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Abstract

Artificial Intelligence is rapidly transforming how information is
produced and trusted, with significant social implications. The
rise of Al-generated content raises concerns about misinformation,
trust, and the loss of human emotion in storytelling, especially
in fields like journalism, where clarity, credibility, and emotional
resonance shape public understanding and democratic discourse.
This study explores AI's impact on weather journalism, a typically
data-driven field, focusing on how Al-generated articles can be
humanized to improve engagement and trust. We found that while
Al content is generally seen as trustworthy and useful, opinions
vary on authorship and style. Participants remain skeptical about
its emotional depth and accuracy, emphasizing the need for trans-
parency and human oversight.

CCS Concepts

« Human-centered computing — Human computer inter-
action (HCI); - Applied computing — Computers in other
domains; - Computing methodologies — Artificial intelli-
gence.
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1 Introduction

Journalism is the practice of researching, composing, and sharing
reports about current events and issues through print, broadcast, or
digital media. It involves finding and selecting information, crafting
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it into coherent stories, and delivering it to the public via newspa-
pers, magazines, radio, television, or online platforms [6]. At its
core, journalism aims to keep society informed by providing timely
and relevant content that reflects the world around us.

Following this, a foundation of unwavering ethical principles
should guide the pursuit and dissemination of information, with
truthfulness, objectivity, and accuracy standing as paramount pil-
lars. Truthfulness demands a commitment to factual reporting,
context, and transparent sourcing. Objectivity entails striving for
impartiality and presenting diverse perspectives fairly. Accuracy
necessitates rigorous fact-checking and the correction of errors to
maintain credibility [12] [26] [23].

Journalism has been fundamentally reshaped by technological
innovations, which have continuously transformed how news is
produced, gathered, and distributed. Particularly, the advent of
telecommunications enabled remote information gathering via tele-
phone, transcending geographical limitations. Subsequently, radio
and television introduced faster formats for news dissemination,
reaching wider audiences with greater immediacy. The internet
has further revolutionized the field, facilitating reporting and infor-
mation acquisition and significantly accelerating the overall news
cycle. Moreover, the internet provides direct access to a vast repos-
itory of public records and corporate information, empowering
journalists with non-trivial research capabilities [13].

Building on this ongoing technological evolution, automated
journalism has emerged as a significant and rapidly evolving fron-
tier in the field, relying on computer programs and algorithms to
generate news content with minimal human input. Automation
processes based on machine learning, already applied in many do-
mains [3, 16, 17], are now increasingly used in journalism as well.
Automated journalism ranges from simple systems filling templates
with data to sophisticated approaches using big data and Artificial
Intelligence (AI) to create original stories. Initially prominent in
sports [22], these advanced systems analyze vast amounts of data
to find patterns and generate engaging narratives[15]. A typical
workflow involves first gathering data, like baseball statistics, then
algorithms pinpoint significant events, such as exceptional plays or
game-changing moments. These insights are ranked by importance,
and the software arranges them into a coherent story following
pre-set guidelines. Finally, this automatically generated story can be
directly sent to a publisher’s system for potential immediate release
[10]. The software’s automated news generation relies on specific,
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pre-defined rules developed collaboratively by engineers, journal-
ists, and computer linguists. For instance, remaining in the sports
domain, engineers should embed knowledge of game technicalities
in the software, journalists should define what’s newsworthy for
the algorithm to identify and rank events, and computer linguists
should enable sentence construction by analyzing text or, initially,
through journalist-written modules [10].

The integration of Al and Machine Learning (ML) into news pro-
duction offers several key benefits that enhance both efficiency and
quality [28]. By automating routine tasks such as data collection,
sorting, and basic content generation, Al frees journalists to focus
on more complex and insightful storytelling. It enables faster news
delivery, especially in high-pressure situations like breaking news,
by providing real-time data analysis and content suggestions. Al
also enhances investigative journalism through advanced data anal-
ysis, uncovering patterns and trends in large datasets. Additionally,
personalized news feeds driven by Al improve user engagement by
tailoring content to individual preferences. Overall, this integration
augments human capabilities and enriches journalistic output with
deeper insights and faster, more relevant reporting [28].

While the advantages of employing Al in journalism are be-
coming increasingly apparent, a balanced perspective necessitates
acknowledging the inherent limitations that warrant careful con-
sideration. Several key challenges accompany the integration of
Al into news production. Firstly, the potential for embedded biases
within the AT’s training data cannot be overlooked, raising con-
cerns about the objectivity and fairness of Al-generated content
[20]. Secondly, the often opaque nature of Al learning processes
can foster distrust among users who may struggle to understand
how information is selected and processed [32]. Furthermore, Al
currently lacks the nuanced human qualities such as sensitivity,
critical analysis, and emotional understanding that are often vital
for producing truly in-depth and engaging journalistic narratives
[31]. The reliance of Al output on human input also introduces
vulnerabilities, as the technology remains susceptible to manipu-
lation by corporate agendas or the biases of the journalists who
design the prompts and curate the data sources. Finally, the po-
tential for Al to generate errors and disseminate misinformation
[5][27] underscores the critical need for human oversight and rig-
orous verification processes to ensure the accuracy and reliability
of Al-driven journalism.

Building on these considerations, this exploratory study exam-
ines the social impact of Al in the specific context of weather jour-
nalism, a field traditionally perceived as objective, data-centric, and
less prone to the subjective complexities of other journalistic genres.
By focusing on this niche yet widely consumed domain, we aim to
investigate two central questions: first, how Al-generated weather
articles can be humanized through narrative techniques and stylis-
tic enhancements to foster deeper engagement and trust among
readers; and second, whether public perception of such Al-driven
content shifts when the thematic emphasis of the article moves
from purely factual reporting to more interpretative or emotive
storytelling. These inquiries not only shed light on the evolving
relationship between readers and automated journalism but also
contribute to a broader understanding of how Al can be responsibly
integrated into media practices without compromising the values of
transparency, reliability, accuracy, and human connection. We saw
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a generally positive perception of Al-generated articles in terms of
trustworthiness, readability, and usefulness, though opinions on
authorship and style vary. Factors influencing evaluations included
language tone, structural clarity, and the presence of a human voice.
While participants were somewhat open to Al-generated content,
they remained skeptical about its accuracy and emotional depth,
emphasizing the need for transparency and human oversight. The
findings highlight the importance of editorial control and public
trust in Al writing.

2 Related Work

The automation of journalistic processes has been underway since
the late 20th century. Early advancements focused on speech-to-
text technologies, exemplified by the Automatic Spoken Document
Retrieval system in the late 1980s [25], which facilitated the tran-
scription of broadcast content. This initial foray into automation
within newsrooms paved the way for the emergence of full-text
generation as a significant tool for numerous media organizations
by the mid to late 2000s. This evolution reflects a growing interest in
leveraging technology to enhance efficiency and expand the scope
of news production.

Building upon these early foundations, several news organiza-
tions are actively exploring the integration of Al across various
aspects of news production. The Associated Press (AP) serves as
a prominent example, utilizing Al-driven tools for tasks such as
analyzing video content to generate shortlists, a process that still
involves human review and editing. Furthermore, the AP is investi-
gating the potential of Al for article translation and the creation of
concise summaries, highlighting the versatility of Alin streamlining
workflows and enhancing content accessibility [24]. Beyond work-
flow optimization, Al is also being deployed for real-time reporting.
The Los Angeles Times’ Quakebot! exemplifies this capability, auto-
matically generating initial news articles based on data from USGS
earthquake notifications. This demonstrates the potential of Al to
rapidly disseminate critical information in time-sensitive situations.
Moreover, initiatives like L.A. Times Voices showcase a move to-
wards more sophisticated Al applications, employing Al-driven
analysis ("Insights"?) to contextualize opinion pieces and assess
their position within broader societal debates, suggesting a role for
Al in enhancing the analytical depth of news coverage.

Given the structured and data-rich nature of domains like
weather forecasting, it has been a prime area for the application of
automated journalism techniques. The Forecast Generator (FOG)
represents a significant advancement in this area, utilizing a so-
phisticated language model to directly generate weather forecasts
from graphical depictions of meteorological data [9]. This approach
directly addresses the challenge of translating complex visual in-
formation into understandable textual narratives, a core concern
within automated journalism.

In [4], researchers presented an early method for generating
weather news summaries using fuzzy reasoning and ontologies.
Their system utilized weather, time, and geography ontologies
to extract key terms from original weather articles, representing
these terms through fuzzy sets. Subsequently, fuzzy reasoning was

!https://www.latimes.com/la- me-quakebot-faq-20190517-story.html
Zhttps://www.latimes.com/insights/
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employed to score sentences, enabling the construction of a sum-
mary from the highest-scoring candidates, leveraging data from a
weather news website. This work highlights an early attempt to
synthesize weather information into concise textual formats using
computational intelligence.

This area was further explored in [21] by combining Zadeh’s
Computational Theory of Perceptions and Semantic Web tech-
niques to develop a framework for generating short, meaningful
natural language weather reports. Their framework utilized an
ontology to define specific contexts of meaning, ensuring that gen-
erated reports were tailored to user needs by focusing on pertinent
information and filtering out irrelevant details. This research under-
scores the importance of context and user-centricity in automated
weather reporting.

While the technical capabilities of Al in generating news are
evolving, understanding user perception of this content is equally
critical. In [33], a cross-cultural experiment was conducted compar-
ing U.S. and Chinese users’ evaluations of news reports primed
as human-authored or algorithm-generated. Their findings re-
vealed nuanced cultural differences: U.S. participants generally
rated human-authored news higher in quality and likability, par-
ticularly in traditional media. Conversely, Chinese users showed
a preference for algorithm-generated content online. Notably, the
study found no significant differences in perceived trustworthiness
across both groups, regardless of the media outlet. These findings
highlight the complex interplay between cultural context, media
format, and user perceptions of automated news, suggesting that
algorithmic content’s acceptance is not universal and is influenced
by various factors. This underscores the need to investigate user
perceptions within specific domains like weather forecasting.

A study involving 251 Australian sports fans [7] demonstrated a
significant preference for human-written match reports over auto-
matically generated texts, citing higher ratings for enjoyment and
liking. While perceptions of arousal and quality did not differ sig-
nificantly, the consistent perception of distinct differences between
human and automated reports across all participants suggests a
fundamental difference in how users experience and value different
forms of news content. This finding raises questions about whether
similar preferences or distinctions exist in the context of weather
forecasts, which often serve a more utilitarian purpose than sports
reports.

As automated journalism becomes more prevalent, concerns
regarding its impact on journalistic practice have emerged. Existing
research [2] highlights the potential risk of over-reliance on easily
quantifiable data, potentially marginalizing important stories that
do not fit readily into discernible patterns.

In [8], ethical debates were investigated among Spanish online
media professionals concerning the challenges posed by conver-
gence and multiplatform production. Through a community of
practice lens, this work identified emergent standards and practices
as a foundation for ethical decision-making in dynamic digital news
environments. This research emphasizes the importance of devel-
oping shared norms and learning processes to guide the ethical
integration of automation in journalism.

In [14], researchers argue that Human-Machine Communication
challenges the traditional communication research assumption of
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humans as communicators and machines as mediators. This frame-
work prompts a critical examination of the evolving roles of both
humans and machines in communication, particularly concerning
AT’s news-writing function. This perspective underscores the need
to theoretically understand the broader implications of AI’s influ-
ence on the roles of communicators and social relationships and
the very understanding of news production.

In [1], an agent-based social platform leveraging artificial in-
telligence was proposed to enhance media content organization,
management, and distribution. While primarily focused on the tech-
nical architecture, this work contributes to the broader understand-
ing of how Al can be integrated into media ecosystems. Similarly,
recent research exploring intelligent media robots highlights the
potential for cost reduction, increased accessibility, and improved
journalist productivity, while also acknowledging limitations such
as restricted reporting fields and readability concerns [30] [29].

While existing research has explored the technical aspects of
automated news generation, including in structured domains like
weather, and has begun to examine user perceptions of automated
news in general and in areas like sports, there is a notable lack
of specific investigation into how users perceive and evaluate Al-
generated weather forecast reports. The unique characteristics of
weather information, including its potential impact on daily life and
the need for accuracy and trust, warrant focused attention. This
study aims to address this gap by investigating user perceptions
of Al-generated weather forecast reports, contributing to a more
nuanced understanding of the human-Al interaction in the context
of this specific and crucial information domain.

3 Case study

To investigate users’ perception of Al-generated weather forecast
articles, we implemented an API (Application Programming Inter-
face) with ASP.NET Core 8 with the purpose of returning an article
(including the title) that describes the weather of the requested
location for the specified date. This is made possible through an Al
engine, which generates the text based on data previously retrieved
from the free and open source OpenMeteo API3. In our case study,
we focused on the Italian region of Emilia-Romagna and the city of
Rimini.

API Call Architecture. The implemented API endpoint is accessed
via an HTTP POST request. The request body must specify both
the date and the city for which the weather report is desired. An
additional feature allows users to omit the city field; in this case,
the API generates a general weather summary for the entire Emilia-
Romagna region. The API response consists of two elements: (i)
the title of the generated article, and (ii) the full body text of the
weather article.

Integration with the OpenMeteo APL To generate the required
content, the system first retrieves the requested city’s geographical
coordinates (latitude and longitude). If no city is specified, a loop
iterates over all predefined cities within the Emilia-Romagna region
(specifically, the province), retrieving weather data for each one
and subsequently aggregating the results. For each location, the
OpenMeteo API returns the following time-series data:

Shttps://api.open-meteo.com
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(1) a collection of decimal values representing maximum tem-
perature at 2 meters height;

(2) a collection of decimal values representing maximum wind
speed at 10 meters height;

(3) a collection of decimal values representing minimum wind
speed at 10 meters height;

(4) a collection of numeric weather condition codes (e.g., clear
sky, rain, etc.).

Although the OpenMeteo API provides data across multiple hourly
intervals, in this implementation, only one representative value
per parameter is selected for further processing. Once all required
data is collected, average temperature and average wind speed are
computed. Wind speed is also translated into a human-readable
phrase (e.g., “0” — “no wind”) to simplify the Al prompt formulation
and avoid overloading the model with low-level data.

Prompt Composition and Interaction with AI model. With weather
data prepared, the next step involves composing the prompt for the
Al model. The prompt consists of two main sections:

e Instructional Header: this section defines the objective of
the generation task (i.e., writing a short weather article) and
includes two specific configuration parameters for the Al
model: (i) Perplexity (PPL) value set to 20, which encourages
the generation of coherent and accessible text with a journal-
istic tone; and (ii) Giant Language Model Test Room (GLTR)
value set to 5, indicating a preference for highly natural and
human-like outputs.

o Contextual Data: this includes the city name, a natural lan-
guage description of the weather conditions (e.g., "partly
cloudy”), the average temperature, and a simplified descrip-
tion of the wind.

Two separate prompts are used:

(1) "Write a suitable headline for an article presenting weather
forecasts."

(2) "Write a weather article for day {0} in a clear, direct, and com-
prehensive manner, using a maximum of 300 words. Include
the temperature only if you believe it is important. Write for a
PPL of 20 and GLTR of 5. Do not use the word "today". Data to
be processed: {1}"

The first prompt instructs the model to generate a concise and
appropriate title. The second one provides a more detailed instruc-
tion aimed at producing a journalistic-style weather article based
on the day ({0}) and processed meteorological data ({1}). During
early iterations, the model tended to overemphasize numerical tem-
perature values, which often detracted from the clarity and flow of
the article. To mitigate this, a specific restriction was introduced in
the prompt. Similarly, the usage of the word “today” was explicitly
forbidden to ensure that the generated content remains temporally
neutral and suitable for integration into dynamically generated web
pages. These constraints help ensure the output remains readable,
natural, and contextually appropriate without overwhelming the
user with unnecessary numerical data.

Since the article and its title are generated in two distinct steps,
a chat-based architecture is employed to manage the interaction.
This enables message history tracking (both prompts and model re-
sponses), which helps avoid token overflow and reduces complexity
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in individual prompts. The Al-based text generation is performed
using OpenAl, and, for managing the conversational state and
interacting with the AI model, the system uses the ChatComple-
tionService provided by Microsoft’s Semantic Kernel. Once both the
article and its title are generated, the API compiles the full response.

3.1 Methodology

This study investigated the perception of Al-generated journalism
through a mixed-methods approach involving a two-stage evalua-
tion of news articles and a subsequent survey of attitudes towards
Al in journalistic contexts. All the questions asked to the partici-
pants are visible in Figure 1.

3.1.1 Article Evaluation Phase (Q1-Q13). Participants engaged in a
two-part evaluation of sample weather report articles generated by
our API (visible in Appendix A).

e Initial Blind Evaluation (Q1-Q6): Participants were first
presented with a weather report article and asked to eval-
uate it based on four criteria using a 5-point Likert scale:
trustworthiness, helpfulness, readability, and professional-
ism. These characteristics align with Lucassen et al’s frame-
work on information credibility [18, 19], which highlights
the role of semantic cues (accuracy, completeness), surface
cues (writing style, presentation), and source credibility (ex-
pertise, trustworthiness), as well as user-specific needs and
processing abilities. Critically, following this evaluation, par-
ticipants were prompted to indicate whether they believed
the article was generated by Al and to provide a brief ratio-
nale for their judgment. This step was designed to identify
any pre-existing biases or assumptions about Al-generated
content.

e Post-Disclosure Evaluation (Q7-Q13): Participants were
then informed that the article they had just evaluated was,
in fact, generated by Al Subsequently, participants were pre-
sented with a second weather report and asked to evaluate it
using the same four criteria. They were also asked to indicate
whether they believed the article was Al-generated and to
explain the reasoning behind their judgment. This allowed
for a comparison of perceptions before and after the explicit
identification of AI authorship.

3.1.2  Attitude Survey Phase (Q14-Q28). Following the article eval-
uations, participants completed a series of statements designed
to gauge their broader attitudes and beliefs concerning the role
and impact of Al in journalism. Stemming from previous studies
[11, 19, 31], participants were asked to indicate their level of agree-
ment with 12 statements using a 5-point Likert scale, and answer a
closed-ended question and two open-ended questions. This survey
explored several key areas, including:

e Trust and Reliability (Q14-Q16): Perceptions of the gen-
eral trustworthiness of Al-generated articles (e.g., "Articles
generated by Al are generally trustworthy" - Q14) and com-
parisons of trust between Al and human-authored content
(e.g., "I would consider an article more trustworthy if it were
generated by an Al rather than by a reputable newspaper" -

0Q16).
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nm ﬂ Questions

Transparency and Disclosure
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It is important that newspaper
articles clearly disclose the use of
Al tools in their creation

What gender do you identify most

Q21 with?

Q30 What year were you born in?
Knowing the Al model used to
generate an article would increase

my trust in the content

Q22 .
What is the highest level of

@ education you have achieved?
| think news publishers should be
legally required to admit the use
of Al tools in writing articles

What is your main source of

Q23
information?

Q32

Demographics

Q1- How trustworthy do you think the Articles generated by Al are
Q7 article is? 2 generally trustworthy
8
Q2- How helpful do you think the 3 | would consider an article more
Qs article is? -5 Q15 trustworthy if it were generated
Q 'g by an Al rather than by human
B Q3-  How readable do you think the 2
E Q9 article is? g I would consider an article more
- = Q6 trustworthy if it were generated
o
® Qa- How professional do you think the :Z;‘;Aal r::'her than by a reputable
g Q0 articleis? pap
g
c " . . . » Articles generated by an Al are
z % Inyouropinion, was this article 8 Q17 less biased than articles written by
an written by an AI? [ humans
316"; Please explain the previous answer g | am concerned that news
5 Q18 generated by Al may contribute to
g the spread of fake news
Do you have any suggestions to o
Q13 improve the article and make it % Would your opinion change
e o
Seem more “humantz ~§ Q19 depending on the content of the
2 article?
£
S
E Please explain your previous
@ Q20 it bl
s answer

Accuracy and Impact

Al-generated articles accurately How often do you use Al tools?

reflect real-world events

Q34 What do you use Al tools for?

Al-generated articles are less
prone to factual errors than
human-generated stories

How would you rate your

Q35 o perience using Al tools?

I'am concerned that Al is unable to
verify the accuracy of information
before generating journalistic
content

Q26

To what extent do you think Al-
generated articles impact the
quality of journalism?

Q27

Please share your personal
feedback on the accuracy of Al-
generated articles

Q28

Figure 1: Questions asked in the evaluation phase.

e Bias and Impartiality (Q17): Beliefs about the potential
for bias in Al-generated articles compared to human-written
ones (e.g., "Articles generated by Al are less biased than
articles written by humans" - Q17).

e Misinformation Concerns (Q18-Q20): Concerns regarding
the potential for Al to contribute to the spread of fake news
(e.g., "I am concerned that news generated by Al may con-
tribute to the spread of fake news" - Q18). We also examined
whether participants’ opinions shifted based on the content
of the articles (e.g., "Would your opinion change depending
on the content of the article?" - Q19). Participants were also
given an open-ended question (Q20) to share their personal
reflections on the connection between the article’s content
and their concerns about misinformation.

e Transparency and Disclosure (Q21-Q23): Attitudes to-
wards the importance of disclosing Al usage in news articles
(e.g., "It is important that newspaper articles clearly disclose
the use of Al tools in their creation" - Q21), the value of
knowing the specific Al model used (e.g., "Knowing the AI
model used to generate an article would increase my trust in
the content” - Q22), and support for potential legal require-
ments for disclosure (e.g., "I think news publishers should
be legally required to admit the use of Al tools in writing
articles" - Q23).

e Accuracy and Impact (Q24-Q28): Beliefs about the accuracy
of Al-generated articles in reflecting real-world events (e.g.,
"Al-generated articles accurately reflect real-world events" -
Q24), their susceptibility to factual errors (e.g., "Al-generated
articles are less prone to factual errors than human-generated
stories” - Q25), their accuracy (e.g., "I am concerned that
Al is unable to verify the accuracy of information before
generating journalistic content" - Q26), and their overall
impact on the quality of journalism (e.g., "To what extent
do you think Al-generated articles impact the quality of
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journalism?" - Q27). Participants were also provided an open-
ended question to share personal feedback on the accuracy
of the evaluated articles (Q28).

3.1.3 Demographic Data (Q29-Q35). Finally, demographic infor-
mation (e.g., gender, age, and educational level) was collected from
participants, including their primary sources of news and the fre-
quency of their personal use of Al tools. This data will be used to
explore potential correlations between participant characteristics
and their responses to the core questions regarding the perception
of Al-generated journalism.

3.2 Results

A total of 16 participants answered our questionnaire. In terms of
gender, the sample included 8 women (53.3%) and 7 men, all aged
between 22 and 34 years. In terms of educational background, 9
participants held a Master’s degree, 2 a Bachelor’s degree, 4 had
completed a high school diploma, and one selected “Other”. As for
their main source of information, 5 participants reported online
newspapers, 4 cited television news, and the remaining 7 indicated
social networks. Regarding the frequency with which participants
use Al tools, the reported average was 3.50 (o= 1.21) on a 5-point
Likert scale. This suggests a moderate level of engagement, with
some variability across respondents. When asked to rate their expe-
rience with Al tools on a scale from 1 to 5, participants reported an
average score of 3.64 (o = 0.55). This indicates a fairly confident level
of experience, with relatively low variability among respondents.
Participants reported using Al tools for a variety of purposes. The
most common uses included search engines (8), writing assistance
(8), idea generation (8), coding writing support (8), text translation
(3), summarization (5), content generation (including text, images,
video, and audio) (6), study support (6), emotional support (1), and
work-related support (1). The results of the Attitude Survey Phase
are visible in Figure 2 and discussed in the next paragraphs.
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Figure 2: Results of the Attitude Survey questions about trust and reliability (Q14-Q16), bias and impartiality (Q17), misinfor-
mation concerns (Q18), transparency and disclosure (Q21-Q23), and accuracy and impact (Q24-Q27).

Article Evaluation. Starting from the blind evaluation of the first
article, we observed the following results: the average rating for
trustworthiness was 3.38 (o = 0.96); usefulness was rated at 3.50
on average (o = 1.03); the readability score had a mean of 3.50 (¢ =
0.97); finally, professionalism received an average score of 3.31 (o =
1.08). These values indicate a moderately positive perception of the
article, with some variation in how participants interpreted each
dimension. Regarding the authorship of the article, 10 participants
believed it was written by Al 2 by a human, while the remaining
4 were uncertain. Through thematic analysis of the participants’
responses, we identified four main themes influencing their choices:
language style, level of detail, content relevance, and structural ele-
ments. For 8 participants, the language style played a significant
role in shaping their perception and evaluation. Specific aspects
mentioned included the use of artificial or unnatural phrasing (e.g.,
"fresh and sparkling atmosphere"), the tone adopted, verb tense
choices, specialized jargon, a linear or overly simplistic style, and
sentences perceived as forced or awkward (e.g., P1: "mild or mod-
erate intensity"). 3 participants highlighted the level of detail as a
determining factor. References to specific measurements (e.g., P12:
"Celsius degrees") and rich, descriptive accounts of phenomena
were noted. Two participants pointed to the actual content of the
articles as relevant factors: P4 described an article as "useless," while
P1 criticized the grouping of cities with similar conditions. Struc-
tural aspects were also cited by 2 participants. These responses
pointed to the organization and presentation of the information:
P7 highlighted the "title divided into two parts and separated by
a colon", "short paragraphs", and the "initial and final recap of the
overall situation". However, some participants remained uncertain,
citing a lack of familiarity with reading such articles or being unsure
whether the writing style could be attributed to AL
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Analyzing the results related to the second article, proposed to
the participants after the disclosure of the use of Al we noticed sim-
ilar values but with a slightly higher level of disagreement between
participants: the average rating for trustworthiness was 3.69 (o =
0.87); usefulness was rated at 3.38 on average (o = 1.20); the read-
ability score had a mean of 3.94 (¢ = 0.93); finally, professionalism
received an average score of 3.25 (o = 1.24). Despite revealing that
the first article was created using Al participants showed signifi-
cant differences in their opinions about the authorship of the second
article. Specifically, 8 participants attributed it to Al, 4 believed it
was written by a human, and 4 were unsure. Common reasons for
suspecting Al authorship include a highly organized format (short
paragraphs, clear summaries), a descriptive yet impersonal tone
(P10: "Using certain ways of describing the weather (feeling fresh,
making the air crisper) makes it less direct and too descriptive for
a weather article"), and similarities to other Al-like texts (e.g., the
first article). Conversely, those who believe it was written by a
human point to the expression of human perception (P4: "There are
opinions that are less technical and more linked to human percep-
tion"), a more conversational tone, and certain word choices (i.e.,
Anglicisms like “indoor”) that feel less mechanical and technical.
Uncertain responses highlight the blurred line between human and
AT writing, noting that some features could be produced by either,
especially if the Al was prompted to write in a more natural style
(P5: "It seems less technical-scientific and more readable, but these
parameters could have been requested to the AI").

The suggestions for improving the article (Q13) focus primarily
on making the language feel more natural and more personal (P1:
"perhaps also explaining what activities can be done related to the
city"). Some recommend using simpler verb forms, avoiding overly
descriptive adjectives, and sticking to more straightforward expres-
sions to enhance clarity and realism (P10: "Use simpler and more
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commonly used verb declensions and above all avoid adjectives
or long descriptions that can distract from the main information").
A few responses note that the article already seems quite human
(P2: "I don’t know, also because the difference between a human-
written text and an artificial one is already subtle."), while others
point out that providing the AI with examples of human-written
texts could help it mimic a more authentic tone. Others suggest
adding emotional elements or slight imperfections to make the text
feel less “perfect” and more human (P3: "a Al-genereted article is
too perfect, you should add some sentences that also evoke emo-
tions"). There’s also a debate about the relevance of a human touch
in weather articles, as some believe the topic doesn’t necessarily
require a personal perspective (P5: "The topic does not require a
personal opinion or a “human” point of view" or P12: "Better stan-
dardize the language, remaining more scientific and not digressing
into real life situations"). Finally, one participant pointed out that
when you ask Al to humanize a text, it tends to do so across the
entire piece. However, a journalist keeps the professional tone as a
foundation and adds a touch of creativity only where needed, in a
more targeted way.

Trust and Reliability. Regarding participants’ perceptions of trust-
worthiness in Al-generated articles, responses varied across the
three related statements. The statement “Articles generated by Al
are generally trustworthy” (Q14) received a mean score of 3.19 (o =
0.98), indicating a neutral to slightly positive tendency in perceived
trust. However, when comparing Al authorship to human author-
ship, participants expressed lower levels of trust. The statement “T
would consider an article more trustworthy if it were generated
by an Al rather than by a human” (Q15) received a mean of 2.88
(0 = 1.02), while “I would consider an article more trustworthy if
it were generated by an Al rather than by a reputable newspaper”
(Q16) scored even lower, with a mean of 2.63 (¢ = 1.31). These re-
sults suggest that while there is a moderate level of baseline trust
in Al-generated content, participants remain more cautious when
comparing it directly to traditional human or institutional sources.
The increasing standard deviations further indicate greater vari-
ability in participants’ attitudes, particularly in relation to trusted
human-authored sources such as reputable newspapers.

Bias and Impartiality. The statement “Articles generated by an
Al are less biased than articles written by humans” (Q17) received a
mean score of 2.69 (o = 1.25), reflecting a generally skeptical stance
among participants. This relatively low average suggests that, con-
trary to common narratives that portray Al as more neutral or
objective, participants may be increasingly aware of the potential
biases embedded in Al-generated content. The relatively high stan-
dard deviation further indicates substantial variation in individual
perceptions, pointing to an ongoing debate or lack of consensus on
this issue. Interestingly, this finding highlights a growing public
awareness of algorithmic bias and suggests that Al is no longer
automatically perceived as impartial. Instead, participants may be
recognizing that Al systems can reflect the limitations and biases
of the data they are trained on, as well as the choices made by their
developers.

Misinformation Concerns. Concerns about misinformation were
reflected in the responses to the statement “I am concerned that
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news generated by Al may contribute to the spread of fake news”
(Q18), which received a relatively high mean score of 3.63 (¢ = 1.09).
This indicates a prevalent concern among participants regarding the
potential of Al-generated content to disseminate false or misleading
information. Further insight into participants’ critical engagement
with Al-generated news emerged from their responses to Q19. 8
participants (50%) stated their opinions would vary based on the
article’s content, while 6 participants indicated they would not be
influenced by it, and two expressed uncertainty. When it comes to
more sensitive or complex subjects, such as medicine or current
affairs, people tend to prefer human authorship or, at the very
least, expert review (Q13). The main concern is the accuracy and
reliability of information, which becomes more critical with the
importance of the topic (P13: "Although I believe that the error rate
for a human or an Al is the same, in fact if the topic changes my level
of trust also changes."). Some believe Al can handle technical or
data-driven topics (like weather) more reliably, especially if it’s fed
accurate and structured data (P7: "In general, I believe that the result
always depends on the starting data: the more schematic, reliable
and complete they are, the more likely it is that the resulting content
will be reliable"). Others stress the need for oversight, regardless of
the subject, with Al seen as a useful tool rather than a full content
creator (P1: "It depends on whether the article brings news or
reports something already consolidated. A rewriting of the form
with Al is welcome, but generating content without supervision
is not"). A few responses argue that the intent and supervision
behind the AT’s use matter more than the topic itself (P11: "It always
depends on why the article was written and who wanted it. I think
it is the person who makes the Al-generated article reliable or not."),
while others note that more public education on Al’s strengths and
limits may be needed (P5: "perhaps an education on the use and
enjoyment of Al is necessary").

Transparency and Disclosure. Participants expressed a gener-
ally strong preference for transparency regarding the use of Al
in journalism. The statement “It is important that newspaper ar-
ticles clearly disclose the use of Al tools in their creation” (Q21)
received the highest agreement, with a mean of 4.13 (¢ = 0.81),
indicating a near-unanimous expectation for explicit disclosure.
Similarly, the idea that “News publishers should be legally required
to admit the use of Al tools in writing articles” (Q23) was also
well-supported, with a mean score of 3.88 (¢ = 1.37). This suggests
that many participants believe such disclosure should not only be
encouraged but also mandated by regulation. In contrast, the state-
ment “Knowing the Al model used to generate an article would
increase my trust in the content” (Q22) received a more moderate
mean of 3.38 (o = 1.15). While this still reflects a general trend
toward valuing transparency, it suggests that knowing technical
specifics such as the model name or type may be less impactful for
building trust than broader disclosure practices. Together, these
responses reflect a clear desire among participants for openness in
Al-generated journalism, with a particular emphasis on visibility
and accountability in the publication process.

Accuracy and Impact. Participants expressed mixed views regard-
ing the accuracy and impact of Al-generated journalism. The state-
ment “Al-generated articles accurately reflect real-world events”
(Q24) received a mean score of 2.81 (o = 1.11), while “Al-generated
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articles are less prone to factual errors than human-generated sto-
ries” (Q25) scored even lower, with a mean of 2.57 (¢ = 1.46). These
relatively low averages indicate a general skepticism about the
factual reliability and comparative accuracy of Al-generated news
content. In contrast, the statement “I am concerned that Al is unable
to verify the accuracy of information before generating journalistic
content” (Q26) garnered the considerably higher mean of 3.50 (o =
1.21). This suggests that participants are not only aware of, but also
concerned about, the limitations of Al systems in fact-checking and
ensuring informational accuracy. When asked “To what extent do
you think Al-generated articles impact the quality of journalism?”,
responses yielded a mean of 3.40 (o = 0.83), indicating a moderate
perception that Al has a significant effect on journalistic standards.
The relatively high score, paired with earlier concerns, could reflect
ambivalence or apprehension about the overall influence of Al on
the integrity and quality of news media. Together, these responses
suggest that while participants acknowledge the growing role of Al
in journalism, concerns about factual accuracy and verification re-
main prominent, potentially influencing how Al-generated content
is received and trusted.

The accuracy of Al-generated news depends on several factors,
including the topic, how the Al is used, and the expertise of the per-
son guiding it (Q28). While Al can be a valuable tool for improving
the structure or clarity of a piece, relying on it to generate content
entirely can be risky, especially in fields like medicine or law, where
factual errors could have serious consequences (P4). The quality
of the output often reflects the quality of the input; a well-crafted
and specific prompt can lead to better results (as mentioned by
P3 and P10). However, the final responsibility should always lie
with a human, who can critically review the information and verify
its correctness (P3: "A prompt must be created with accuracy and
must always be specific. These tools help humans, who always
have the final review, being thinking beings, unlike Al that follows
algorithms"). A particularly interesting point of view comes from
P13, who stated: "Al is a powerful tool if you know how to use it.
My perspective on journalism, however, is currently quite negative,
not due to concerns about source reliability, but because of the
linguistic style: a journalist is first and foremost a writer, someone
with a personal voice and a distinctive style, who often brings their
own perspective into the story".

4 Conclusion and Future Work

The study highlights a moderately positive perception of Al-
generated articles in terms of trustworthiness, readability, and
usefulness, though participants remained divided on authorship
and style. Key factors influencing evaluations included linguistic
tone, structural clarity, and perceived presence (or absence) of a
human voice. While participants showed some openness toward
Al-generated content, they expressed skepticism about its accuracy,
impartiality, and ability to convey nuanced or emotional depth.
Notably, there was strong support for transparency and human
oversight. The findings emphasize the importance of editorial con-
trol, stylistic authenticity, and public trust.

One limitation of this study is the relatively small sample size,
with only 16 participants, which does not fully represent the broader
population’s views on Al-generated journalism. Additionally, the
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study’s reliance on subjective self-reports may introduce bias, as
participants’ personal experiences and prior knowledge could in-
fluence their perceptions.

Future research could investigate how different prompt struc-
tures influence tone, emotional engagement, and clarity to make Al-
generated articles more relatable and credible. Additionally, there is
aneed to explore how Al-generated content could be tailored to the
thematic focus of the article. For instance, extreme weather events
may require different prompting strategies compared to routine
weather forecasts, as they carry varying levels of emotional weight
and urgency. Another avenue for future research is the development
of human-AlI co-creation models, where Al could serve as an initial
content generator, while human editors refine and fact-check the
output. Exploring how such hybrid workflows might be perceived
in terms of quality, trust, and editorial integrity could be essential
in determining how to balance AI automation with the need for
human oversight in sensitive areas like journalism. Transparency is
another critical area for improvement. Future studies should focus
on how to incorporate disclosures about the use of Al in the con-
tent creation process. Rather than merely informing readers about
the technology behind the article, prompts could be designed to
seamlessly integrate these disclosures in a way that enhances trust
without interrupting the flow of the narrative. This could include
explaining which Al model was used or outlining the sources of
information the AI relies on, all while maintaining the integrity
and readability of the article.

Acknowledgments

The publication was produced by a researcher with a research
contract financed by FSE+ 2021-2027 funds pursuant to art. 24,
paragraph 3, letter a), of Law 240/2010 and subsequent amend-
ments and of D.G.R. 693/2023 (REF. PA: 2023-20090/RER-7 - CUP:
J19J23000730002).

Moreover, the authors would like to thank all the personnel from
Onit S.p.A. and Onit Smart for the precious support.

References

[1] Alberto L. Barriuso, Fernando de La Prieta, Alvaro Lozano Murciego, Daniel
Hernandez, and Jorge Revuelta Herrero. 2016. An Intelligent Agent-Based Jour-
nalism Platform. In Highlights of Practical Applications of Scalable Multi-Agent Sys-
tems. The PAAMS Collection, Javier Bajo, Maria José Escalona, Sylvain Giroux, Pa-
trycja Hoffa-Dabrowska, Vicente Julian, Paulo Novais, Nayat Sanchez-Pi, Rainer
Unland, and Ricardo Azambuja-Silveira (Eds.). Springer International Publishing,
Cham, 322-332.

Matt Carlson. 2014. The Robotic Reporter: Automated journalism and the redefini-
tion of labor, compositional forms, and journalistic authority. Digital Journalism
3,3 (Nov. 2014), 416-431. doi:10.1080/21670811.2014.976412

Chiara Ceccarini, Edyta Paulina Bogucka, Indira Sen, Marios Constantinides,
Catia Prandi, and Daniele Quercia. 2022. Visualizing Internal Sustainability
Efforts in Big Companies. IEEE Computer Graphics and Applications 42, 3 (May
2022), 87-98. doi:10.1109/mcg.2022.3163063

Shyi-Ming Chen and Ming-Hung Huang. 2014. Automatically generating the
weather news summary based on fuzzy reasoning and ontology techniques.
Information Sciences 279 (Sept. 2014), 746-763. doi:10.1016/j.ins.2014.04.027
Hannes Cools and Nicholas Diakopoulos. 2024. Uses of Generative Al in the
Newsroom: Mapping Journalists’ Perceptions of Perils and Possibilities. Journal-
ism Practice (Aug. 2024), 1-19. doi:10.1080/17512786.2024.2394558

Cambridge Dictionary. 2025. Journalism. https://dictionary.cambridge.org/
dictionary/english/journalism. [Accessed 22-04-2025].

Sam Duncan, Jessica Kunert, and Adam Karg. 2024. Attitudes to automated and
human written sport journalism. Journalism 0, 0 (June 2024), 14648849241260944.
doi:10.1177/14648849241260944

José Alberto Garcia-Avilés. 2014. Online Newsrooms as Communities of Practice:
Exploring Digital Journalists” Applied Ethics. Journal of Mass Media Ethics 29, 4


https://doi.org/10.1080/21670811.2014.976412
https://doi.org/10.1109/mcg.2022.3163063
https://doi.org/10.1016/j.ins.2014.04.027
https://doi.org/10.1080/17512786.2024.2394558
https://dictionary.cambridge.org/dictionary/english/journalism
https://dictionary.cambridge.org/dictionary/english/journalism
https://doi.org/10.1177/14648849241260944

Humanizing the Forecast: Exploring the Perception of Al-Generated Journalism

(Sept. 2014), 258-272. doi:10.1080/08900523.2014.946600

E. Goldberg. 1993. FoG: Synthesizing forecast text directly from weather maps.

In Proceedings of 9th IEEE Conference on Artificial Intelligence for Applications

(CAIA-93). IEEE Comput. Soc. Press, 156-162. doi:10.1109/caia.1993.366647

Andreas Graefe. 2016. Guide to automated journalism. Technical Report. Tow

Center for Digital Journalism, Columbia University.

[11] Lennart Hofeditz, Milad Mirbabaie, Stefan Stieglitz, and Jasmin Holstein. 2021.
Do you Trust an Al-Journalist? A Credibility Analysis of News Content with
Al-Authorship. In Proceedings of the European Conference on Information Systems
(ECIS), Marrakesh, Morocco.

[12] Natia Jikia and Nunu Charkviani. 2023. The Principle of Truthfulness in Journal-
ism. Language and Culture 30 (2023), 164-169.

[13] K. Kawamoto. 2003. Digital Journalism: Emerging Media and the Changing Hori-
zons of Journalism. Rowman & Littlefield Publishers.

[14] Seth C. Lewis, Andrea L. Guzman, and Thomas R. Schmidt. 2019. Automation,
Journalism, and Human-Machine Communication: Rethinking Roles and Rela-
tionships of Humans and Machines in News. Digital Journalism 7, 4 (April 2019),
409-427. doi:10.1080/21670811.2019.1577147

[15] Carl-Gustav Lindén. 2017. Algorithms for journalism: The future of news work.
The Journal of Media Innovations 4, 1 (Jan. 2017), 60-76. doi:10.5617/jmi.v4i1.2420

[16] Ziyao Ling, Giovanni Delnevo, Paola Salomoni, and Silvia Mirri. 2024. Findings

on Machine Learning for Identification of Archaeological Ceramics: A Systematic

Literature Review. IEEE Access 12 (2024), 100167-100185. doi:10.1109/access.

2024.3429623

Lingxi Liu, Giovanni Delnevo, and Silvia Mirri. 2023. Unsupervised hyperspectral

image segmentation of films: a hierarchical clustering-based approach. Journal

of Big Data 10, 1 (March 2023). doi:10.1186/s40537-023-00713-8

Teun Lucassen and Jan Maarten Schraagen. 2011. Factual accuracy and trust in

information: The role of expertise. Journal of the American Society for Information

Science and Technology 62, 7 (April 2011), 1232-1242. doi:10.1002/asi.21545

[19] Teun Lucassen and Jan Maarten Schraagen. 2012. Propensity to trust and the influ-

ence of source and medium cues in credibility evaluation. Journal of Information

Science 38, 6 (Oct. 2012), 566—-577. doi:10.1177/0165551512459921

Ninareh Mehrabi, Fred Morstatter, Nripsuta Saxena, Kristina Lerman, and Aram

Galstyan. 2021. A survey on bias and fairness in machine learning. ACM com-

puting surveys (CSUR) 54, 6 (2021), 1-35.

Sheila Mendez-Nunez and Gracian Trivino. 2010. Combining Semantic Web

technologies and Computational Theory of Perceptions for text generation in

financial analysis. In International Conference on Fuzzy Systems. IEEE, 1-8. doi:10.
1109/FUZZY.2010.5583974

[22] Eeshan Nanekar, Siddhant Nalawade, Zenden Castelino, and Smita Rukhande.
2021. Automated Journalism Based on Sports Analysis. In International Conference
on Information Systems and Management Science. Springer, 558-564.

[23] Colin Porlezza. 2019. Accuracy in Journalism. In Oxford Research Encyclopedia of
Communication. Oxford University Press. doi:10.1093/acrefore/9780190228613.
013.773

[24] The Associated Press. 2025. https://www.ap.org/solutions/artificial-intelligence/

[25] Luis R. Salgado-Garza and Juan A. Nolazco-Flores. 2004. On the Use of Automatic

Speech Recognition for Spoken Information Retrieval from Video Databases. In

Progress in Pattern Recognition, Image Analysis and Applications, Alberto Sanfeliu,

José Francisco Martinez Trinidad, and Jesus Ariel Carrasco Ochoa (Eds.). Springer

Berlin Heidelberg, Berlin, Heidelberg, 381-385.

Michael Schudson and Chris Anderson. 2009. Objectivity, professionalism, and

truth seeking in journalism. In The handbook of journalism studies. Routledge,

108-121.

Carlos Andrés Trejos-Gil and Wilmar Daniel Gomez-Monsalve. 2024. Inteligencia

artificial en los medios y el periodismo. Revision sistematica sobre Espafa y

Latinoamérica en las bases de datos Scopus y Web of Science (2018-2022). Palabra

Clave 27, 4 (2024), e2741-2741.

Deepika Verma. 2024. Impact of Artificial Intelligence on Journalism: A Compre-

hensive Review of Al in Journalism. Journal of Communication and Management

3, 02 (June 2024), 150-156. doi:10.58966/jcm20243212

Wenjin Yang. 2020. Ux Design of Artificial Intelligence News Robot. IOP

Conference Series: Materials Science and Engineering 740, 1 (jan 2020), 012135.

doi:10.1088/1757-899X/740/1/012135

Zhang Yang. 2020. Analysis of the Impact of Big Data Technology on News

Ecology. Journal of Physics: Conference Series 1682, 1 (Nov. 2020), 012084. doi:10.

1088/1742-6596/1682/1/012084

[31] Elena Yeste-Piquer, Jaume Suau-Martinez, Marcal Sintes-Olivella, and Enric Xicoy-
Comas. 2025. What If I Prefer Robot Journalists? Trust and Objectivity in the
Al News Ecosystem. Journalism and Media 6, 2 (April 2025), 51. doi:10.3390/
journalmedia6020051

[32] Baobao Zhang and Allan Dafoe. 2020. U.S. Public Opinion on the Governance of
Artificial Intelligence. In Proceedings of the AAAI/ACM Conference on Al Ethics,

[9

=

[10

(17

[18

[20

[21

[26

[27

[28

[29

[30

343

GoodIT ’25, September 03-05, 2025, Antwerp, Belgium

and Society (New York, NY, USA) (AIES "20). Association for Computing Machin-
ery, New York, NY, USA, 187-193. doi:10.1145/3375627.3375827
[33] Yue Zheng, Bu Zhong, and Fan Yang. 2018. When algorithms meet journalism:

The user perception to automated news in a cross-cultural context. Computers in
Human Behavior 86 (Sept. 2018), 266-275. doi:10.1016/j.chb.2018.04.046

A Al-generated articles (translated from Italian)

Article 1: Light Rain and Variable Winds: Weather Forecast
for April 17,2025 in Emilia-Romagna

On April 17, 2025, Emilia-Romagna experiences predominantly
unstable weather conditions. Light rain is expected in several cities,
with modest intensity concentrated in occasional showers. Bologna,
Cesena, Forli, and Modena will see light rain and average tempera-
tures around 14-15 degrees Celsius, accompanied by a gentle breeze
throughout the day.

Ferrara, Ravenna, and Reggio Emilia share similar weather,
though distinguished by stronger winds, contributing to a fresher
and more brisk atmosphere, with temperatures hovering around 14
degrees.

A different scenario unfolds in Piacenza, where light to moderate
thunderstorms bring more dynamic weather and lower tempera-
tures, averaging around 12 degrees. Parma also experiences stronger
winds while maintaining the trend of light showers seen across
much of the region.

Lastly, Rimini is affected by light but steady rain. The highest
temperature of the day, averaging 16 degrees, is paired with more
intense winds, creating a consistent cool sensation.

Overall, Emilia-Romagna faces a day marked by variable weather
conditions, where the common thread lies in light precipitation and
prevalent winds. Caution is advisable for those heading outdoors.
Bringing an umbrella could prove to be a wise choice to comfortably
manage outdoor activities.

Article 2: Light Rain and Cool Temperatures in Rimini on
April 17, 2025

The day in Rimini features rainy weather, with light showers set-
ting the tone for the atmosphere. The sky remains mostly overcast,
with brief breaks between the rain. Temperatures hover around 16
degrees Celsius, contributing to a cool sensation enhanced by the
humidity in the air.

Although the wind is present, it is not particularly strong, yet it
adds a brisk touch to the air. This combination of light wind and
rain creates a pleasant setting for those who wish to stroll through
the city streets or along the seafront, provided they are equipped
with waterproof clothing.

Residents and visitors are advised to carry an umbrella when
heading outdoors and to pay attention to potentially slippery road
conditions. The day may be ideal for engaging in indoor activities,
such as visiting museums or other covered attractions that the city
has to offer.

Overall, despite the light rain, Rimini maintains a charming
vibrancy typical of spring days. Weather conditions can change
rapidly during this season, so it’s always helpful to keep an eye
on the forecast for any shifts expected later in the afternoon or
evening.
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