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Informed by academic research, we welcome the opportunity to submit written feedback 

on the First Draft of the Code of Practice on Transparency of AI-Generated Content. 

 

We would first like to highlight the positive elements of the draft. In particular, the 

presence of a taxonomy that differentiates among uses of generative AI is a valuable and 

welcome choice, as it increases transparency. Simply flagging content as “AI-generated” may 

lead users to assume that the content is entirely produced by AI, even when AI played only a 

partial or assistive role (Wittenberg et al., 2024), resulting in potentially misleading 

interpretations. By contrast, a differentiated taxonomy can help users better understand the role 

played by AI in content creation. Furthermore, the inclusion of an enforcement mechanism 

allowing third parties to flag undetected or unlabelled content is also a positive feature. This 

approach enables the participation of external actors and may contribute to a more effective 

application of the regulation. 

That said, we have several concerns regarding label design, enforcement mechanisms, 

and the user-generated content value chain, particularly on social media platforms. 

 

Label Design 

How labels are designed is fundamental to the effectiveness of transparency obligations. 

Existing research on the labelling of disinformation highlights that commonly used warning 

labels can go unnoticed by users (Dobber et al., 2025; Sharevski & Zeidieh, 2023). Moreover, 

when labels are noticed, even relatively small design changes can substantially affect how users 

interpret their intended meaning (Guo et al., 2024). Users can also interpret labels differently, 

depending on the context (e.g. whether GenAI is used in the context of news or entertainment) 

(Burrus et al., 2024).  

The literature already provides useful insights that could inform the implementation of 

transparency measures (Clayton et al., 2020; Eslami et al., 2018; Hsueh & Chen, 2025; Obar & 
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Oeldorf-Hirsch, 2020; Pennycook et al., 2020; Sharevski et al., 2022; Xiao & Benbasat, 2015). 

For example, informing users about how to recognise AI-generated content in the future (Xiao & 

Benbasat, 2015), or explicitly labelling some content as human-generated (Pennycook et al., 

2020), may help prevent users from developing excessive scepticism toward online information. 

Another study found that users prefer detailed and layered disclosures because of more 

transparency (Gamage et al., 2025; Prajod et al., 2026). Prajod et al. however, also signalled a 

paradoxical trade-off between trust and transparency, finding that detailed disclosures can also 

result in lower trust scores. Much will therefore depend on the information provided, and how 

well it succeeds in signalling not only that a piece of content has been AI generated, but also 

what has been done to make sure the content is trustworthy (see also below quality labels).  

 

What information do users need 

One study found that disclosing technical details (e.g. the tools or models used) can 

increase trust (Chen et al., 2025). The same study found that a significant part of users to the 

study wanted clarity on whether an image was fully or partially AI generated, and another 

share wanted information on the content’s intent (whether to inform, entertain, etc). Information 

about the source (that is who generated the AI manipulated or generated content) was another 

piece of information that can help users in making an informed choice, as well as the presence of 

human oversight (Venkatraj et al., 2025). These findings are confirmed by Gamage et al. 

(2025), reporting that users asked for information on the image’s source, but also the AI 

software used, or an explanation of how or which parts of the image was altered. Burrus et. 

Al. found that information when and how GenAI has been used (e.g. simple auto-enhancement 

vs more complex acts of GenAI manipulation) impacted perceptions of authenticity (Burrus et 

al., 2024).  

Providing too much or overly complex information may be counterproductive, as 

information overload can lead users to ignore warnings altogether (Obar & Oeldorf-Hirsch, 

2020). Gamage et al. (2025) identified and tested four design dimensions (Label Sentiment, 

Icon/Colour, Position, and Label Detail. Relevant is also the study by Kusters et al. (2026) that 

developed 4 prototypes on disclosing human-AI collaborations, informed by the testing of 69 

disclosure designs.  
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Therefore, a key recommendation is that icons and accompanying messages should be 

tested with users prior to deployment to assess their visibility, interpretability, and overall 

efficacy. 

 

Warning vs quality labels 

On a similar note, another aspect to consider is that, as currently proposed, the label 

primarily serves as a warning, without providing information on how AI was used in the content 

production process. Introducing a more informative or “quality” label (similar to the example 

illustrated in Figure 4) that embeds (meta)data regarding how AI has been used and the 

policies/safeguards in place to make sure AI-created or assisted content is sincere could help 

users to make an informed assessment of the trustworthiness of such content. A quality-label 

approach would also help to a) address the above-mentioned trust-transparency-trade-off, and b) 

avoid a situation in which the absence of a label may mislead users into believing that a piece of 

content has been human generated. This approach finds also support in existing academic 

research. One empirical (quantitative and qualitative) study found that certification labels can be 

effective in increasing end-users trust and willingness to use AI and made concrete design 

suggestions (Scharowski et al., 2023). Again, requiring user testing prior to deployment is 

essential to avoid risks related to a lack of clarity or information overload (Obar & Oeldorf-

Hirsch, 2020)  and to account for the fact that users have different information needs in different 

contexts (e.g. political and entertainment; see Gamage et al. (2025)). 

 

Enforcement 

With regard to enforcement, the involvement of third parties is a positive feature, as it 

enables multiple actors to contribute to achieving the regulation's objectives. However, the 

absence of academic institutions and researchers from the list of eligible third parties (Measure 

2.3) does not appear well justified. 

This exclusion is particularly striking given the already recognised benefits of involving 

academia (alongside civil society and industry) in efforts to counter disinformation and related 

phenomena. EU policy initiatives themselves acknowledge the value of such multi-stakeholder 

cooperation, including the contribution of academic expertise (Cooperating with Fact-Checkers, 
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Civil Society, Media and Academia - European Commission, n.d.). Also, transparency to where 

and how unlabelled content can be report is necessary, also in relation to consumers.  

 

User-Generated Content Value Chain 

Finally, the Code of Practice appears to focus primarily on the first uploader of AI-

generated content. However, it remains unclear how the framework applies to content that is 

subsequently reposted, especially across platforms and between AI systems, editing software, 

and social media platforms. 

For example, if an AI-generated image is later edited without the use of AI and then 

reposted, should it still be labelled as AI-generated? From a transparency perspective, the answer 

is likely yes. More importantly, this raises the question of whether there are mechanisms to 

ensure that information about AI involvement (potentially embedded as metadata) is preserved 

throughout the creation, editing, and posting process. 

Responsibility in this respect should not rest solely with users. While obligations could be 

imposed through the terms and conditions of AI tools, intermediary software providers and 

platforms should also facilitate the preservation and transmission of such information, so that 

users without malicious intent are supported in complying with transparency requirements 

(C2PA, 2022). 
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