We ran-
domly assigned each participant to a pair of social media
posts from the same journalist so that we could later rule
out between-journalist variability in terms of style. For each
post, participants responded to the above-mentioned ques-
tions along 10 dimensions (i.e., eight pertaining to intrinsic
text quality and two pertaining to behavioral intentions). All
responses were recorded on a 7-point Likert scale. To miti-
gate order effects, the sequence of X/Twitter posts was ran-
domized for each participant in the post-hoc evaluation.

Participants We collected responses from 318 partici-
pants through the Prolific platform. To maintain data in-
tegrity and minimize confounding factors, we implemented
strict inclusion criteria. Specifically, we excluded partici-
pants who failed to provide their unique Prolific ID in the
survey or those who attempted to complete the survey mul-
tiple times. This exclusion process was crucial to ensure that
each non-expert reader was exposed to posts from only one
journalist, thereby eliminating potential bias in our data. Af-
ter filtering, we had 285 responses; on average, each pair
of X/Twitter posts created by the journalists received 19.65
evaluations. Participants’ ages ranged from 19 to 77 years
old, with a mean of 36.13 years. Out of the 285 non-expert
readers, 124 are men, 155 are women, 4 identified as non-
binary, and 2 preferred not to answer.

6.2 Results

The effects of training on ARTICLE PSY and ARTICLE
GUNVIOLENCE varied across different metrics. The results
are shown in both Figure 4 and Table 4. For ARTICLE
Psy, we found improvements in Appropriateness for the tar-
get audience (increased from 4.89 to 5.23), and Depth (in-
creased from 4.10 to 4.70). For ARTICLE GUNVIOLENCE,
improvements were seen in Engagement (increased from
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Figure 4: External evaluation of reader perception (assessed by non-expert readers). The bars represent the score averaged over
all non-expert readers and posts from the corresponding article. Whiskers represent standard errors.

4.57 to 4.66). Interestingly, some metrics decreased slightly
after training, such as Informativeness for both articles. For
example, for ARTICLE PSY, the Informativeness dropped
from 4.82 to 4.53, while, for ARTICLE GUNVIOLENCE, it
decreased from 5.19 to 5.10. The Intention to seek further
information remained relatively stable for both articles, with
ARTICLE PSY showing a minimal increase from 2.18 to
2.27, and ARTICLE GUNVIOLENCE maintaining the same
mean of 2.59 with slightly adjusted confidence intervals.
Howeyver, for none of the variables, the difference is statisti-
cally significant at common thresholds.

6.3 Interpretation of Findings

Our findings indicate that prompt engineering training had
a varied impact on the perceived quality of X/Twitter posts
by non-expert readers. Specifically, there are slight improve-
ments in dimensions like Style Appropriateness and Depth,
suggesting that journalists may have been able to craft more
tailored and detailed content after receiving training. This
aligns with the idea that prompt engineering strategies such
as chain-of-thought reasoning and persona adoption help to
improve the relevance of output text for the target audience
(Wei et al. 2022; White et al. 2023).

Further, the small changes in Engagement and the slight
decline in Informativeness may suggest that prompt engi-
neering training can improve technical aspects of writing
but does not necessarily translate into more compelling or
informative posts from a reader’s perspective. Moreover, the
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behavioral intentions to seek further information or to share
the posts are fairly similar. This could imply that the training
did not significantly impact the overall appeal or effective-
ness of the posts in driving reader action. This could be due
to the complex nature of social media engagement, where
clarity and engagement might be more critical than the tech-
nical aspects that prompt engineering tends to enhance.

However, we are careful with our interpretation as the
above comparisons were not statistically significant. This
may indicate that LLMs can generate content that is of a sim-
ilar style as professional journalists in the eyes of non-expert
readers. Hence, our findings suggest that it may be difficult
for non-expert readers to identify meaningful differences be-
tween content that is LLM-generated or human-generated.
Similar observations were made in studies comparing how
people perceive misinformation generated by LLMs vs. hu-
mans, finding that non-experts cannot distinguish the verac-
ity of both (Bashardoust, Feuerriegel, and Shrestha 2024).

The above analysis underscores that prompt engineering
training should not only focus on the efficiency gains for
LLM users but should also account for the downstream im-
pact on the perception of potential audiences. Hence, a good
prompt engineering strategy is one that not only improves
the precision and depth of content but also addresses how
to maintain — or even enhance — information-seeking and
reader engagement. This is particularly important in the con-
text of social media, where behavioral intentions to reshare
content are crucial for social media posts to go viral. Our



Mean (95% CI)

Before training

After training

Readability
ARTICLE PSy
ARTICLE GUNVIOLENCE

4.84 (4.60, 5.09)
5.49 (5.25, 5.74)

4.70 (4.42, 4.99)
5.54 (5.34, 5.75)

Clarity
ARTICLE PSY
ARTICLE GUNVIOLENCE

4.56 (4.29, 4.82)
5.40 (5.11, 5.68)

4.60 (4.31, 4.90)
5.41 (5.18, 5.65)

Informativeness
ARTICLE PsYy
ARTICLE GUNVIOLENCE

4.81 (4.58, 5.04)
5.19 (4.95, 5.42)

4.53 (4.28, 4.78)
5.10 (4.87, 5.32)

Engagement
ARTICLE PSY
ARTICLE GUNVIOLENCE

3.81 (3.57, 4.05)
4.57 (4.29, 4.85)

3.95 (3.68, 4.22)
4.66 (4.43, 4.89)

Style appropriateness
ARTICLE Psy
ARTICLE GUNVIOLENCE

4.89 (4.65, 5.13)
5.50 (5.27, 5.73)

5.23 (5.01, 5.46)
5.48 (5.28, 5.68)

Language appropriate-
ness

ARTICLE Psy

ARTICLE GUNVIOLENCE

5.30 (5.08, 5.52)
5.65 (5.42, 5.88)

5.30 (5.09, 5.52)
5.55 (5.35, 5.76)

Depth
ARTICLE PSY
ARTICLE GUNVIOLENCE

4.10 (3.84, 4.36)
4.13 (3.83, 4.41)

4.70 (4.41, 4.98)
4.18 (3.93, 4.43)

Perceived trustworthiness
ARTICLE Psy
ARTICLE GUNVIOLENCE

4.43 (4.21, 4.64)
4.31 (4.06, 4.57)

4.16 (3.97, 4.36)
4.38 (4.16, 4.60)

Intention to reshare
ARTICLE Psy
ARTICLE GUNVIOLENCE

3.57 (3.26, 3.87)
3.90 (3.56, 4.26)

3.69 (3.34, 4.03)
3.85 (3.55, 4.16)

Intention to seek further
information

ARTICLE PsY

ARTICLE GUNVIOLENCE

2.18 (1.95, 2.40)
2.59 (2.28, 2.89)

2.27 (1.99, 2.55)
2.59 (2.33, 2.86)

Median Effect size  p-value
Before training ~ After training
5.00 5.00 0.00 1.00
6.00 6.00 0.01 0.91
5.00 5.00 —0.10 0.35
6.00 6.00 0.06 0.59
5.00 5.00 0.11 0.31
5.00 5.00 0.08 0.44
4.00 4.00 —-0.12 0.29
5.00 5.00 —0.08 0.46
5.00 6.00 —0.23 0.05
6.00 6.00 0.08 0.45
6.00 6.00 —0.03 0.82
6.00 6.00 0.01 0.91
5.00 5.00 —0.29 < 0.01
4.00 4.00 —0.01 0.91
4.00 4.00 0.15 0.22
4.00 4.00 —0.05 0.67
4.00 4.00 —0.08 0.47
4.00 4.00 0.04 0.74
2.00 2.00 —0.13 0.26
2.00 2.00 0.001 0.99

We performed Wilcoxon signed-rank test for each group. We reported rank-biserial correlation as the effect size.

Table 4: External evaluation metrics before and after training.

findings align with the broader literature, suggesting that,
while Al literacy and prompt engineering are crucial for
leveraging LLMs effectively, they must be adapted to the
specific needs of the task and audience to be truly impactful
(Zamfirescu-Pereira et al. 2023; Ng et al. 2021).

7 Discussion

In this paper, we study the effects of prompt engineering
training on perceived user expertise and perceived help-
fulness (RQ1), domain expert perception (RQ2), and non-
expert reader perception (RQ3) among professional journal-
ists. Our findings reveal that, while our training significantly
improved journalists’ perceived expertise with LLMs, in-
cluding an increased use of advanced prompting techniques,
it decreased the perceived helpfulness of LLMs. The effect
of training on the expert score was mixed, where an increase
in errors coincided with a decrease in depth. Lastly, we find
a nuanced impact of training on reader perception across dif-
ferent text quality dimensions.

Practical implications: Our findings offer several prac-
tical takeaways for the design of prompt engineering train-
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ing, particularly in professional contexts such as journalism,
where accuracy and audience perception are crucial. First,
prompt engineering trainings should align with task-specific
content and domain sensitivities. The mixed effects we find
for the two articles — particularly the decline in expert score
for ARTICLE GUNVIOLENCE - suggest that prompt engi-
neering strategies may not generalize equally well across
domains. This implies that future training should be adapted
to the characteristics of the subject, especially when deal-
ing with sensitive topics. For example, training should in-
clude domain-specific case studies and emphasize the po-
tential limitations of prompting in sensitive content areas.
Second, prompt engineering trainings should address the
trade-off between user expertise and critical perception. Our
training successfully increased journalists’ perceived exper-
tise and lead to the adoption of more advanced prompting
techniques. However, this gain in strategic engagement was
accompanied by a decline in perceived helpfulness of the
model, as participants became more aware of its shortcom-
ings during repeated interactions with the LLM. This high-
lights a broader tension: as users become more skilled, they
may also become more critical. Training designers should



anticipate this by incorporating modules on model limi-
tations, failure modes, and appropriate fallback strategies.
This not only helps set realistic expectations but may also
help users to deal with unsatisfying outcomes. This helps
to sustain user motivation, particularly among professionals
who rely on LLMs for high-quality output.

Third, effective prompt engineering should optimize for
both internal quality and external audience perception. Our
non-expert readers’ evaluation showed that improvements in
technical user capabilities did not necessarily translate into
stronger behavioral engagement or informativeness. This
suggests that prompt engineering should not only focus
on optimizing responses from the LLM but also consider
how outputs will be received by target audiences (e.g., in
medicine, a prompt may be more effective if the output can
be verified by clinicians (Spitzer et al. 2025)).

Limitations and future research: While our study pro-
vides valuable insights into the impact of prompt engineer-
ing training, several limitations present opportunities for fu-
ture research. First, the relatively small sample size of 29
participants, though consistent with prior experiments in-
volving professionals (Li et al. 2024; Huang et al. 2020;
Senoner et al. 2024), may limit the generalizability of our
findings. Future research could expand the sample size and
include participants from diverse backgrounds, including
other high-stake professions such as law, policy, and edu-
cation, to see whether similar patterns in perceived exper-
tise, perceived helpfulness, expert scores, and reader per-
ception emerge. Nevertheless, our analysis is based on do-
main experts (journalists), which corroborates the ecolog-
ical validity of our findings but which introduces natural
limits to the maximum available sample size. Second, fu-
ture research should also explore the long-term effects of
prompt engineering training, particularly as LLMs continue
to evolve. Third, we only use one LLM, namely ChatGPT-
3.5, which may not reflect the capabilities of other LLMs.
Yet, ChatGPT-3.5 was widely accessible to the public at the
time of the experiment and its performance was state-of-the-
art. Fourth, our findings are mixed and some post-hoc anal-
yses lacked statistically significant results, potentially due
to the exploratory nature of our study. This suggests that
prompt engineering may not yield pronounced and consis-
tent improvements in output as perceived by the readership.

Further, our work underscores the role of teaching good
prompting to equip users with the skills to enhance their
interactions with LLMs. Unlike studies that compare dif-
ferent prompting strategies, our research focuses on the hu-
man aspect of crafting prompts. This highlights an important
area for further exploration: how personalized and context-
specific prompting strategies can be taught to consistently
improve task outcomes across different scenarios. Under-
standing the nuances of effective prompting is essential for
professionals aiming to leverage LLMs for more accurate
and relevant results in their work (Feuerriegel et al. 2025).
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Appendix
A Improving Al Literacy

Al literacy refers to “a set of competencies that enables
individuals to critically evaluate Al technologies; commu-
nicate and collaborate effectively with Al; and use Al as
a tool online, at home, and in the workplace” (Long and
Magerko 2020). Given the increasing integration of Al into
professional environments, Al literacy plays a crucial role in
preparing workers to effectively interact with Al technolo-
gies (Pinski and Benlian 2023). As a result, there is a grow-
ing demand for Al literacy training programs that equip indi-
viduals with the necessary skills to make effective use of Al
technology (Ng et al. 2021). To achieve this goal, UNESCO
developed a curriculum that defines essential learning do-
mains for Al literacy training. These include AI fundamen-
tals, ethical considerations, societal impacts, and Al applica-
tion and development (UNESCO 2022). Our work advances
this effort by extending the understanding of how to effec-
tively enhance users’ practical skills in prompt engineering,
resulting in improved output quality when interacting with
LLMs.

Previous work found that Al literacy trainings need to ad-
just their structure and content for different audiences (Yang
2022; Laupichler et al. 2022; Pinski and Benlian 2024) and
has developed various trainings for Al literacy. For exam-
ple, Kandlhofer et al. (2016) designed Al literacy trainings
for different age groups from kindergarten to university and
found that the trainings improved Al literacy. Another work
(Markus et al. 2024) developed online trainings, where par-
ticipants were taught how Al technologies function to im-
prove their understanding of intelligent voice assistants. The
work found that the trainings (i) led to an improved under-
standing of the potential and risks of intelligent voice assis-
tants, (ii) promoted effective interactions with the voice as-
sistants, and (iii) elicited user interest in exploring the tech-
nology. Moore and Hancock (2022) designed a 1-hour inter-
active module where participants were trained in recogniz-
ing online misinformation. The authors found that the train-
ing improves truth discernment, especially for older adults.
Theophilou et al. (2023) studied how prompt engineering
training can help users understand the opportunities and lim-
its of LLMs. The authors found that training reduced nega-

tive sentiments toward LLMs and that students had a better
understanding of the limitations of LLMs. Yet, unlike our
work, this research focuses on understanding Al limitations
and does not consider the output quality of LLMs. Still,
empirical evidence is missing on how prompt engineering
training can affect task-specific output quality, particularly
in professional environments.

B Prompt Engineering Training Content

The training consisted of two parts: an introduction to
prompt engineering and practical tips. Table 5 contains the
outline of the prompt engineering training during the two
hours session with journalists.

Topic Key concepts

Part 1: Introduction to prompt engineering (55 minutes)

Fundamentals of prompts  Core elements of prompts
Prompt applications Text summarization, question
and answer, text classification,
and role playing

Zero shot, few shot, and chain-
of-thought

Prompt techniques

Part 2: Practical aspects (55 minutes)

Prompt optimization Iterative process for increasing
the quality of prompts

Risks and challenges Data bias, inequality, data privacy

Table 5: Outline of the prompt engineering training.

C Post-Training Discussions

Here are additional findings from the oral interviews that we

conducted after the experiment. We focus on some notable

impressions from the discussions with the journalists.
Question: What is your experience with ChatGPT?
Responses:

» “It is good for sorting information, but the style is
very low (secondary school dissertation). The style and
originality are not high-level.”

» “Speed up really much, but the outcome is not up to ex-
pectation. We could not convert to the final 100% out-
come that we would like.”

e “When it does not listen to the commands, it makes the
Jjournalist frustrated and reduces creativity. It burns the
energy and makes us ask, do I really want to work with
it? At this stage, they are not trustable.”

» “Concerns: These tools are developed in the US, and
they are not necessarily adapted to Europe, especially
Swiss culture.”

Findings: Overall, the participants expressed dissatisfac-
tion with the style of the LLM outputs and indicated that
the LLM did not achieve the results as desired. The LLM
was primarily used to generate initial drafts. Additionally,



one participant raised a concern that relying on such technol-
ogy might reduce cognitive exercise, potentially weakening
mental acuity.

D Post-hoc Evaluation Overview

Figure 5 illustrates the overview of our post-hoc evaluation
of non-expert reader perceptions.

E Example of Expert Evaluation

Table 6 illustrates example of Twitter/X post with accuracy
assessment from domain expert.

ARTICLE Psy

Post: “New study shows psychiatric hospitalization re-
duces immediate suicide attempt risk but varies by pa-
tient history. Precision treatment could cut suicide at-
tempts by 16% and reduce hospitalizations by 13%.
#MentalHealthAwareness #SuicidePrevention

Accuracy assessment: The use of “reduce” suggests
causal language (factual error). The post further fails
to address the study’s heterogeneity in its sample (rep-
resentation error). However, it successfully covers mul-
tiple research outcomes (depth).

ARTICLE GUNVIOLENCE

Post: “Hey, young changemakers! Did you know gun
violence hits Black youth hard, leading to higher rates
of suicidal ideation & attempts? Let’s unite to de-
mand safer communities for our generation. #YouthFor-

Change #MentalHealthAwareness

Accuracy assessment: The post implies causal lan-
guage and incorrectly reports the subjects as “youth”
(2x factual error). The post does not mention any quan-
titative result or effect size (representation error). The
post mentions both outcomes (depth).

Table 6: Examples of written Twitter/X posts with additional
feedback about the accuracy from the domain expert.

F Results for Expert Overall Score

The comparison of the expert overall score is in Figure 6.
We calculate an overall score by summing over the points
awarded for depth minus the negative points for factual er-
rors and representation errors.
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Domain expert score
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E Article Psy, Before training E Article GunViolence, Before training

;{Z Article Psy, After training ZZ Article GunViolence, After training

Figure 6: The overall score measuring accuracy (as assessed
by the domain expert). Whiskers refer to standard errors.

G Summary of Evaluation Variables

Table 7 summarize the variables used to evaluate the reader
perception.

Variable name Question

Intrinsic text quality

Readability
Clarity

Informativeness
Perceived trustworthiness

Appropriateness for the tar-
get audience

Depth
Appropriateness  for the
mode of communication
Engagement

The post is easily readable.
While reading, I immediately
understood the post.

The post is informative.

I trust the information in the
post.

The language used in the post is
appropriate for X/Twitter.

The post is superficial and lacks
detail.

The writing style of the post is
appropriate for X/Twitter.

The post is engaging.

Behavioral intentions
Intention to re-share Would you share this post on
your social media?

Would you seek more informa-

tion on this topic?

Intention to seek further in-
formation

Table 7: Summary of variables used for assessing the reader
perception and the corresponding survey questions. All vari-
ables were collected on a 7-point Likert scale.

H Prompting Techniques

To analyze how participants applied prompting techniques
during their interactions with ChatGPT, one of the authors
manually annotated each chat session. The annotation fol-
lowed a deductive coding scheme grounded in prior research
on LLM-prompting strategies. We identified whether par-
ticipants employed any of these prompting techniques: in-
context prompting (InContext), chain-of-thought (CoT), it-
erative refinement (/terativeRefine), and few-shot prompting
(FewShot). Each technique was coded as a binary variable (1



_____________________________________________________________________

The post:
“New research indicates a link between gun violence

exposure and higher suicide risk among Black adults in the US.

Airiracsine run vinlanna roiil ras ina thaea risks
4 Thepost
"New study reveals complex impact of psychiatric

the need for personalized treatment approaches. While

associated with reduced risk post-attempt, it shows limited

efficacy for S-only cases. Individualized strategies could lead

to significant reductions in both suicide attempts and
iz #Suicic "

Non-expert reader
N =285

\

I
1
1
1
1
1
1
I hospitalization on subsequent suicidal behaviors, highlighting
1
1
1
1
1
1
1

\ Display one of the social media posts
Y

—_—

Please indicate your possible decisions:

Reader Perception Behavior Intention ,
7’

Repeat this process until all journalists” writing posts have been evaluated

Figure 5: Procedure for external, post-hoc evaluation in terms of non-expert reader perceptions (e.g., clarity, engagement).

Technique Annotation criteria

ContextPrompt  Add background or contextual details to en-
hance relevance or accuracy.

CoT Prompt the model to reason step by step or
include intermediate steps.

IterativeRefine  Revise prompts across multiple turns to im-
prove responses.

FewShot Include a few examples to demonstrate the

desired task or output.

Table 8: Annotation criteria for prompting techniques used
in participants’ ChatGPT dialogues.

= used at least once; 0 = not used). Table 8 provides defini-
tions and criteria used for annotation.

Perceived Expertise  Perceived Helpfulness
. 0.253 0.009
ArticleOrder (0.548) (0.454)
InContext 0.330 0.482
ntontex (0.335) (0.308)
0.559 —0.226
CoT (0.608) (0.546)
0.592 0.153
FewShot (1.450) (1.196)
. —0.263 —0.497
IterativeRefine (0.395) (0.361)
Intercent 3.340%% 4.862%%
niercep (0.501) (0.430)

Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001

Table 9: Mixed-effects linear regression results for perceived
expertise and helpfulness.

We then modeled the effect of the prompting techniques on the
participant outcomes and the expert evaluation outcomes. The re-
gression equation is

Y: = Bo + uoi + BiArticleOrder; + BaInContext; + +53CoT;
BaFewShot; + BslterativeRefine, + €;,
@3]
where Y; denotes Perceived Expertise, Perceived Helpfulness or
three expert evaluation dimensions (Factual errors, Representa-
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tion errors, and Depth) for the i-th participant. In-context prompt-
ing (InContext), Chain-of-Thought (CoT), iterative refinement
(IterativeRefine), and few-shot prompting (FewShot) are binary
variables indicating whether the participant used each prompt-
ing technique. 31 to (s are coefficients. ArticleOrder controls the
counterbalanced order of article presentation. The participant-level
random intercept uo; accounts for individual variability, and €; rep-
resents the error term.

Factual Representation Depth
. —0.148 —0.236 0.290
ArticleOrder (0.133) 0.124) 0.156)
InContext —0.017 0.118 —0.071
(0.131) (0.128) (0.191)
CoT 0.363 0.172 —0.167
(0.204) (0.194) (0.290)
FewShot 0.606 0.059 0.050
(0.341) (0.318) 0.475)
IterativeRefine —0.045 —0.060 —0.339
(0.148) (0.143) (0.213)
Intercept 0.58 1 1.008*** 0.985%
(0.142) (0.134) (0.200)

Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001

Table 10: Mixed-effects regression results for expert-
evaluated factual accuracy, representation, and depth.

I Scientific Articles Used in the Experiment

Here are the two article summaries for the writing tasks during the
experiment.

ARTICLE PSYy

The following abstract is quoted from (Ross et al. 2024):



Estimated Average Treatment Effect of Psychiatric
Hospitalization in Patients With Suicidal Behaviors.
A Precision Treatment Analysis

Importance: Psychiatric hospitalization is the standard of care
for patients presenting to an emergency department (ED) or
urgent care (UC) with high suicide risk. However, the effect
of hospitalization in reducing subsequent suicidal behaviors is
poorly understood and likely heterogeneous.

Objectives: To estimate the association of psychiatric hospital-
ization with subsequent suicidal behaviors using observational
data and develop a preliminary predictive analytics individual-
ized treatment rule accounting for heterogeneity in this associ-
ation across patients.

Design, Setting, and Participants: A machine learning analy-
sis of retrospective data was conducted. All veterans presenting
with suicidal ideation (SI) or suicide attempt (SA) from Jan-
uary 1, 2010, to December 31, 2015, were included. Data were
analyzed from September 1, 2022, to March 10, 2023. Sub-
groups were defined by primary psychiatric diagnosis (nonaf-
fective psychosis, bipolar disorder, major depressive disorder,
and other) and suicidality (SI only, SA in past 2-7 days, and
SA in past day). Models were trained in 70.0% of the training
samples and tested in the remaining 30.0%.

Exposures: Psychiatric hospitalization vs nonhospitalization.
Main Outcomes and Measures: Fatal and nonfatal SAs within
12 months of ED/UC visits were identified in administrative
records and the National Death Index. Baseline covariates were
drawn from electronic health records and geospatial databases.
Results: Of 196610 visits (90.3% men; median [IQR] age,
53 [41-59] years), 71.5% resulted in hospitalization. The 12-
month SA risk was 11.9% with hospitalization and 12.0%
with nonhospitalization (difference, —0.1%; 95% CI, —0.4%
to 0.2%). In patients with SI only or SA in the past 2 to 7 days,
most hospitalization was not associated with subsequent SAs.
For patients with SA in the past day, hospitalization was as-
sociated with risk reductions ranging from —6.9% to —9.6%
across diagnoses. Accounting for heterogeneity, hospitalization
was associated with a reduced risk of subsequent SAs in 28.1%
of the patients and increased risk in 24.0%. An individualized
treatment rule based on these associations may reduce SAs by
16.0% and hospitalizations by 13.0% compared with current
rates.

Conclusions and Relevance: The findings of this study suggest
that psychiatric hospitalization is associated with reduced aver-
age SA risk in the immediate aftermath of an SA but not after
other recent SAs or SI only. Substantial heterogeneity exists in
these associations across patients. An individualized treatment
rule accounting for this heterogeneity could both reduce SAs
and avert hospitalizations.

ARTICLE GUNVIOLENCE

The following abstract is quoted from (Semenza et al. 2024):

234

Gun Violence Exposure and Suicide Among Black Adults

Importance: Black individuals are disproportionately exposed
to gun violence in the US. Suicide rates among Black US indi-
viduals have increased in recent years.

Objective: To evaluate whether gun violence exposures (GVEs)
are associated with suicidal ideation and behaviors among
Black adults.

Design, Setting, and Participants: This cross-sectional study
used survey data collected from a nationally representative sam-
ple of self-identified Black or African American (hereafter,
Black) adults in the US from April 12, 2023, through May 4,
2023.

Exposures: Ever being shot, being threatened with a gun,
knowing someone who has been shot, and witnessing or hearing
about a shooting.

Main Outcomes and Measures: Outcome variables were de-
rived from the Self-Injurious Thoughts and Behaviors Inter-
view, including suicidal ideation, suicide attempt preparation,
and suicide attempt. A subsample of those exhibiting suicidal
ideation was used to assess for suicidal behaviors.

Results: The study sample included 3015 Black adults (1646
[55%] female; mean [SD] age, 46.34 [0.44] years [range, 18—
94 years]). Most respondents were exposed to at least 1 type of
gun violence (1693 [56%]), and 300 (12%) were exposed to at
least 3 types of gun violence. Being threatened with a gun (odds
ratio [OR], 1.44; 95% CI, 1.01-2.05) or knowing someone who
has been shot (OR, 1.44; 95% CI, 1.05-1.97) was associated
with reporting lifetime suicidal ideation. Being shot was asso-
ciated with reporting ever planning a suicide (OR, 3.73; 95%
CI, 1.10-12.64). Being threatened (OR, 2.41; 95% CI, 2.41-
5.09) or knowing someone who has been shot (OR, 2.86; 95%
CI, 1.42-5.74) was associated with reporting lifetime suicide
attempts. Cumulative GVE was associated with reporting life-
time suicidal ideation (1 type: OR, 1.69 [95% CI, 1.19-2.39];
2 types: OR, 1.69 [95% CI, 1.17-2.44]; >3 types: OR, 2.27
[95% CI1, 1.48-3.48]), suicide attempt preparation (>3 types;
OR, 2.37; 95% CI, 2.37-5.63), and attempting suicide (2 types:
OR, 4.78 [95% CI, 1.80-12.71]; >3 types: OR, 4.01 [95% CI,
1.41-11.44]).

Conclusions and Relevance: In this cross-sectional study,
GVE among Black adults in the US was significantly associ-
ated with lifetime suicidal ideation and behavior. Public health
efforts to substantially reduce interpersonal gun violence may
yield additional benefits by decreasing suicide among Black in-
dividuals in the US.




