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ChatGPT-4o is an Al language model developed by OpenAl. It was used to gather background information and write the
article based on a headline and topic provided by the journalist. The final version was reviewed and approved by the author
before publication
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Figure 1: Our human-AI collaboration disclosure visualizations, with an example for a primarily AI-written article. From top
to bottom: (1) Textual Disclosure, (2) Role-based Timeline, (3) Chatbot interface, and (4) Task-based Timeline.

Abstract

Within journalistic editorial processes, disclosing Al usage is cur-
rently limited to simplistic labels, which misses the nuance of how

0/Gl0) humans and AI collaborated on a news article. Through co-design
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Human vs. Primarily Al) influenced visualization perceptions, gaze
patterns, and post-experience responses. We found that textual
disclosures were least effective in communicating human-AI col-
laboration, whereas Chatbot offered the most in-depth information.
Furthermore, while role-based timelines amplified Al contribution
in primarily human articles, task-based timeline shifted perceptions
toward human involvement in primarily Al articles. We contribute
Human-AI collaboration disclosure visualizations and their evalua-
tion, and cautionary considerations on how visualizations can alter
perceptions of Al’s actual role during news article creation.
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1 Introduction

Artificial intelligence (AI) technologies such as large language mod-
els (LLMs) are increasingly being used for a variety of tasks in the
newsroom [76]. Generative Al (GenAl) tools like ChatGPT, Gem-
ini, and Midjourney can produce high-quality multimodal outputs
based on user inputs [32, 66]. These developments have the po-
tential to affect both users and the media ecosystem, essentially
blurring the lines between fiction and reality as users consume
news media content. Already in 2024, model output quality has
advanced to a point where human observers can no longer reliably
distinguish between generative Al (GenAlI) output and that pro-
duced by humans [43]. This further intensified with recent work
on Turing tests demonstrating near-chance human detection rates
of state-of-the-art LLMs, where some instances were judged to be
more human than real human interlocutors [60]. These tools are
often used in collaborative workflows where GenAlI assists journal-
ists rather than replacing them entirely. Prior work has shown that
journalists use GenAl for tasks such as news generation, valida-
tion, distribution, and moderation [23], and primarily for content
production, particularly when it comes to text-based outputs [27].
This is also in line with the global public perception of Al usage
in journalism, which includes text editing, translation, and data
analysis, but also with some believing that the entire article has
been written by Al [34].

As GenAl use in journalism grows, ethical concerns regarding
transparency are rising, centering around trust and misinformation
[35, 82], as well as privacy and accountability [95]. This is further
pronounced considering that current algorithmic techniques for de-
tecting text (co-)produced by GenAl systems (e.g., ChatGPT) remain
unreliable [85], similarly with cryptographic approaches that aim
to encode provenance in digital media, for example in images (e.g.,
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Coalition for Content Provenance and Authenticity [16]) or audio
(e.g., SynthID [26]). Even if such detection techniques were flawless,
how provenance signals should be disclosed or communicated to
end users remains a key challenge [28]. Recent studies found that
most readers (sampled from six countries) expressed a desire for dis-
closure when exposed to journalistic tasks produced using ‘Al with
some human oversight’ [34]. Moreover, regulatory frameworks
such as the AI Disclosure Act of 2023 in the United States [104]
and Article 50 of the EU AI Act [33] articulate requirements on
disclosing AT usage, which is intended to mitigate these risks. How-
ever, the regulation remains vague with terms such as "authentic"
and "context of use" which leaves room for interpretation, creating
challenges in design and implementation [28]. Additionally, regula-
tion may be too limited, exempting disclosure after human review
even though audiences still expect to be informed of Al usage [81],
in addition to expecting standardized measures and sourced ref-
erences [74, 111]. While different types of disclosures have been
researched, from certification labels [88], to detailed Al Usage Cards
[112], or showing more details progressively [97], it remains a core
challenge of how to not only disclose that Al was used, but also to
capture the nuance of how humans and AI collaborated. Human-Al
collaboration refers to a dynamic and adaptive partnership in which
humans and GenAl systems work together towards a shared goal
[37, 51, 86]. Representing and disclosing how much of the content
was created by humans versus GenAl is important as GenAl usage
can alter journalists’ sense of authorship [55], and varies across
writing stages and tasks. Yet, prior work has not explored how to
visually represent these collaboration ratios across editorial stages
within the journalistic workflow.

In this paper, we adopt a mixed-methods approach (Fig. 2) to
design and evaluate disclosure visualizations of human-AI collabo-
ration in journalistic news production. In part one, we ask: (RQ1)
How can we visually represent the ratios of human-AI collaboration
output in news production? To answer this, we conducted co-design
sessions with designers and HCI experts (N=10) to generate disclo-
sure design ideas. This generated 69 design concepts, exploring a
wide design space of static and interactive representations. Based
on usability and information visualization principles, a diverse se-
lection was made to turn ideas into four prototypes: (a) Textual
Disclosure, (b) Role-based Timeline, (c¢) Menu-based Chatbot, and
(d) Task-based Timeline. This lead to Part 2, where we ask: (RQ2)
How do different disclosure visualizations communicate human-AI
collaboration to readers? To answer this, we ran a controlled, within-
subjects lab study (N=32) combining questionnaires, eye tracking,
and interviews. We examined how visualization type and human-
Al collaboration dynamics influenced perceived clarity, perceived
information, perceptions of Al and journalist contributions, and
visual attention patterns when engaging with news articles and
disclosure visualizations.

Our key findings show that (a) all prototypes effectively com-
municated human-AI collaboration output ratios, but for varied
purposes; (b) textual disclosures were least effective in commu-
nicating human-AI collaboration; (c) Role-based and Task-based
Timelines provided clearer overviews of editorial steps, while the
Chatbot offered the most in-depth information; and (d) role-based
timelines amplified Al contribution in primarily human-written
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Figure 2: The two part study approach with contributions
outlined in (bold) blue.

articles, whereas task-based timeline shifted perceptions toward
human involvement in primarily AT articles.

Our work offers two primary contributions: (1) We introduce and
compare four disclosure visualization prototypes! for represent-
ing human-AI collaboration in news production. (2) We provide
empirically-backed insights into how these prototypes affect reader
perceptions, attention, and understanding, offering cautionary con-
siderations on how visualization design can alter perceptions of
AT’s actual role during news article creation.

2 Related Work

2.1 Characterizing human-AlI collaboration in
journalism

To conceptualize the relationship between humans and Al systems,
prior research describes different concepts of human-Al interaction.
Al assistance refers to Al providing support, emphasizing human
control and responsibility [117]. Al automation reflects varying
levels of system independence in generating content with more
or less editorial oversight by journalists [100]. Other concepts fo-
cus on performance, human—-Al augmentation describes Al system
outperforming a human alone, whereas human-AI synergy im-
plies the Al system outperforms either human or Al alone [108].
Moreover, human-AlI co-creation is a dynamic partnership which
leverages strengths towards a shared goal, emphasizing iterative,
mutual learning and integration of insights [61], it has also been
described as a strategy to amplify creativity and productivity by
inspiring novel ideas [59]. While human-AI cooperation frames
Al as an independent entity that understands human preferences,
working toward shared goals alongside humans [6, 67], with a fo-
cus on aligning mental models, and communication [59]. In the
work of Breckner et al. [13] cooperation is a part of collaboration,
where the result does not exceed the combined individual inputs.
In contrast, human-AlI collaboration captures a broader, symbiotic,
and adaptive relationship in which humans contribute creativity,

1GitHub: https://github.com/cwi-dis/CHI2026- AIDisclosureVisualizations
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intuition, and contextual knowledge, while Al provides computa-
tional power, data-driven insights, and efficiency, working together
towards common goals [86]. Fragiadakis et al. [37] extend this with
a framework of tasks, goals, interaction, and task allocation. Tasks
shape the collaboration type, goals can be individual or collec-
tive, communication and feedback enhance mutual understanding
[113], and allocation shifts dynamically to utilize complementary
strengths. Holter and El-Assady [51] similarly emphasize agency,
interaction, and adaptation, stressing the need for flexible, balanced
partnerships that foster trust, efficiency, and innovation [86]. In
journalism, Formosa et al. [36] highlight how humans and Al jointly
create content, focusing on continuity (how much Al-generated
content is used) and responsibility (how contributions are credited).
These considerations intersect with ethical concerns around trust,
transparency, and authorship [11], particularly as increased Al in-
volvement reduces the perception of humans as sole authors [36].
In this study, we adopt a definition of human-AI collaboration as a
dynamic and adaptive partnership in which both contribute their
unique strengths toward shared goals. This definition emphasizes
iterative feedback, mutual learning, trust, and ethical transparency,
making it especially suited to capture the multifaceted interplay of
human and Al contributions in news production.

Human-AI collaboration in journalism occurs across multiple
stages in the news production workflow, from story ideation to
publishing [14, 91]. At each stage, the role of GenAl varies, affecting
the ratio of human versus Al contribution. For example, while
creating a headline may be a limited Al contribution, writing the
first draft often shift a larger share of authorship to Al In the
story ideation phase, GenAl can support idea generation or content
recommendation [40]. In research and information gathering, it can
aggregate and analyze data or fact check [40, 91]. During content
creation, GenAl is used for writing drafts, generating summaries
and headlines, translating text or producing images or audio [40, 91].
In editing and reviewing, it can do style correction to match the
news organization style and verify the content, while in publishing
it can personalize feeds and customize content [91]. These tasks
illustrate how collaboration ratios shift across the stages, causing
the amount of contribution by GenAlI in the final output to differ.

2.2 Al disclosure representation and
communication

Al disclosure can be represented in many forms, ranging from anno-
tations and metadata to visible labels [16, 38]. In journalism, bylines
are a traditional form of metadata used to attribute authorship, and
could similarly be extended to GenAlI systems [58, 90]. Labeling is
the most common strategy to reduce risks of GenAl, covering con-
tent with visible warnings to alert users [115], such as watermarks
[71], filter tags, or platform warnings [90]. Labels can reduce misin-
formation belief and increase trust in newsroom processes [15, 120],
but their effectiveness depends on whether they pursue process-
based goals (explaining how content was created) or impact-based
goals (warning about potential consequences) [115]. This research
builds on process-based approaches, which communicate the hu-
man-AlI collaboration ratio, while keeping a neutral stance towards
the consequences of GenAl usage in news media. Showing human
involvement alongside Al contributions can improve transparency
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and prevent assumptions that Al alone produced the content [120].
Oversimplified “Al-generated” labels decrease belief in news head-
lines and willingness to share them because readers assume no
human input was involved [2]. Additionally, effective disclosure
should specify how, when, and where Al was used in the creation
process [15]. Readers consistently express a desire for disclosure
when news is produced primarily by Al with some human over-
sight [34] and want to know about Al involvement regardless of its
impact on public opinion or perceptions of its accuracy, and trust-
worthiness [81]. Even though Article 50 of the EU AI Act exempts
disclosure when content has been human-reviewed [33], readers
still want to know the origin of the content [81]. To address such
shortcomings, our work aligns with the design space proposed by
Gamage et al. [38], but applies it to visually disclose the nuanced
collaboration between humans and Al in journalism. We focus
on iconography, and level of detail, while excluding sentiment as
our approach is process-based [115], and positioning as our study
focuses on design rather than placement.

Social media platforms showcase a range of Al disclosure strate-
gies. Meta attaches “Al Info” labels with expandable details [8],
TikTok uses “Al-generated” and “creator labeled as Al-generated”
[101], LinkedIn employs Content Credentials metadata [24], and
YouTube applies broader warnings such as “Altered or synthetic
content” [41]. Indeed, Al disclosure representations have had vari-
ous approaches, focusing on design, context, and impact on user
understanding, trust, and engagement. Label wording strongly in-
fluences perception, terms such as “Al-generated,” “Generated with
an Al tool,” or “Al Manipulated” are consistently associated with Al
involvement [31]. Users prefer pictograms and explicit details about
Al usage [94]. Alternative formulations have been tested, including
“Content Generated by AI” [65], “Written by artificial intelligence”
(translated from Dutch) [81], and variants such as “Al-Generated”
or “Altered” [116]. More elaborate formats include “Al Usage Cards”
for standardized reporting in scientific research [112] and certifi-
cation labels that improve trust in low- and high-stakes contexts
[88]. Additionally, progressive disclosure can balance transparency
and cognitive load by showing basic Al involvement upfront and
revealing more detail upon user request [97]. The cognitive load
of the user should be taken into account, showing which elements
involved GenAl, but too much technical details will be overwhelm-
ing [15]. Therefore, an effective label should enable viewers to
recognize human-AlI collaboration at first glance.

2.3 Information visualization techniques for Al
disclosures

Information visualization is the interactive, computer-generated
graphical representation of data, traditionally used to help humans
understand and analyze complex datasets [18, 72]. Its goal is to
transform information into intuitive and meaningful representa-
tions that provide insight [18]. Design is inevitable to this process:
visualizations must balance utility, reliability, and attractiveness,
while accounting for perceptual and cognitive constraints that
shape user interpretation [72]. For disclosing human-AI collab-
oration, the main challenge is how to represent ratios clearly and
effectively. Proportional visualization is common in media [93],
using familiar techniques such as pie and donut charts, stacked bar
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charts, tree maps, waffle charts, and numerical or textual formats
[7]. Pie and donut charts are widely used despite difficulties in
judging areas [96], together with the stacked bar chart, the most
common visualization techniques in media [93]. Tree maps extend
to hierarchical data, waffle charts represent proportions as grids,
and textual notations such as percentages (“75% Al, 25% Human”)
are representations for displaying proportions [25]. Although these
techniques are static and simple, they provide a useful starting
point. Embellishments, though sometimes seen as distracting, can
in fact attract attention and support long-term memorization [25].

Design principles from HCI, such as Nielsen’s heuristics, are
prominently used in interaction design. We focus on three of these
heuristics for disclosure representations: aesthetic and minimalist
design, recognition rather than recall, and match between system
and the real world [75]. These map onto three core principles for
disclosure design: simplicity, cognitive load management, and user-
centered approach. These principles will ensure that users can accu-
rately interpret Al involvement, avoid misperception, and interact
with information at different levels of detail. AI disclosure visual-
izations are primarily informative rather than interactive, which
makes many of Nielsen’s other heuristics less relevant, as they ad-
dress complex user interactions and error recovery rather than the
goal of creating clear, self-explanatory representations. Creating Al
disclosure representations that are clear and free from unnecessary
information is crucial for usability, aligning with Nielsen’s heuristic
of aesthetic and minimalist design [75] and the design principle
of simplicity in interaction [84]. Clarity is essential [109], since
misleading or ambiguous representations can distort perceptions
of AI's role. When human and Al contributions are not clearly
distinguished, users may overestimate or underestimate AI’s role
[2]. Managing cognitive load is equally important, as users should
immediately understand information without relying on memory
[75]. Progressive disclosure provides one solution, offering detail on
demand [30] which helps avoiding overload. Representations must
also match the real world [75], using familiar formats. Additionally,
interactive visualizations should not only be functional, but also
intuitive and engaging [54]. These heuristics align with the specific
goal of creating human-AlI disclosure visualizations in journalism,
ensuring that the representations we develop emphasize clarity and
user friendliness while taking cognitive load into account.

3 Part 1: Designing human-AI collaboration
representations

3.1 Co-design sessions

Co-design sessions were conducted to generate design ideas for
human-AlI collaboration representations in news media. These ses-
sions leverage the collective creativity of participants with different
ideas and knowledge to come up with a design solution together
[87, 98]. The aim was to explore diverse static and interactive repre-
sentations, where static designs present information at once, while
interactive designs progressively reveal information [97]. Partici-
pants received a sensitizing booklet beforehand, followed by the
co-design session.
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3.1.1 Procedure. Sensitizing Booklet. Each participant com-
pleted a sensitizing booklet (~20 min) in Miro? (Fig. 3) which intro-
duced concepts such as GenAl in journalism, human-AlI collabora-
tion, and Al disclosures. While also reflecting on their experiences
and increasing confidence to contribute during the sessions [107].
This was completed before the co-design session, and was submitted
together with a signed informed consent form.

Co-design Session. Three co-design sessions were then con-
ducted (90 min each) in March 2025: two online via Zoom and
Miro® with drawing tablets, and one in-person at our institute us-
ing drawing materials (Fig. 4). In all sessions, designers worked in
pairs, combining more experienced with less experienced partici-
pants. The sessions started with an explanation of the concepts and
reflection on the booklet, followed by two ideation rounds using
scenarios of varying Al contributions in the journalistic workflow,
in between these rounds they were shown requirements and Infor-
mation Visualization techniques to inspire, but not restrict them.
During the ideation rounds they received ideation templates (Fig. 5)
which looked like a wireframe of a news website with a scenario,
after these rounds there was a short feedback round to foster col-
laboration between the teams.

3.1.2  Participants. Ten designers were recruited through snowball
sampling. Three were (UX) design researchers, two were HCI ex-
perts, and five were design master’s students. The participants that
joined the online session were required to have access to a drawing
tablet. To focus on communication design rather than newsroom
workflow, journalists were deliberately excluded. Each participant
joined a single session and was compensated with a $/€20 gift card.

3.1.3 Analysis and findings. All sketches (digital and scanned)
(Fig. 6) were collected, transcribed into descriptions, and induc-
tively coded [12]. Duplicate ideas were merged, resulting in 69
unique concepts: 29 static and 40 interactive. Static designs fell into
three categories: (1) labels/icons/stamps, (2) textual explanations,
and (3) more elaborate visualizations such as bar or gauge-like in-
dicators. Interactive designs were grouped into six categories: (1)
sliders/adjustable, (2) click/toggle, (3) hover/reveal, (4) pop-ups, (5)
scroll/floating elements, and (6) chatbot-style disclosures. Place-
ment varied widely, with ideas situated near headlines, images,
article bodies, or underneath the article. A full overview of the
results can be found in Supplementary Materials A. These ideas
provided a wide design space for visualizing human-AI collabora-
tion ratio’s from which prototypes for evaluation were selected.

3.2 Design selection

From the 69 design ideas generated, we selected four prototypes to
use in the controlled user study. The set was purposefully limited
to four prototypes to balance the need for diverse designs with the
practical constraints of a lab-based user study, including experiment
duration, multiple measurements, and participant attention. The
aim was to capture diversity in modality (visual vs. textual) and
interactivity (static vs. interactive), building on the design space
proposed by Gamage et al. [38]. Modality and interactivity map

2Anonymized Miro board of sensitizing booklet: https://miro.com/app/board/
uXjVLhVnry8=/?share_link_id=270962526928
3Anonymized Miro board of co-design session: https://miro.com/app/board/
uXjVILuPkmM=/?share_link_id=330092544705
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Criterion Description

Must represents both human and Al
contributions, not only Al usage.
Can be implemented as a working pro-
totype for the study.

Realistic to integrate into journalistic
workflow.

Clear [83], free from unnecessary ele-
ments, and immediately understand-
able [75].

Users should be able to grasp the AI-
human ratio without needing to re-
member prior information or inter-
pret complex details [75].

The visualization should align with

Human-AI collaboration
Feasibility (technical)
Feasibility (journalistic)

Simplicity

Cognitive load management

User-centered approach
user expectations and avoid unneces-
sary technical complexity [75].
Minimizes number of required inter-
actions, which aligns with simplicity
and reduces cognitive load.

Low interaction count

Table 1: Criteria used for evaluation and selection of design
ideas for prototyping.

onto usability principles of using familiar formats and progressive
disclosure, ensuring clarity, feasibility, and communicative value
(Sec. 2.3).

Selection criteria (Table 1) were grounded in HCI and Informa-
tion Visualization principles [75, 83] and practical constraints of
lab-based testing. Designs had to represent both human and Al
contributions, be technically and journalistically feasible, minimize
cognitive load, and avoid unnecessary complexity. This process was
conducted collaboratively by two authors.

Based on these criteria, four designs were selected: (1) Textual
Disclosure (TD) - a label-like textual explanation of GenAI model
and its contributions, (2) Role-based Timeline (RT) - icons of
person and robot to show division of work, (3) Chatbot (C) - a
menu-based chatbot with predefined questions, and (4) Task-based
Timeline (TT) - a workflow timeline with interactive hover ele-
ment. These four design ideas were turned into working prototypes
for user testing.

3.3 Prototype development

The four selected design ideas were turned into fully functional
prototypes (Fig. 1). Each was developed in JavaScript, JSON, and CSS
for integration in a React-based web application. All visualizations
are similar in size for consistency and easy comparison.

The TD describes the used AI model, its contributions, and the
journalist’s contributions. The RT visualization shows a linear pro-
gression of the roles between the journalist and Al including icons
as visual elements with a textual explanation underneath. The Al is
displayed as a robot, this was also often done by the designers in the
design sessions. The C disclosure is menu-based with predefined
questions about the Al model, and human and AI contributions. The
TT shows the five stages of news article creation, visualized with
icons. Human-AlI collaboration is indicated with a sparkle symbol, a
neutral label commonly seen in Al context [38]. When users hover
over the icons, additional information about the contributions is
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Figure 3: Screenshot of a filled out sensitizing booklet in Miro, as part of our preparation for the co-design session.

Figure 4: In-person co-design session setup.

revealed. Each visualization went through multiple design itera-
tions. The eight developed prototypes (4 disclosure visualizations x
2 collaboration ratios) are included in Supplementary Material A,
the four disclosure visualizations with high AI contributions are
displayed in Fig. 1.

4 Part 2: Evaluating human-AI collaboration
disclosure visualizations

To assess the effectiveness of the selected disclosure designs, we
conducted a controlled lab-based user study. The aim was to inves-
tigate how users perceive, interpret, and interact with the different

NEWS = World Business Sport Lifestyle Opinion Q (251

Comments

HEADLINE

Image

This news article was created by a journalist and GenAl:

« Journalist: Came up with the idea, conducted research,
and gathered data.

+ ChatGPT-40: Wrote the first draft based on the

journalist's input.
« Journalist: Made minor revisions before publication.
Design a static representation that informs readers
about the human-Al collaboration in creating this article.

Figure 5: Example ideation template for co-design session

disclosure visualizations of human-AI collaboration in online news
articles. A mixed methods study was conducted, combining quanti-
tative data from eye tracking, and questionnaires, with qualitative
data from semi-structured interviews.

Eye tracking was included to understand how users visually
engage with the disclosure visualizations. The self-reported ques-
tionnaires capture how participants perceived the disclosures and
semi-structured interviews reveal deeper insights into their under-
standing, while gaze measures offer complementary insights on
attention and information processing [1, 3, 50]. This mixed meth-
ods approach allows us to explore whether participants understood
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Figure 6: Two examples of the results of the co-design ses-
sions, drawn on the ideation template. The example at the
top was created online in Miro, the example underneath was
digitized from the in-person session.

the disclosures and how they visually navigate them, offering a
comprehensive understanding on the communicative effectiveness
in the news context.

4.1 Study design

Our study follows a 4 (IV1: disclosure visualizations: TD, RT, C,
TT) x 2 (IV2: human-AI collaboration ratio: Primarily Human vs.
Primarily AI) within-subject study design. The trials were created
using two news articles. For each article, a primarily human and
primarily Al contribution version was created (1-Human, 1-Al,
2-Human, 2-Al). Each of these four article versions was paired
with each of the four disclosure visualizations (TD, RT, C, TT), so
every disclosure visualization appeared with every article version.
Therefore, each participant completed 16 trials (4 article versions x
4 visualizations), with disclosure visualizations and article version
order counterbalanced using a 4x4 Latin square to minimize order
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effects. All sessions were conducted between May and June, 2025
at our institute. The sessions took approximately one hour, and no
tasks prior to the experiment were asked of the participants.

4.1.1 Measures. In this study, quantitative measures consisted of
the following dependent variables: (a) Perceived human-AlI collab-
oration, adapted from IBM’s Al Attribution Toolkit [48], capturing
the communicated proportion of human vs. Al contributions. (b)
Perceived Al role per task, based on Altay et al. [2], using 7-point
Likert ratings for Al involvement in tasks such as topic selection,
writing, editing, fact-checking, and headline creation. (c) Perceived
clarity and value, 7-point Likert-scale adapted from Wittenberg et
al. [116], including items such as clear, helpful, easy to understand,
useful, and informative. (d) Perceived information, 7-point Likert
ratings of whether the visualization conveyed overview, in-depth
information, specific workflow steps, or who contributed what. (e)
Trial duration, logged automatically from the moment a disclo-
sure appeared until the questionnaire was submitted. Although
differences were expected between static and interactive visual-
izations, this measure provided insight into the time needed for
each disclosure type, which may influence real-world adoption. (f)
Eye-tracking metrics, recorded within predefined Areas of Interest
(AOIs): total gaze duration, mean fixation duration, fixation count,
saccade count, and mean saccade length [50].

These measures assess whether readers understood who con-
tributed what to the article, such understanding improves trans-
parency, can reduce misinformation belief and increase trust in
newsroom processes [15, 120]. If a disclosure fails to communicate
human-AI collaboration clearly, it cannot fulfill its transparency pur-
pose, and its effect on authorship [55]. Combined with measures of
clarity, information type, and visual engagement of the disclosures,
they create a comprehensive assessment of disclosure effectiveness.
Therefore, these measures are not manipulation checks but core
outcomes that indicate whether a disclosure visualization commu-
nicates the information needed for meaningful transparency in
journalism. Qualitative data were gathered after the trials. Consen-
sually audio-recorded semi-structured interview was conducted,
focusing on participants’ overall interpretation of disclosures, de-
sign preferences, and real-world application. The list of interview
questions can be found in the Supplementary Material B. Our study
followed strict guidelines from our institute’s ethics and data pro-
tection committee.

4.2 Study procedure

Our study procedure is shown in Fig. 7, and lasted approximately
60 minutes. Participants first read and signed the informed con-
sent form, and filled in a short pre-task questionnaire about demo-
graphics, news consumption habits, and their Al experience. Vision
screening questions ensured participants did not have impairments
that could interfere with eye tracking.

A verbal overview of the study was provided, explaining the
structure of the trials and how to navigate the web interface. Par-
ticipants were informed that they would be reading news articles
and evaluating disclosure visualizations, but were not told the spe-
cific disclosure visualizations in advance to maintain a natural first
impressions. The Tobii Pro Fusion eye tracker was calibrated at the
start of each session.
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Figure 7: User study procedure. The four Articles refer to the four article versions (1-Human, 1-Al, 2-Human, 2-Al), counterbal-

anced between participants using a Latin square.

Following calibration, the main experiment task started, con-
sisting of 16 trials (4 article versions x 4 visualizations). Each trial
followed the same order: (1) the news article appeared without
disclosure, (2) the disclosure visualization was displayed beneath
the article, and (3) a questionnaire appeared on the right side of the
screen. Participants continued through these steps by pressing a
button on the interface. This sequential order ensured clear map-
ping of eye tracking data to pre-defined Areas of Interest (AOIs)
[49].

After completing the 16 trials, participants filled out a short ques-
tionnaire evaluating the four disclosure visualizations on qualities
such as perceived clarity, value and informativeness. They then
took part in a semi-structured interview, where they reflected on
their preferences, interpretation of the disclosures, and possible use
in real-world news contexts. All interviews were audio-recorded
for later transcription and thematic analysis. Participants were
compensated with a $/€10 gift card.

4.2.1 Participants. 32 participants* (19 female, 12 male, 1 non-
binary) were recruited through multiple platforms and snowball
sampling. Ages ranged from 22 to 72. Educational backgrounds were
varied (completed high school, bachelor, master, and doctorate), and
news consumption habits ranged from daily to rarely. Al literacy,
measured by an adapted® subset of items from the modular 11-
point MAILS scale [17], averaged 5.69 (SD = 1.58). The MAILS items
were selected from four dimensions: Al understanding, detection,
ethical awareness, and persuasion literacy. These align most closely
to how readers interpret and evaluate Al involvement in news
production (the questionnaires can be found in Supplementary
Material B). Cronbach’s @=.87 showed good internal consistency for
the selected items [99]. Average self-reported ChatGPT experience
on a 1-7 scale (7 = very experienced) was 4.22 (SD = 1.96). The only
requirement was that participants did not have significant visual
impairments.

4For effect size f=.25 under a=.05 and power (1-/3)=.95, with 16 repeated measurements
within factors, one would need a minimum of 15 participants.

SWe changed the term in Q5 from ‘devices‘ to ‘technology* to ensure the scale is
meaningful to participants, since we do not focus on devices per se.

4.3 Hardware and software setup

4.3.1 Hardware. Participants were seated at a desk with a 25-inch
monitor at a resolution of 2560 x 1440 pixels, with a Tobii Pro Fusion
screen-based eye tracker® mounted below the screen (Fig. 8). The
system was connected to a laptop running Tobii Pro Lab, which
was used for calibration, data collection, and later analysis.

4.3.2  Software. Stimuli were presented via a custom built React
web application hosted locally, to present the stimuli and collect
the questionnaire responses. The interface divided the screen into
two panes: the left displayed the stimulus (article and visualization)
in a realistic news website format, and the right contained the
questionnaire (Fig. 8).

Two real low-stake news articles were selected from the MiRA-
GeNews dataset [53], originally published by BBC”. Both articles
were adapted into two versions to manipulate the human-AI col-
laboration ratio, adapted from the method of Gilardi et al. [39]:

(1) Primarily human-contributions (Article 1-Human and Ar-
ticle 2-Human): The original article was used as input for
ChatGPT-40 to generate a headline and change the style.
This prompt mimicked the Gilardi et al. [39] prompt style:
“Here is a newspaper article: [article text]. As an AP journal-
ist, write a headline for this article and do small adjustments
to the text to keep it in AP style.” This generated an article
that was almost entirely written by the journalist, but still
collaborating with GenAlI.

Primarily Al-contributions (Article 1-AI and Article 2-Al):
Only the article headline was provided to ChatGPT-4o, using
an adapted prompt from Gilardi et al. [39]: “As an AP jour-
nalist, you must write a 400-word article on this topic: [article
headline].” This generated an article that was almost entirely
written by GenAlL

—
)
~

The full news articles used as stimuli can be found Supplementary
Materials B. Each version was paired with the four prototypes (TD,
RT, C, TT; see Fig. 1), creating 16 unique stimuli. The information
represented in these prototypes were derived from these controlled

Chttps://www.tobii.com/products/eye-trackers/screen-based/tobii- pro-fusion
"https://www.bbc.com/news/world-europe-48905867, and https://www.bbc.com/
news/world-49760240


https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-fusion
https://www.bbc.com/news/world-europe-48905867
https://www.bbc.com/news/world-49760240
https://www.bbc.com/news/world-49760240
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Figure 8: User study setup

prompt-based manipulations to create the article versions. Disclo-
sure visualizations were consistently placed at the bottom of the
article to control for placement effects.

4.4 Quantitative results

We report our analysis of time spent on task, perceived human-AI
collaboration, Al role, perceived clarity and value, perceived infor-
mation, and eye tracking metrics. The ordinal response variables
(perceived human-AlI collaboration, Al role, and clarity and informa-
tiveness ratings) were analyzed using cumulative link mixed-effects
models (CLMMs) [20] to take the ordered nature of a Likert-scale
into account. Continuous variables (time spent and eye tracking
metrics) were analyzed using linear mixed-effects models (LMM)
[5]. Both models included participants as random intercepts to
model the repeated measures design [62], and self-reported Al liter-
acy (scale 0-10) and ChatGPT experience (scale 1-7) as continuous
covariates. Interactivity (static vs. dynamic visualization) was not
included as a random effect, as two-level grouping factors do not
provide enough information to reliably estimate random-effect vari-
ance [78]. These mixed-effects models allowed us to model individ-
ual differences while testing fixed effects of visualization type and
collaboration condition where applicable. To control for potential
inflation of Type I Error, False Discovery Rate (FDR) correction [47]
was applied to adjust the p-value across the six perceived Al role
features, the ten perceived clarity, value, and information features,
and for all post hoc comparisons. Due to the exploratory nature of
this study, FDR was chosen instead of more conservative Bonfer-
roni or Tukey adjustments. Effect sizes for CLMMs are reported as
odds ratios (OR) with 95% confidence intervals (C195%) for pairwise
contrasts. For LMMs, effect sizes are reported as partial 72 for main
effects and Cohen’s d for pairwise contrasts [21].

Eye tracking data were collected using a Tobii Pro Fusion with
Tobii Pro Lab, and only included when disclosure visualizations
were visible, during both initial display and questionnaire answer-
ing. Only raw data inside the disclosure AQOI (Fig. 9) were processed

with the Tobii I-VT (Fixation) filter, which classifies gaze move-
ments slower than 30°/s as fixations and faster as saccades, with
additional parameters to remove short fixations and merge adjacent
ones [79]. Data were considered valid if at least 80% of gaze points
were valid [102], data points were included if a valid measure was
available from at least one eye [52]. Validity was assessed per partic-
ipant, leading to the exclusion of eight. Tobii defines good accuracy
as below 0.8° and precision SD below 1.5° [102], but due to the large
Areas of Interest we adjusted the average accuracy threshold to
1.6°, resulting in a final dataset of 20 participants. CLMM and LMM
results for all response variables and gaze features on disclosure
visualization main effect are shown in Table 2. Full contrast test
tables are provided in Supplementary Material C.

Variable X df »p

Clarity 17.77 3 0.003**
Informativeness 13.60 3 0.018*
Helpfulness 0.91 3 0935

Easiness to understand 28.02 3 <001
Usefulness 2.27 3 0.890

Overview 33.78 3 <.001***
In-depth information 41.48 3 <.001*
Understanding of specific steps ~ 26.43 3 <.001**

Who contributed what 5.03 3 0.637

Sense of Al vs. human input 4.25 3 0.642

Variable F Df »p n’p
Gaze duration 31.42 3 <.001**  0.62
Fixation duration 45.96 3 <0.001*** 0.71
Fixation count 44.85 3 <0.001"** 0.70
Saccade count 34.44 3 <0.001°**  0.64
Saccade length 11.11 3 <0.001"** 0.37

Table 2: Cumulative link mixed model results for response
variables and linear mixed model results for gaze features,
testing main effect of disclosure visualization. P values were
adjusted with FDR corrections.
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4.4.1  Mean time spent per trial. We first looked at the time partici-
pants spent during each trial (i.e. from the moment the disclosure
was displayed until the survey was submitted for that disclosure),
as an indicator of potential disengagement or abandonment. As ex-
pected, interactive disclosures require more time than static disclo-
sures. Therefore, the mean trial duration is reported to contextualize
readers engagement rather than as a performance outcome. On av-
erage, time spent per trial across disclosure visualization conditions
(in seconds) were: Chatbot (M=150, SD=126), Task-based Timeline
(M=111, SD=110), Textual Disclosure (M=116, SD=123), Role-based
Timeline (M=110, SD=108). A linear mixed-effects model was used
to account for repeated measures and individual differences in Al
literacy and ChatGPT experience. Results revealed significant main
effects of disclosure visualization, F(3,474) = 3.55, p = .014. Post
hoc contrasts showed that the Chatbot trials took significantly
longer compared to all other conditions (vs. TD: p=0.035, d=0.30,
vs. RT: p=0.020, d=0.35, vs. TT: p=0.020, d=0.34). Additionally, both
covariates had a significant influence, higher Al literacy was pre-
dicted a longer time spent per trial (f=11.64 sec, p=.012), whereas
more ChatGPT experience predicted less time spent (f=-9.52 sec,
p=.011).

4.4.2  Perceived human-Al collaboration dynamics. How the
human-AlI collaboration was perceived compared to the true col-
laboration ratios is shown in Fig. 10. As expected, primarily Al-
generated articles (1-Al and 2-Al) were mostly recognized as such,
and primarily human-written articles (1-Human and 2-Human)
were typically seen as “Primarily human-created.” Across article

versions, there were responses for “Human-AlI blend,” indicating
that some participants assumed creation with an even blend of
human and Al contributions [48].

We grouped the responses into three categories (Human, Blend,
AlJ) to ensure sufficient counts per category and analyzed with
a cumulative link mixed model (CLMM) to account for the ordi-
nal categories and repeated measures. Pairwise contrasts revealed
context-dependent shifts. For primarily human articles, the Role-
based Timeline significantly increased perceptions of Al contribu-
tion relative to the Textual Disclosure (f = —1.30,SE = 0.40,z =
—3.26,p = .002,0R(95%CI) = 0.27(0.08,0.95)), Chatbot (f =
1.62,SE = 0.42,z = 3.82, p < .001, OR(95%CI) = 5.06(1.35,19.02)),
and Task-based Timeline (f = 1.25,SE = 0.39,z = 3.19,p =
.002, OR(95%CI) = 3.49(1.02,11.92)). For primarily Al articles, the
Task-based Timeline nudged perceptions toward human involve-
ment, showing significant differences with Textual Disclosure (§ =
1.05,SE = 0.4,z = 2.42, p = .022, OR(95%CI) = 2.86(0.73, 11.14)),
Chatbot (8 = 0.95,SE = 0.43,z = 2.21,p = .036, OR(95%CI) =
2.58(0.68,9.79)), but not compared to Role-based Timeline. Fig. 11
illustrates the response distributions, where these shifts appear
most clearly for the Role-based Timeline (increasing Blend/Al re-
sponses in primarily human texts) and the Task-based Timeline
(increasing Human responses in primarily Al texts). These findings
validate that these disclosure visualizations can effectively convey
nuanced impressions of human-AI collaboration, highlighting their
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Figure 10: Confusion matrix of human-AI collaboration per article

potential to communicate underlying dynamics beyond simple la-
bels. Yet, they may also introduce bias perceptions, shifting toward
more or less Al involvement depending on the context.

4.4.3 Perceived Al role per article. CLMMs revealed that the per-
ceived role of Al can differed by disclosure visualization and
that AI literacy and ChatGPT can also shape this (Fig. 12). Sig-
nificant main effects on collaboration were expected due to the
difference in responses for Primarily Human or Al As seen
in Table 3, fact-checking showed a main effect of visualization
(p < .001). Post-hoc tests revealed a main effect on visualiza-
tion type. Across both contexts (Primarily Human and Primarily
Al), Role-based Timeline made the perception of the role of Al
in fact-checking more than Textual Disclosure (f = —0.84,SE =
0.25z = —3.30,p = .002, OR(95%CI) = 0.43(0.22,0.84)), Chat-
bot (8 = 1.01,SE = 0.26,z = 3.95,p < .001,0R(95%CI) =
2.75(1.40, 5.40)) and Task-based Timeline (f = 0.91,SE = 0.25,z =
3.62,p < .001,0R(95%CI) = 2.48(1.28,4.80)). For headline cre-
ation, higher Al literacy predicted lower perceived Al involvement
(OR(95%CI) = 0.78(0.66,0.91), p = .006). Similarly, for topic se-
lection, higher AT literacy decreased perceived Al involvement
(OR(95%CI) = 0.53(0.33,0.85), p = .022), but more ChatGPT ex-
perience (OR(95%CI) = 1.76(1.19,2.60),p = .021) increased the
perceived contribution of Al in topic selection. These findings sug-
gest that disclosure visualizations can shape how readers attribute
Al contributions to specific tasks (particularly fact-checking), and
that the reader’s Al literacy and ChatGPT experience plays a role
in shaping these perceptions.

4.4.4  Perceived clarity. All visualizations were perceived clearly,
with means above the midpoint. Fig. 13 shows the distributions of
all response variables, with significance bars from CLMMs. There
was a significant main effect of disclosure visualization on perceived
clarity, , p = .003. Post hoc comparisons showed that both timelines

2

Response Factor x° df p
Variable
Visualization 4.03 3 0.259
Collaboration 256.56 1 <.001***
Headline Visualization x Collaboration 5.97 3 0.141
Al literacy 932 1 0.006*
ChatGPT experience 294 1 0141
Visualization 20.16 3 <.001*™
Collaboration 91.30 1 <.001***
Fact-check  Visualization x Collaboration 5.79 3 0.204
Al literacy 020 1 0.651
ChatGPT experience 0.21 1 0.651
Visualization 7.11 3 0.114
Collaboration 262.05 1 <.001***
Entire article Visualization x Collaboration 2.81 3 0423
Al literacy 343 1 0.114
ChatGPT experience 1.58 1 0.261
Visualization 0.76 3 0.860
Collaboration 247.03 1 <.001***
First draft Visualization x Collaboration 856 3 0.089
Al literacy 0.04 1 0.860
ChatGPT experience 0.09 1 0.860
Visualization 3.99 3 0328
Collaboration 188.34 1 <.001***
Style/clarity = Visualization x Collaboration 477 3 0316
Al literacy 239 1 0.305
ChatGPT experience 0.28 1 0.598
Visualization 4.04 3 0278
Collaboration 1.18 1 0.278
Topic Visualization x Collaboration 6.53 3 0.148
Al literacy 6.88 1 0.022*
ChatGPT experience 816 1 0.021*

Table 3: Cumulative link mixed model results for perceived
Al role with per-outcome FDR correction. p-values corrected
within each outcome. Covariates are in italics.
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were perceived most clear. Role-based Timeline was rated signifi-
cantly clearer than Textual Disclosure (f=-1.55, SE=0.50, z=-3.08,
p=.006, OR(95%CI)=0.21 (0.06, 0.80)) and Chatbot (8=1.96, SE=0.52,
z=3.79, p<.001, OR(95%CI)=7.11 (1.81, 27.89)). Task-based Time-
line was also rated clearer than Chatbot (f=-1.43, SE=0.50, z=-2.86,
p=.008, OR(95%CI)=0.24 (0.06, 0.89)).

4.4.5 Perceived informativeness. Disclosure visualization signifi-
cantly affected perceived informativeness, p = .018. Post hoc com-
parisons showed that the Chatbot was rated as most informative
compared to all other visualizations (TD: f=-1.64, SE=0.49, z=-3.35,
p=.004, OR(95%CI)=0.19 (0.05, 0.71), RT: f=-1.57, SE=0.49, z=-3.20,
p=.004, OR(95%CI)=0.21 (0.06, 0.76), TT: f=1.30, SE=0.49, z=2.63,
p=.017, OR(95%CI)=3.66 (0.99, 13.49)).

4.4.6 Perceived easiness to understand. A significant main effect of
disclosure visualization was found for perceived easiness to under-
stand, p < .001. Post hoc tests showed that the Chatbot was signifi-
cantly less easy to understand than the other visualizations (Tex-
tual Disclosure: f=1.54, SE=0.49, z=3.13, p=.004, OR(95%CI)=4.67
(1.27, 17.18), Role-based Timeline: f=2.89, SE=0.58, z=4.99, p<.001,
OR(95%CI)=17.97 (3.90, 82.79), and Task-based Timeline: f=-2.27,
SE=0.54, z=-4.19, p<.001, OR(95%CI)=0.10 (0.02, 0.43)). Addition-
ally, the Role-based Timeline was significantly easier to under-
stand than Textual Disclosure (f=-1.35, SE=0.52, z=-2.58, p=.015,
OR(95%CI)=0.26 (0.07, 1.03)). Differences between Role-based Time-
line and Task-based Timeline were not significant.

Primarily Al-generated

Entirely Al-generated

collaboration per article and disclosure visualization

4.4.7 Providing an overview. CLMM revealed a significant main
effect of disclosure visualization, p < 0.001. Post hoc compar-
isons showed that the other three visualizations were significantly
better at providing an overview than the Chatbot: Role-based
Timeline (8=2.82, SE=0.56, z=5.01, p<.001, OR(95%CI)=16.70 (3.79,
73.53)), Task-based Timeline (f=-3.14, SE=0.58, z=-5.42, p<.001,
OR(95%CI)=0.04 (0.01, 0.20)), and Textual Disclosure (f=1.59,
SE=0.51, z=3.14, p=.003, OR(95%CI)=4.90 (1.29, 18.59)). Further-
more, the Role-based and Task-based Timeline provided a sig-
nificantly better overview than Textual Disclosure (RT: f=-1.23,
SE=0.49, z=-2.50, p=.015, OR(95%CI)=0.29 (0.08, 1.07), TT: f=-1.55,
SE=0.51, z=-3.05, p=.003, OR(95%CI)=0.21 (0.06, 0.81)).

4.4.8 Providing in-depth information. There is a significant main
effect of disclosure visualization p < 0.001. Post hoc compar-
isons showed that the Chatbot visualization was significantly
better at providing in-depth information compared to the other
three visualizations: Textual Disclosure (f=-3.58, SE=0.60, z=-5.99,
p<.001, OR(95%CI)=0.03 (0.01, 0.13)), Role-based Timeline (f=-3.49,
SE=0.59, z=-5.88, p<.001, OR(95%CI)=0.03 (0.01, 0.15)), and Task-
based Timeline (f=2.95, SE=0.58, z=5.10, p<.001, OR(95%CI)=19.12
(4.15, 88.03)).

4.4.9 Providing an understanding of specific steps in the process.
CLMM results for providing an understanding in specific steps in
the process also revealed a significant main effect of visualization
type p < .001. Post hoc comparisons showed that the Textual Disclo-
sure performed significantly worse than all other visualizations at
showing the specific steps: Role-based Timeline (f=-1.65, SE=0.48,
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Figure 12: Perceived Al involvement per role by visualization and collaboration ratio. Significance bar in black refer to significant
main effect of visualization. Dashed line show average value per article version.

z=-3.42, p=.002, OR(95%CI)=0.19 (0.05, 0.69)), Chatbot (f=-1.05,
SE=0.45, z=-2.33, p=.030, OR(95%CI)=0.35 (0.11, 1.15)), and Task-
based Timeline (f=-2.54, SE=0.51, z=-5.01, p<.001, OR(95%CI)=0.08
(0.02, 0.30)). Additionally, the Task-based Timeline was significantly
better at showing the specific steps than the Chatbot (f=-1.50,
SE=0.48, z=-3.09, p=.004, OR(95%CI)=0.22 (0.06, 0.80)).

4.4.10 Gaze duration. A linear mixed-effects model showed a
significant main effect of disclosure visualization, F(3,57) = 31.4,
p<0.001, partial 7%=.62. Fig. 14 shows the distributions of all gaze
features, with significance bars from LMMs. Post hoc comparisons
showed that the Chatbot had significantly longer gaze durations
than all other visualizations (all p<0.0001), with very large effect
sizes (vs. RT: d=2.58, vs. TD: d=2.41, vs. TT: d=2.52). Which is in
line with the time spent on the surveys (Sec. 4.4.1), and with the ex-
pectations as the Chatbot required more interactions. Additionally,
individuals with higher Al literacy score had longer gaze durations
(B = 23.57, p = .019), while users with more ChatGPT experience

had shorter gaze durations (f = —18.95, p = .013), as more experi-
ence requires less time to process information.

4.4.11 Fixation duration. A significant main effect of disclosure vi-
sualization was also found for fixation duration, F(3,57) = 45.96, p <
0.001, partial 7%=.71. Participants had significantly longer fixations
for Role-based Timeline than all other types (all p < 0.001, vs. TD:
d=3.27, vs. C: d=3.15, vs. TT: d=1.99). The fixations on Task-based
Timeline were also significantly longer compared to Textual Dis-
closure (p < 0.001, d = 1.28), and Chatbot (p < 0.001, d = 1.16). The
Chatbot did not differ significantly from Textual Disclosure. Partic-
ipants with more experience in using ChatGPT had a significantly
shorter fixation duration (f = —19.45, p = .002).

4.4.12  Fixation count. There was a significant main effect of dis-
closure visualization for fixation count, F(3, 57) = 44.85, p < 0.001,
partial #%=.70. The Chatbot had significantly more fixations com-
pared to all other visualizations (all p < 0.001, vs. TD: d=2.69, vs.
RT: d=3.22, vs. TT: d=2.98). The fixation count was also influenced
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Figure 13: Plots of response variables per disclosure visualization.

by the Al literacy of the participants, as a higher literacy had an
increase in fixation count (f = 69.26, p = .021).

4.4.13  Saccade count. For saccade count there was also a signif-
icant main effect found, F(3, 57) = 34.44, p < 0.001, partial n%=.64.
Similar to fixation count, saccade counts were significantly higher
for Chatbot than all others (all p < 0.001, vs. TD: d=2.33, vs. RT:
d=2.85, vs. TT: d=2.59). For this feature, both ChatGPT experience
and Al literacy were significant covariates. Al literacy increased
the saccade count (f = 66.05, p = .046), while ChatGPT experience
decreased this count (f = —49.89, p = .045).

4.4.14 Saccade length. There was a significant main effect of dis-
closure visualization, F(3, 57) = 11.11, p < 0.001, partial r]zz.37. Post
hoc test showed that Role-based Timeline had significantly longer
saccades than all other visualizations (vs. TD: p < 0.001, d = 1.33,
vs. TT: p = 0.003, d = 1.06, vs. C: p < 0.001, d = 1.75).

4.5 Qualitative results

We analyzed the data with deductive thematic analysis [12]. Two
authors separately analyzed the qualitative data before meeting to
discuss our analysis. First, we coded it according to the interview
questions. Then within each topic, we analyzed emerging themes.
Recurring ideas across participants were noted down, but due to the
semi-structured nature of the interview, it is important to mention
that if a participant did not mention something, it does not mean
they disagree. Participants are labeled P1-P32. Four themes emerged:
initial interpretations of the visualizations, preferences for different
designs, reflections on interactivity and information structure, and
disclosures in real-world news contexts.

4.5.1 Interpretation of the visualizations. The initial reaction of
participants on the disclosures was overall positive. They were
described as “useful and helpful for the average consumer reading the
news” [P19], and “illustrative, functional” [P30]. Three participants
mentioned they had never seen these kinds of visualizations before
“I hadn’t really seen those before, so I was kind of surprised by them.
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Figure 14: Plots of gaze features per disclosure visualization.

And I was just curious to see what was done by journalists and what
was done by an Al tool” [P14]. Four participants appreciated the
transparency “I think it’s nice to be transparent about Al use” [P4].

Participants also reflected on how the visualizations shaped their
understanding of how the article was created. Seven said they could
not initially tell Al was used “I didn’t really have an idea on what
was done by Al and what was done by the journalist” [P14]. For
six others, the visualizations matched their expectations “this is
written by Al and then the visualization confirmed it for me” [P17].
Additionally, two participants mentioned the visualizations created
more nuance “It still made me change from the opinion that this was
an Al generated article to actually a blend of Al and human generated
article” [P16]. However, two other participants also expressed some
skepticism “if it’s stated like a journalist wrote an article, 'm not sure
whether to believe that or not” [P1], “I feel like some parts were not
true. Maybe it’s just the wording in it” [P9].

4.5.2  User preferences per disclosure visualization. Overall, prefer-
ences were divided, but clear patterns emerged. Task-based Time-
line was most frequently ranked first, described as “the best com-
bination of informative, in-depth and visually clear as well. So it
immediately provides you an overview” [P25]. Yet, nine participants
overlooked the hover interaction, with several stating they “didn’t
know [it] was interactive” [P5]. Some disliked the interaction en-
tirely, “I didn’t like having to hover. If you're going to do a visualiza-
tion, then just show it directly” [P7]. Suggestions included changing
the element to “a small text, above or below the circles, that you could
click if you wanted to dive deeper” [P25]. Role-based Timeline was
also frequently favored, as it was clear and easy to understand: “the
level of AI against human input is clearly stated here” [P32], and
“the pictures make it more easy to understand” [P27]. Participants
also liked that “it gives a good overview and it’s to the point, you
don’t have to hover” [P20]. Still, others found it less detailed than
the task-based version, “it did not provide as much detail as the
task-based timeline” [P16], and potentially misleading, “it gives you
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the idea that the roles are done half half, then you need to read it”
[P12].

Chatbot was described as most informative, valued for depth
and transparency: “I liked the ability to interact with it...it could
explain what Al can do. It has so many possibilities to really go in
depth, and especially with journalism, I'd like it to be very transparent
and adherent to integrity” [P11]. It was also appreciated for giving
control: “it was nice to be given the option to consume the information
that you are interested in” [P31]. However, it was often critiqued as
overwhelming, “a bit too much information. I'm not sure if people
are really going to read this” [P8], and some struggled to navigate
between questions. It was seen as clear and novel, but lacking an
overview. By contrast, Textual Disclosure was often ranked lowest,
described as “too textual, looks like a legal disclaimer rather than an
informative thing” [P10]. Others noted it “didn’t grab my attention”
[P11] and was “not very detailed” [P16]. Still, seven participants
valued its simplicity, “it has a short overview of all the information
needed” [P14], appreciating that it was easy to understand.

4.5.3 Interaction style and information structure. Preferences re-
flected broader design considerations: interaction style (static vs.
interactive) and information structure (role-based vs. task-based).
Nine participants favored interactive disclosures for exploration
and engagement, e.g., “I understand the process better when it’s in-
teractive because you actively click on something because you want
to know what happened” [P3], and control of information was ap-
preciated “you can look for more information if you want it” [P15].
In contrast, six participants favored the static disclosures for the
overview and completeness. Some doubted they would interact
with it on a news page “I don’t think it’s really used if it would be in
an article” [P5] and liked having “all the information already printed
out in a schematic way. So it’s good that you don’t need to even move
a finger to get other information” [P10].

Participants were also divided in their preferences for repre-
senting information as role or task-based. Fourteen participants
preferred role-based structures, “I was more concerned about the
roles since I already knew the steps” [P10]. On the other hand, eleven
participants preferred the task-based structures “I felt the process
depicts a timeline better” [P31]. Remarkably, familiarity with the
journalistic workflow shaped preferences. A participant with writ-
ing experience preferred task-based information: “Because I write
articles. So then I want to know what they did and every step” [P15].
This suggests that disclosure visualizations should account for vary-
ing levels of domain familiarity among news readers.

4.5.4 Al disclosures in real-world news. Participants reflected on
how these disclosures might influence their engagement with news.
Five noted the impact would depend on the topic, especially political
or societal issues: “then I think it’s really important some things are
properly fact checked. And then I would want to know who did what”
[P11]. Thirteen emphasized disclosures as more important in high-
impact contexts, “especially who has done the research” [P8] and “the
specific steps in which Al is involved become way more important”
[P25]. Nine participants wanted more detail about article creation,
for example: “if it’s more high-impact... then I would want to know if
Al made that assumption or a person” [P30]. Two stated they would
not read Al-generated news at all: “I wouldn’t want to read an article
that would be partly created by Al if it would be a critical article.
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Because I think you should think about the impact that an article can
make. So then I think it is more wise to only have a journalist write it”
[P5]. In contrast, two participants did not care about Al usage: “I
don’t really want to know if the Al did it or the human did it. I don’t
care actually” [P2]. Two others said they would scan more quickly
if they knew an article was Al-written. At the same time, eight said
disclosures would make them read more critically, “if you see how
much Al has done... you might become a bit more critical or pay more
attention” [P21]. Two others noted the visualizations gave them a
better sense of Al’s capabilities: “it made me realize that Al could do
a lot more than I thought” [P18].

Fifteen participants would like to see such visualizations on news
platforms, as “transparency is really important” [P17]. However, five
expressed skepticism, they mentioned “It’s like a romantic idea
of journalism and investigative journalism still being very much
primarily human based. If I were to see an Al label, I'd probably
become skeptical” [P11]. Two said they might even stop reading
outlets that disclosed Al usage: “I would steer more towards other
platforms or news sites if I knew that that platform uses AI” [P5].
Placement preferences were divided. Fifteen wanted disclosures
upfront for ethical transparency, e.g., “I think it’s more ethical to
make people aware as soon as possible” [P11]. Eleven preferred them
at the bottom to avoid distraction: “I think it takes away from the
article if you immediately show this was generated with AI” [P30]. A
few suggested optional or hybrid approaches, such as “a small icon
above the article and then the full visualization under it” [P25], or
side placement “just because sometimes maybe you don’t finish the
whole article” [P4].

5 Discussion

5.1 How can we visually represent the ratios of
human-AI collaboration output in news
production and beyond?

A primary goal of this research (RQ1) was to explore how hu-
man-AlI collaboration in news production can be effectively com-
municated to readers through visual disclosures. To address this,
we drew on principles from HCI and Information Visualization, and
involved designers and HCI experts in co-design sessions. These
sessions generated 69 design ideas, spanning both static and in-
teractive formats, and explored a wide design space of how to
represent human-Al collaboration ratios. Despite this broad scope,
we found two overarching strategies emerged: ratio-focused and
process-focused. Ratio-focused designs emphasized proportions
through familiar visual methods such as pie charts, bar charts, per-
centages, or stamps, echoing common ratio visualizations used in
media [7, 93]. Process-focused designs instead emphasized the steps
taken by journalists or Al, aligning with Wittenberg et al. [115]’s
framework for process-based disclosures. While these approaches
reveal complementary ways of framing human-AI collaboration for
readers, a key challenge across designs was how to communicate
“who did what” without overwhelming readers with detail, a point
reminiscent of how consent banners (e.g., cookies for accepting
General Data Protection Act) can exhibit dark patterns [42, 77],
with users getting habituated to such consent interfaces [45]. As
such, designers in our study explored varying levels of information
depth, from simple overview visualizations to multi-layered designs,
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drawing on principles of progressive disclosure [97]. Furthermore,
this draws on Burrus et al. [15]’s approach, who argue that readers
should be informed without overwhelming them with technical
details. While we find that there is no one-size-fits-all solution to
visualizing human—AI collaboration in news articles, we find that
such visualizations must balance: (1) proportional representation
of human and Al contributions, (2) process-based explanations of
how those contributions were made, and (3) levels of information
detail that can support readers with different engagement goals
and Al literacy levels.

Taken together, we contribute an initial design space where
we consider nuanced approaches in Al system disclosure design,
with the objective of clearly communicating human-ATI collabora-
tion. This is to ensure readers to make more informed judgments
about credibility and accountability. While our scope was limited to
these designs, our work raises questions about optimal disclosure
placement (cf.,, [69]), layering, and device as well platform-based
disclosure adaptation, since for example disclosures that work on a
desktop site may not easily translate to mobile or social media feeds.
Furthermore, beyond textual content, these early visualizations pro-
vide a starting point toward adaptation to other modality-dependent
approaches, for example provenance indicators for Al-edited im-
ages [106], timeline visualizations for video production [56], or
even metadata encryption in audio files [105]. We believe our work
serves as a key starting point for ensuring more nuanced disclosure
design in this era of blended work [22], within journalism and be-
yond. This includes key domains such as science communication or
within educational activities, where transparency about human-AI
collaboration is equally important [44, 114, 118]. For example, simi-
larly to how journalists would carefully disclose their usage in a
given format, we believe the same process can be applied towards
AT usage disclosure for academic manuscripts, medical practition-
ers, and possibly any domain where Al usage is (a) composed of
tasks with differing influences of Al contributions (b) (eventually)
governed by the need for disclosure (e.g., through policy or best
practices). In a future where combinations of humans and AI (cf.,
[108]) will increasing become a de facto standard, our work takes
a leap toward envisioning a media ecosystem where audiences
(whether news consumers or otherwise) are not only told that AT
was involved, but can meaningfully understand and evaluate its
role, in a usable manner.

5.2 How do different disclosure visualizations
communicate human-AI collaboration to
readers?

We evaluated four human-AlI collaboration disclosure visualiza-
tions on user perception (RQ2) in a lab-based study combining
eye tracking, questionnaires, and interviews. We found that partici-
pants distinguished between high and low AI contributions across
all designs (Fig. 11), validating disclosures as effective tools to com-
municate collaboration dynamics. This echoes Zier & Diakopoulos
[120], who state that showing both human and Al involvement is
necessary to demystify assumptions about Al Overall, all visual-
izations were rated positively, but each revealed distinct strengths
suited for certain purposes or contexts. Surprisingly, the visualiza-
tion format itself influenced how readers attributed human and
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Al roles. For primarily Al-written articles, the Task-based Time-
line made readers see greater human involvement for writing the
entire article, while Role-based Timelines shifted primarily human-
written articles towards the perception of more Al contribution. At
specific role level, only fact-checking was perceived with more Al
involvement due to the Role-based Timeline, in both context. These
amplifications show that disclosure designs (likely in leading users
to focus on different aspects of the information and visual design)
do not just communicate information but can actively alter the
balance of human and AI contribution understanding, depending
on how roles and tasks are represented.

Additionally, Al literacy and ChatGPT experience influenced
perception of human-AlI collaboration and visual engagement. Indi-
viduals with higher Al literacy demonstrated longer gaze durations,
and more fixations and saccades, but perceived less Al involvement
to headline creation and topic selection. This indicates to a more crit-
ical evaluation. However, more experienced ChatGPT users spent
shorter time, and had fewer and shorter fixations and saccades, but
attributed more Al involvement to topic selection. These findings
reveal that the communication of human-Al collaboration by a
visualization also depends on the readers’ experience and literacy.
Below we list findings related to each of our visualizations:

Textual Disclosure is a more collaborative focused resemblance
of current platform labels, but was often described as too general
or overlooked. Eye tracking confirmed this with shorter fixations
suggesting scanning rather than deep processing. Participants de-
scribed it as “too textual” or “like a legal disclaimer” (Section 4.5.2),
which helps explain why it was least effective at conveying work-
flow steps or providing an overview. Additionally, it highlights the
importance of Epstein et al’s [31] observation that the language
used in labels has an immense influence on user perceptions. Al-
though a common format nowadays, our findings suggest that it is
not the most effective in communicating human-Al collaboration.

Role-based Timeline provided a significantly better under-
standing of the steps, also without requiring any user interaction.
Participants valued its static format for quick scanning, and eye
tracking data indicated longer fixations and broader eye move-
ments. Both timelines were perceived significantly clearer than the
Chatbot and Textual Disclosure, and the Role-based Timeline was
also seen as easier to understand than Textual Disclosure, which
was also supported by qualitative findings (Section 4.5.2). However,
icons sometimes suggested a more balanced collaboration than in-
tended, showing the need to refine the design to avoid misleading
readers. Furthermore, this visualization may not easily scale toward
representing multiple journalists and other editorial roles, as roles
executed in parallel would disrupt the linear sequence and can then
result in visual clutter. As Altay & Gilardi [2] note, distinctions
between human and Al contributions must be very clear so users
do not overestimate or underestimate AI’s role.

Chatbot enabled in-depth exploration through progressive dis-
closure [97] which gave users more control. It lead to the longest
dwell times and highest fixation and saccade counts, indicating
high engagement, but not necessarily more information processing
per element. Quantitative findings showed it was the most infor-
mative, but also significantly harder to understand than all other
visualizations, confirming interview comments that it could feel
overwhelming (Section 4.5.2). While valued in high-stake contexts,
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some found it offered too much to read, where its lack of immediate
overview could additionally discourage casual news readers. This
aligns with Burrus et al’s [15] perspective of cautioning against
overloading users with technical detail.

Task-based Timeline provided a good overview, insight into
specific steps, and was most frequently preferred. Questionnaire
and gaze data indicated effective information processing. However,
the hover interaction was not always discovered, suggesting further
refinement by replacing hover with inline text (Section 4.5.2), again
aligning with Burrus et al. [15] to inform users without too much
technical detail.

To summarize, we find that effectiveness depends on the intended
use and context. Textual disclosure is familiar, and while increas-
ingly pervasive across work practices [22], is the least effective in
communicating collaboration. Timelines provide strong overviews
and insights into the specific steps of the process, where we believe
this is generally suitable for human-AI collaboration tasks with
(currently) clear workflows (e.g., producing an academic research
manuscript [29], or practicing design work [66]). For high-stake
articles, and more generally safety-critical domains (e.g., medical
Al systems [73]) that may require detailed information, the Chat-
bot would be most effective. The amplification effects raise the
question: do disclosures simply inform readers, or do they also re-
frame how AT’s role is understood? Our findings show that design
choices can tilt perceptions toward human or Al involvement, mak-
ing disclosures active framings of contributions rather than neutral
sources of information. This is in line with recent research that
positions framing as a core dimension of design practice, actively
shaping narratives, not just showing data [92]. To that end, if we
are to maximize both transparency and usability, disclosure formats
should be adapted to a news article’s topic, desired information
depth, and the intended level of reader engagement. However, we
caution about blanket personalization of disclosure visualizations
and instead recommend consistency, specifically due to any risks
of end-user misinterpretation especially should disclosures be used
within sensitive settings (e.g., patient-centered health care [80] and
medical Al system design [73]).

5.3 Design considerations

Placement as a balance between visibility and bias. Partici-
pants were divided on whether disclosures should appear at the
beginning of articles to encourage critical reading or at the end to
avoid introducing negative bias (Sec. 4.5.4). Prior studies show that
Al-labeled headlines are perceived as less accurate or less shareable
[2, 39, 103], reflecting the transparency dilemma where disclosures
intended to increase trust instead end up eroding it [89]. Whether
our human-AI collaboration visualizations, which are more de-
tailed, influence users similarly remains an open question. How-
ever, it does raise the consideration of how to design disclosures
so they are visible enough to support critical engagement without
introducing unintended bias (cf., progressive disclosures [97]), and
whether other means such as toggles may be more suitable.
Disclosure formats and stake dependence. Although our user
study stimuli consisted of only low-stakes articles, our qualitative
findings support Gamage et al. [38]’s findings, where we found that
participants considered stake contexts in news articles, which often
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demanded different formats. For low-stakes articles, a simple textual
label may suffice, even if less effective overall. While high-stakes or
sensitive topics may require more detailed visualizations, such as
timelines or a chatbot format (Section 4.5.4) to provide more nuance
and accountability. News organizations could consider developing
internal guidelines to match disclosure formats to article type and
stake dependence, similar to editorial policies.

Supporting Al literacy through disclosures. Several partic-
ipants reported becoming more critical readers or more aware of
AT’s capabilities after seeing the disclosures (Section 4.5.4). This sug-
gests that disclosures may function as implicit Al literacy (cf., [110])
interventions. Repeated exposure could increase literacy dimen-
sions such as understanding, detection, and ethical awareness, in
line with the commonly used Meta AI Literacy Scale (MAILS) [17].
While not necessarily designed as educational tools, meaningful
human-AI collaboration disclosure designs could have the added
benefit of increasing Al literacy among audiences with limited
GenAlI knowledge.

Disclosures for Al-generated disclosures. Despite our de-
tailed visualizations, some participants still questioned the truth-
fulness of the disclosures themselves 4.5.1. Given that LLMs can
hallucinate or fabricate believable but incorrect information [57],
this raises concerns for any Al-generated disclosures, most promi-
nently Chatbot-based disclosures. In this regard, Al-generated dis-
closures raise a new problem: what if the disclosure itself is either
subject to AI hallucination or deliberately populated with incor-
rect information? Does this necessitate an additional disclosure on
the Al-generated disclosure? Future work should explore how to
prevent disclosures from becoming sources of misinformation by
indicating how, by whom, and with what information they were
created, and by investigating how trust indicators can aid users in
evaluating their accuracy and trustworthiness.

Encoding disclosures into provenance signals Al usage de-
tection across modalities such as watermarking [63], structural
marking [10], metadata standards [106], or cryptographic signa-
tures [64] are key steps toward detecting Al-generated content, but
typically do not include human-AI collaboration ratios. For exam-
ple, prior work on metadata standards like C2PA have shown that
provenance labels can improve trust [106], whereas others such as
TransparentMeta [105] aim to encrypt transparency and attribution
metadata directly into audio files. Our findings open the possibility
of extending provenance frameworks to include metadata on how
humans and AI collaborated across tasks and roles, and to encode
these disclosures as machine-readable provenance signals.

5.4 Limitations and future work

First, it can be argued that since we are concerned with the news
production cycle, we should have adopted a more participatory Al
approach (cf,, [9, 46] where we involved journalists directly, as this
may limit insights into the feasibility of implementing such disclo-
sures within editorial workflows. However, this was intentionally
scoped as our study was primarily focused on establishing whether
and how readers make sense of human-AlI collaboration disclosure
visualizations, before turning to questions of journalist adoption
and/or their preferred methods of disclosure creation. Nevertheless,
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we believe this provides a rich avenue for future work: from estab-
lishing how journalists would like to disclose Al usage, to testing
disclosure visualizations on live news platforms, and across articles
spanning low and high stakes, and with keeping the target demo-
graphic in mind (e.g., race or gender [19] or political orientation
[4]). Another cautionary aspect: while it is known that LLM users
do engage in passive non-disclosure or active concealment of the
usage of AI [119], this may not necessarily generalize to journalism,
where trust and accountability are crucial. Therefore, we contend
that for true adoption, collaborations with journalists and news
organizations will be essential to evaluate workflow integration
and feasibility with respect to this emergent type of Al disclosures.

Third, our study was limited to evaluating only four prototype
designs. While these were selected to create diverse visualizations
and keeping the amount feasible for evaluation, other design ideas
were generated which can be further explored. Additionally, all
prototypes communicated the same core information about human
and Al contributions, but differed in the level of detail provided.
In particular, the Chatbot enabled users to retrieve more details
through the layered predefined questions, incorporating progres-
sive disclosure (cf., [97]). This difference in information granularity
was intentional to explore how readers respond to varying disclo-
sure formats that naturally present different information depths.
This choice ensured diversity in disclosure design, despite introduc-
ing a potential confound. Moreover, our disclosure designs were
restricted primarily to textual news content, where we do not ex-
amine multimodal disclosures (e.g., in audio, images, or video). For
example, image-based disclosures such as C2PA visual provenance
approaches were not explored, where embedding C2PA provenance
labels in images has shown to improve trust in Al-generated con-
tent [106]. Fourth, there are clear limits to our ecological validity;
despite that our study was conducted with a controlled web ap-
plication, and aimed to mimic web news consumption, this does
not fully reflect the context of real-world news platforms, which
also include branding that may influence trust [68]. Relatedly, our
study only explored short-term effects of Al disclosures, where it
remains future work to better understand the long-term impact
of repeated exposures to such disclosures, where participants may
get desensitized and stop noticing or reading them after the initial
short-term engagement (cf., [39]).

Finally, given that users have different disclosure visualization
preferences (cf., [88, 111]), it is worth asking to what extent media
organizations should personalize these disclosures to end-users vis-
iting their websites. While newsrooms can assess user preferences
and tailor such interfaces, with a manageable workflow should such
metadata tagging become standardized, the real risk lies in differing
interpretations communicated, where Al roles and contributions
can be more/less amplified depending on the disclosure visualiza-
tion. This may pose risks to news organizations, especially given
that prior work has shown that Al-generated news is perceived
as less credible [70], and differences in trust with some disclosure
designs more than others [38, 88], even if limited to high stakes
scenarios. Nevertheless, we speculate that while in the future users
may have a minimal (standardized) disclosure visualization avail-
able for all, there could be optional expansion layers of tailored
visualizations for readers that desire this. This would provide a
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combination of media transparency, user control, and importantly,
editorial consistency.

6 Conclusion

This work aimed to examine how human-AlI collaboration in news
production can be communicated and perceived through visual
disclosures. Based on co-design sessions (N=10), we derive four
disclosure visualizations and evaluate them in a controlled within-
subjects lab study (N=32). We examined how these disclosure vi-
sualizations (Textual, Role-based Timeline, Task-based Timeline,
Chatbot) and collaboration ratios (Primarily Human-written vs. Pri-
marily Al) influenced visualization perceptions, gaze patterns, and
post-experience responses. We found that (a) all prototypes effec-
tively communicated human-AI collaboration output ratios, but for
varied purposes; (b) textual disclosures were least effective in com-
municating human-Al collaboration; (c) Role-based and Task-based
Timelines provided clearer overviews of editorial steps, while the
Chatbot offered the most in-depth information; and (d) role-based
timelines amplified Al contribution in primarily human-written
articles, whereas task-based timeline shifted perceptions toward
human involvement in primarily Al articles. Our work provides em-
pirically validated human-AI collaboration disclosure prototypes®
and design considerations that can support researchers, practition-
ers, and news organizations in creating more nuanced disclosures.
Through such disclosures, we envision a future where human and
AI contributions can be better captured and communicated, espe-
cially for critical domains such as journalistic editorial processes.

Al Usage Disclosure Statement

To align with the disclosure practices we investigated, we conclude
with a disclosure statement of our own collaboration with Al (see
Fig 15). This illustrates how human-AI collaboration disclosure
visualizations could also be adapted to research, with five research
phases commonly used in HCI [29]. We emphasize that the intellec-
tual framing, initial content created, critical perspectives, and final
interpretations and crafting of the discussion, remain our own.

& [ B || O u

Research . X Analysis & Dissemination
Planning Prototyping Data Collection Synthesis &_ .
Communication
Humans Humans Humans Humans Humans wrote
searched developed conducted both  executed all content
;‘lelevant prototypes expfenments (co- qualltlatlvle and GPT-5 and
iterature, and design + lab quantitative Claude (Sonnet
created study study) analysis, and 4) were used in
design & interpreted !
materials findings certainy pa_rts o
refine clarity,
GPT-5 and Condens was suggest
Claude (Sonnet used to structure for
4) were transcribe arguments and
occasionally interviews. GPT- enhance
used to 5 was readability
summarize occasionally
papers or clarify used for code
concepts debug

suggestions

Figure 15: Task-based Timeline to disclose our AI usage.

8GitHub: https://github.com/cwi-dis/CHI2026- AlDisclosureVisualizations
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