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Abstract 
Ethical tools are frequently proposed as a means to promote 
the design and implementation of responsible Artificial Intel-
ligence (AI). Yet many organizations designing and deploy-
ing AI make only limited use of ethical tools. This study ex-
plores the application of ethical tools for responsible AI in 
the media sector through four case studies conducted at three 
Dutch media organizations. Each case study involves the ap-
plication of an ethical tool to improve the responsible design, 
development, or deployment of an AI application. The find-
ings reveal that successfully implementing ethical tools is 
highly contextual, and requires more than their mere availa-
bility. Tools must be selected, adapted, or even partly devel-
oped to align with specific challenges. Additionally, success-
ful adoption of ethical tools requires organizational aware-
ness of AI ethics, knowledge of mitigation strategies, and 
governance supporting responsible AI. These insights thus 
highlight the importance of contextualization and organiza-
tional readiness for establishing a responsible AI practice. 

1. Introduction  
Artificial Intelligence (AI) is increasingly used in the media 
industry, for instance, for the automatic creation, personali-
zation, distribution and archiving of media content (Trattner 
et al. 2022; Elahi et al. 2022). This rapid development, how-
ever, raises concerns in society and the media sector itself. 
There are worries, for instance, about the creation of deep 
fakes, the spread of disinformation and extreme content 
through algorithms, algorithms reinforcing and strengthen-
ing existing biases and stereotypes, and intellectual property 
infringements by large tech companies using media content 
to train generative AI models. To address these issues, many 
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media organizations are creating or have created their own 
governance structures for the responsible design, develop-
ment, and deployment of AI applications. Yet, due to the 
fast developments in AI technologies and upcoming regula-
tions (such as the European AI Act), and because there few 
established practices for how to design, develop and deploy 
AI in a responsible way, media organizations are struggling 
with this process (Mioch et al. 2023).  
 The challenge to design, develop and deploy AI in a re-
sponsible way is not unique to the media domain. With the 
growing use of AI, in recent years, an increasing amount of 
attention has been paid to the ethical issues associated with 
AI. Many organizations and governmental bodies have for-
mulated principles and guidelines for responsible AI. For 
example, Jobin, Ienca and Vayena (2019) identified 80 sets 
of AI guidelines that had been proposed up to 2019. Whilst 
a useful start, these principles and guidelines are not suffi-
cient for realizing responsible AI in practice as they are gen-
eral and high-level, and often lack practical instructions on 
how to operationalize AI ethics in practice (Morley et al., 
2020). In the past few years, several ethical tools have been 
proposed to translate high-level responsible AI principles to 
practice (see e.g., Ayling and Chapman 2022). Ethical tools 
can take different forms, such as checklists, design methods, 
training, and prototypes. Yet, ethical tools alone still do not 
close the gap between principles and practice, as AI practi-
tioners need the awareness, knowledge and skills to deploy 
the tools that are available (Morley et al. 2023), and as re-
sponsible AI practices have certain organizational require-
ments (Rakova et al. 2021). This paper therefore aims to 
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contribute to (re-)design, the practical use and implementa-
tion of ethical tools for responsible AI in the media sector.  
 The work presented in this paper builds on previous work, 
in which we interviewed employees of Dutch media organ-
izations about their beliefs and practices about responsible 
AI (Mioch et al. 2023). The main results of this study were 
that the media organizations included in the study all saw 
the importance of responsible AI, and were all working on 
creating a responsible AI practice, but none of them had a 
fully established responsible AI practice. Although there 
was some knowledge of ethical tools within the organiza-
tions, these tools were hardly used. An important issue that 
hindered the creation of a responsible AI practice according 
to the respondents in the study, was that existing ethical 
guidelines and tools for AI were not specifically geared to 
the media context. However, it is not clear to what extent 
more media-specific ethical tools would lead to better re-
sponsible AI practices, and what else is needed to establish 
successful responsible AI practices. Therefore, in this study 
we aim to get a better understanding of what it takes to apply 
ethical tools in practice, paying attention to the suitability of 
ethical tools, as well as social, cultural and organizational 
aspects affecting the adoption and use of ethical tools. 
 The use of ethical tools to achieve a responsible AI prac-
tice in actual media organizations is a complex challenge, in 
which it is impossible to control all factors in a research 
study. Therefore, we chose to follow a Research-through-
Design (RtD) approach (Zimmerman, Forlizzi and Evenson 
2007; Stappers and Giaccardi 2017). In this approach, re-
search is conducted by creating so-called artifacts that trans-
form the world from its current state to a more desired state. 
Through designing these artifacts and studying their effects 
on the world, new knowledge and insights are gained about 
the problem and possible solutions. In this study, we per-
formed four case studies, which each involved the (re-)de-
sign and application of an ‘ethical tool’ in the context of a 
concrete AI project at a media organization in the Nether-
lands. The results of the four use cases are combined to gain 
insights and draw overall conclusions regarding responsible 
AI in media organizations. 
 The remainder of this paper is organized as follows. Sec-
tion 2 discusses related. Section 3 describes the four case 
studies. Section 4 provides a discussion of the results of the 
case studies and the insights they provide into responsible 
AI practices in media organizations. Section 5 ends with a 
conclusion and suggestions for future work. 

2. Related Work 
This study aims to assist media organizations in navigating 
the transition towards a responsible AI practice. Therefore, 

in this section we primarily focus on empirical and/or ap-
plied work on operationalizing AI ethics in general (Section 
2.1), and tailored to the media sector (Section 2.2). 

2.1 Operationalizing AI Ethics in Practice 
In the past couple of years, many tools and methods have 
been proposed to bridge the gap between high-level ethical 
principles and practice. Morley et al. (2020) proposed a ty-
pology of tools and methods enabling AI practitioners to 
translate principles into implementable design practices. 
They systematically reviewed 106 existing responsible AI 
tools and methods and mapped them against various com-
ponents of the AI development lifecycle. Other researchers 
have also conducted systematic reviews and/or proposed 
frameworks to describe ethical AI tools and methods (Or-
tega-Bolaños et al. 2024; Schiff et al. 2020; Zhou and Chen 
2023; Agbese et al, 2023; Prem 2023). Ayling and Chapman 
(2022) compared existing guidelines and ethical tools with 
validated methodologies from various disciplines, identify-
ing several gaps in the current landscape of AI ethics tools.  
 Morley et al. (2023) concluded that the tools and methods 
considered in their earlier work, did not actually close the 
gap between principles and practices, as long as AI practi-
tioners themselves do not have the knowledge and/or meth-
ods and tools to operationalize AI ethics in practice. In their 
follow-up study, they followed a mixed-methods approach 
consisting of a survey and interviews with industry profes-
sionals to examine the level of awareness and motivation of 
AI practitioners regarding ethics, and the types of assistance 
they currently have and seek when trying to implement eth-
ics in practice. One particularly interesting outcome was a 
disconnect between the availability and demand for ethical 
design resources, meaning that in all cases there were more 
practitioners that deemed ethical resources (from ethical 
principles, ethical frameworks to technical toolkits) useful, 
than there were people having access to them.  
 Rakova et al. (2021) conducted semi-structured inter-
views with industry professionals to identify common chal-
lenges, ethical tensions and organizational structures that 
currently support or hinder an effective implementation of 
responsible AI. They concluded that a lack of accountabil-
ity, ill-informed performance trade-offs and an overreliance 
on external pressure currently hinder responsible AI in prac-
tice. However, they also noticed emerging practices that are 
beneficial to steer organizations towards more responsibil-
ity, such as the use of frameworks and metrics, and the pro-
active evaluation and mitigation of ethical issues. 
 Benjamins, Barbardo and Sierra (2019) described a case 
of a large organization that introduced a company-wide 
methodology to minimize the risk of undesired conse-
quences of AI. The methodology includes AI principles, 
awareness and training, a set of questions to be asked in the 
development process, specific tools to help answering these 
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questions, and a governance process defining responsibili-
ties and accountability. They stress the importance of this 
methodology but also state that they consider their method-
ology as a starting point and that more research is needed to 
establish solid responsible AI practices.  

2.2 Responsible AI Media Practices 
In another line of work, researchers have directed their focus 
towards the media sector, recognizing the specific ethical 
considerations associated with the integration of AI into 
journalistic and media practices. Helberger et al. (2022), for 
instance, have contributed significantly by arguing for a nor-
mative perspective on journalistic AI. Their work empha-
sizes the necessity of translating normative ideals into tan-
gible responsible AI technologies in the media landscape. 
They also stress the importance for media organizations to 
create space, capabilities and financial means to invest in re-
sponsible AI. 
 Elahi et al. (2022) focus on responsible recommendation 
of media content. Recommender systems are frequently 
used AI systems within media organizations, to recommend 
users tailored content on online platforms. There is a risk 
that these systems recommend too much personalized (and 
one-sided) content, which in the long term could lead to the 
amplification of filter bubbles and polarization. Therefore, 
various researchers are examining ways to design recom-
mender systems with diversity in recommendations as a de-
sign criterion (Helberger, Karppinen and D’acunto 2018; 
Vrijenhoek et al. 2021).  
 In another study, researchers and engineers from Spotify 
describe what is necessary to move beyond literature on bias 
to implementing these insights in practice (Cramer et al. 
2018). They describe that next to research and analysis, it is 
necessary to develop processes that can be integrated in ex-
isting product cycles. Furthermore, they state that it is also 
necessary to engage with external communities to exchange 
lessons learned with one another. In this study, a case study 
is described in which voice technology could be biased by 
misrecognizing alternative spellings which are often used in 
the music industry. They suggest that crowdsourced pronun-
ciations could help to overcome this obstacle.  
 Helberger and Diakopoulos (2023) studied the implica-
tions of the European AI Act on media and journalism. Ac-
cording to them, most applications of AI in the media do not 
directly fall in the category of high-risk AI systems. How-
ever, depending on the use case, certain (mostly safety and 
transparency related) obligations hold. Therefore, it is cru-
cial that media organizations prepare and get ready for the 
upcoming regulations. In this study (Helberger and Dia-
kopoulos 2023) also propose that researchers should collab-
orate with media professionals, both “to unlock the potential 
of AI”, but also to assist in the “transfer of critical skills” to 
evaluate new innovations. 

2.3 Concluding Remarks 
We conclude that even though many ethical guidelines and 
tools have been developed, these do not always land in prac-
tice. There are multiple studies that greatly contributed to 
the systemization of the (often fragmented) knowledge, 
methods and tools available regarding responsible AI. There 
are also some studies that have researched (obstacles hinder-
ing) the application of ethical tools, but research on this 
topic is still in its early stages. Research within the media 
sector also recognizes the importance of developing estab-
lished responsible AI practices, and the current lack thereof. 
However, though many researchers stress the importance of 
developing responsible AI in practice, there is little work in 
which the operationalization of AI ethics has been re-
searched through empirical work in which ethical tools are 
applied in a realistic setting for actual real-world problems. 

3. Four Case Studies 
To better understand what it takes to implement ethical tools 
in practice, we conducted four case studies at three promi-
nent media organizations in the Netherlands. Following a 
Research-through-Design approach (Zimmerman, Forlizzi 
and Evenson 2007; Stappers and Giaccardi 2017), in each of 
these case studies, we applied an (existing, adapted or self-
developed) ethical tool to support the responsible design, 
development or deployment of an AI application within a 
media organization, in collaboration with employees of the 
media organization. Table 1 provides an overview of the 
four case studies, showing which media organization was 
involved, which AI application it concerned, which ethical 
tool was used, and which process was supported by the eth-
ical tool, respectively. The case studies all addressed actual 
ethical questions that the media companies had regarding 
the design, development or deployment of an AI application. 
 The three media organizations involved in this research 
are all prominent Dutch media organizations. MO1 is a pub-
lic organization that manages one of the largest digitized 
media archives in the world. MO2 is an all-round media and 
entertainment company, with a focus on television. MO3 is 
a public organization that coordinates the programming of 
all public media networks, channels, and platforms. All 
three media organizations signed the Declaration of Intent 
(“Intentieverklaring”) for responsible use of AI in the me-
dia sector (Media Campus 2021). The Declaration was cre-
ated in 2021 by some of the most prominent Dutch media 
organizations and signed by fifteen major media organiza-
tions in the Netherlands. It contains media-specific ethical 
principles that are based on the ethics guidelines for trust-
worthy AI from the European Commission (HLEG 2019). 
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 The AI applications and ethical tools were selected in 
close collaboration with the respective media organizations. 
This selection process generally involved that we presented 
our aims and ambitions to our contact person(s) at the media 
organization, that they subsequently presented one or multi-
ple AI applications they were currently working (sometimes 
after an internal inquiry), from which we, as researchers, and 
the media professionals collaboratively selected an AI ap-
plication. Subsequently, as researchers, we suggested one or 
several possible ethical tools to apply to that case, from 
which one was selected, which again involved a joint deci-
sion between researchers and professionals at the media or-
ganization. This process often took about three to four meet-
ings, which were needed to establish common ground, com-
municate goals (researchers), make internal inquiries (media 
professionals), sometimes finding the right people (media 
professionals), and research possible tools (researchers). We 
tried to stay as close to the wishes and needs of the media 
professionals as possible. Although this made it harder to 
control the direction of the research, it helped to establish 
trust and willingness to cooperate from the media profes-
sionals, and it also helped to work on case studies that were 
relevant, timely and realistic. 
 The case studies were performed by different researchers 
in parallel. There were regular meetings among the research 
team to update each other on progress and to exchange ex-
periences. The outcomes of one case study may have influ-
enced other case studies, but they were not explicitly used 
to inform the next case study. In the remainder of this sec-
tion, we describe the four case studies in more detail. 

3.1 Case Study 1: AI Impact Assessment for 
Speaker Labeling 
Use Case  
This case study concerns the (automatic) labeling of speak-
ers at MO1. MO1 is a public service media organization that 
creates and maintains a large archive of audiovisual and 
other media-related content. Part of the archive is a database 
that includes information (meta-data), amongst other things, 
on who is speaking at each timestamp. These labels are au-
tomatically produced by an AI model and used internally 

and externally. This information can be used, for instance, 
to investigate the representation of various groups in televi-
sion shows, e.g., the gender balance of guests in a specific 
talk show. Another use of the AI-produced labels could be 
to follow the career of a single actor, producer or comedian. 
 At the time of this case study, MO1 was outsourcing the 
process of building, maintaining, and deploying the AI 
model labelling speakers to a supplier. The contract with 
their supplier was about to expire, and the organization had 
to decide whether to renew the existing contract, switch to 
another supplier, or develop an in-house AI model for 
speaker labelling. According to MO1, strategic decisions 
such as this one were typically made “on the fly”. They 
were, however, aware that the decision involved ethical con-
siderations, and they were interested in using an ethical tool 
to support the decision-making process. 
Ethical Tool  
The ethical tool selected in this case study concerns the 
Dutch national government's AI Impact Assessment (AIIA) 
(Government of the Netherlands 2023). An AIIA usually 
consists of a list of questions that can be used to evaluate the 
impact of a specific AI system. An AIIA seemed to be a use-
ful tool for this situation, as MO1 wanted to consider multi-
ple options for the AI application and understand its impact 
and related ethical issues in a broad sense. The AIIA from 
the national government was chosen specifically because it 
was one the most up to date AIIAs available at the time (con-
sidering the drafts of the AI Act at the time). Moreover, it 
was an adaptable AIIA, and provided suggestions for how 
to adapt it for specific purposes.  
 To prepare the deployment of the AIIA, the researchers 
and a media professional at MO1 determined how they 
wanted to use the AIIA. The list of questions in the AIIA is 
divided into three categories: (1) blue questions that are 
mandatory to facilitate a conversation about the desirability 
of the AI system; (2) green questions, which are more con-
crete and case-dependent follow-up questions; and (3) red 
questions that are specifically tailored towards high-risk AI 
systems (as indicated by the drafts of the AI Act). For each 
question, the researchers and the media professional deter-
mined its relevance for this case and whether to include it or 

Case 
study 

Media  
Organization 

AI application Ethical tool Supported proces 

1 MO1 Speaker labeling AI impact assessment (Govern-
ment of the Netherlands 2023) 

Procurement and development 

2 MO2 Music selection AI impact assessment  
(ECP 2018) 

Evaluation and deployment 

3 MO2 Speech recognition Interactive model cards  
(self-developed) 

Measurement and documentation 

4 MO3 Content recommendation Prototyping (self-developed) Design ideation 
     

Table 1: Overview of the four cases studies. 
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leave it out. Furthermore, questions were ranked by priority. 
The subjects ‘fundamental rights and fairness’, ‘accounta-
bility’, ‘technical robustness’, ‘data governance’ and ‘risk 
management’ were picked as the main topics to discuss in 
the workshop. 
 The AIIA was used in an in-house ethical workshop at 
MO1 with twelve participants, consisting of employees 
from MO1 with varying expertise, researchers and graduate 
students. At the beginning of the workshop, two short 
presentations were given: (1) an employee of MO1 intro-
duced the AI system, explaining how it worked and how 
they used it; and (2) a researcher explained the ethical tool, 
including the modifications that were made. Then, two 
groups were formed. The first group focused on the tech-
nical challenges, while the second group focused on the so-
cial, ethical and legal challenges. The workshop was hosted 
in a creative collaboration room, to enable participants to get 
out of their regular working flow and engage in meaningful 
ethical and strategical discussions to steer the project's fu-
ture direction. The results of the workshop were captured in 
a detailed report by the researchers. 
Outcomes  
During the workshop, several important ethical issues were 
discussed, among which: fundamental rights and fairness; 
technical robustness, data governance and risk management; 
and accountability. The most important results were the fol-
lowing. First, the AI model showed gender bias in speaker 
recognition due to training primarily on male-dominated 
city council meetings, and while efforts were made to fix 
this, the lack of a systematic investigation of bias and lim-
ited representation of speakers from diverse genres re-
mained problematic⁠⁠. Second, the system faces several tech-
nical and governance risks, including vulnerability to adver-
sarial attacks, data poisoning risks and the risk of complete 
system failure if the supplier contract ends⁠. Third, there are 
significant accountability issues due to the dependency on 
the supplier, with the employees of MO1 lacking knowledge 
about model functionality, training data, and monitoring 
procedures. Finally, transparency in the communication be-
tween the AI model and its users needs improvement. 
 In this case study we used an existing tool, making a se-
ries of adjustments to the AIIA to better suit the purpose of 
the AI application. For example, the AIIA follows a top-
down approach. However, the AI solution in this case study 
was already in production, with an existing agreement be-
tween the organization and the supplier. We thus changed 
the dynamics and order of topics so that the main goal was 
to reveal hidden risks and potential ways to mitigate or re-
move them. The adjustments were helpful, as at the end of 
the workshop, it was clear that a series of changes in existing 
service level agreements must be included in the contract 
renewal with the supplier – to increase the model's fairness, 
technical robustness and add governance.  

 At the end of the workshop, the participants of the media 
organization mentioned there were some topics that would 
have been valuable to discuss, but that were not addressed 
by the tool. According to them, the modified tool would ide-
ally have covered more strategic considerations as well, 
such as gaining insights in a cost-benefit analysis to make 
decisions about a potential new contract with a client.  
  We conclude that using the AIIA helped to get a general 
overview of the speaker labeling application's impact. Ad-
dressing the various ethical considerations was helpful and 
gave an overall picture of what is important for this use case. 
Yet, even though the tool was modified, not all topics that 
were relevant to discuss were covered by the tool. 

3.2 Case Study 2: AI Impact Assessment for Music 
Selection  
Use Case  
The AI application in this case study concerns automated 
music selection at MO2. MO2 developed an AI system for 
music selection called ProsAIc, which it developed in-
house, in collaboration with partners. MO2 used it to auto-
matically select appropriate background music for a given 
TV program. Professionals at MO2 were aware of ethical 
issues around AI-based music selection, for instance, the 
representation of different (groups of) artists in the AI 
model, e.g. based on ethnicity, gender and popularity. Media 
professionals at MO2 had a desire to develop and deploy the 
system in a responsible way and were interested in using an 
ethical tool to reflect on that. Besides wishing the ethical 
tool would assist them in making ethical choices, they saw 
the use of the tool as an opportunity to record their ethical 
decision-making process, thus promoting accountability. 
Ethical Tool 
The ethical tool selected in this case study concerned the 
ECP AI Impact Assessment (AIIA) (ECP 2018). Like the 
AIIA in the previous case study, this AIIA consists of a list 
of questions aiming to help people to get insight into the im-
pact of a given AI system. It is, however, a different set of 
questions, organized in a different way. The AIIA of the 
EPC consists of three phases.  The first phase (step 1) is the 
necessity phase, which consists of eight questions that are 
meant to determine whether there is a necessity for execut-
ing the AIIA assessment. If at least one of these first eight 
questions is answered with “yes”, ECP advises to perform 
the full assessment. The second phase (steps 2-5) is the de-
scription phase, and consists of describing the application, 
describing the gains, analyzing ethical and legal responsibil-
ities, and analyzing the reliability, safety and transparency 
of the application. Each step contains several questions, 
some further detailed in sub-questions. The last phase (step 
6-8) is the decision and reporting phase. This phase contains 
questions that help to make decisions, document them and 
periodically evaluate them. 
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 MO2 had indicated their interest in using the AIIA, but 
that they often had to deal with time constraints. They indi-
cated that they were most likely to use an ethical tool when 
it would only cost a limited amount of time. We therefore 
decided to focus only on the first two phases (steps 1-5) of 
the AIIA, as these matched closely with the need of MO2. 
 A session was organized at MO2 to assess the impact of 
the ProsAIc AI system for music selection with the ECP 
AIIA. A group of professionals from MO2 consisting of a 
senior data science manager, a senior developer and a data 
analyst participated in the session, which was guided by a 
researcher. During the session, first the AIIA was shortly in-
troduced by the researcher, then the participants answered 
the questions in the AIIA, and finally, the participants were 
asked to answer several questions to evaluate the AIIA as an 
ethical tool. In the evaluation, participants were asked, for 
instance, which questions in the AIIA they deemed relevant 
and useful (or not), what insights they gained during the 
AIIA, and whether and why (not) they would consider doing 
an AIIA for new projects. Based on these inputs, a revised 
(shortened) version of the AIIA was made by a team of three 
researchers. The shortened version of the AIIA was eventu-
ally evaluated with MO2 to determine appropriateness. 
Outcomes  
In the final session, in which the use of the shortened AIIA 
was evaluated, the participants expressed that they were 
positive about the adapted assessment. They indicated that 
the process of adapting and applying the AIIA had contrib-
uted to creating awareness in the media organization about 
the importance of reflecting on ethical aspects in the devel-
opment and deployment of AI. There were two main reasons 
why the professionals at MO2 had not made use of ethical 
tools such as impact assessments until that point. 
 A first reason why ethical tools were not (regularly) used 
by professionals at MO2 was because of unfamiliarity and 
ignorance about the value and application of such assess-
ments. Within the media organization, there was a shared 
belief that ethical tools such as impact assessments should 
be geared for the media practice specifically. However, after 
using the adapted AIIA (which was not media-specific), 
MO2 participants expressed their value in using the tool, and 
that they no longer thought that an ethical tool should nec-
essarily be designed for a media context for it to be useful. 
 A second reason why ethical tools were not (regularly) 
used at MO2 was because MO2’s professionals were reluc-
tant to invest (much) time to ethical aspects of AI develop-
ment and deployment. They stated that as a commercial me-
dia organization, they gave priority to commercial consider-
ations, i.e., time investment versus pertained value of using 
an ethical tool. During the first session we held, it took 2.5 
hours to fill in the AIIA, which MO2 participants deemed 
too much for regular use of such a tool. During the evalua-
tion part of the session, they indicated that large differences 

in the extent to which different parts or steps of the AIIA 
they considered valuable. For instance, step 4 (“Are the goal 
and the way the goal is reached ethically and legally justifi-
able?”) was seen as most interesting, and MO2 participants 
suggested including the company’s values in this step. In 
contrast, steps 1-3 (“Determine the need to perform an 
AIIA”, “Describe the AI application”, and “Describe the 
benefits of the AI application”) were deemed of no or little 
use. During the session it took 1 hour and 20 minutes to per-
form step 1-3, whereas the MO2 participants stated that the 
information discussed in these steps was documented inter-
nally for each project, and therefore these steps felt obsolete. 
 After the experience with using the adapted AIIA, the 
MO2 participants stated that they were interested in imple-
menting it into their work processes. However, they thought 
that a reduction in time required to perform the assessment 
was key in lowering the threshold to use it. They came up 
with several suggestions for further adaptations to the AIIA 
to lower the time investment of using it. For instance, as pro-
jects at this media company were often continuations of pre-
vious projects, they suggested to make use of earlier assess-
ments if there was overlap in risk profile and ethical impli-
cations. Participants also suggested to create a company-
wide template for the documentation of the AIIA, including 
all questions and existing documentation. 

3.3 Case Study 3: Interactive Model Cards for 
Speech Recognition 
Use Case  
This case study concerns an Automatic Speech Recognition 
(ASR) system at MO2. Many media organizations use ASR 
to generate subtitles for television programs and other con-
tent. Generating automatic subtitles involves extracting au-
dio, identifying the spoken language, recognizing speech, 
and, in some cases, translating content. ASR performance 
has improved significantly in recent years, driven by the in-
troduction of end-to-end transformer-based models and un-
supervised training techniques (Radford et al. 2023). MO2 
has a platform with a popular video-on-demand streaming 
service that uses AI for various tasks, including automatic 
subtitle generation. Currently, for some shows a fully auto-
mated procedure is used to generate subtitles, while for other 
shows a semi-automated procedure is used. 
 Although the quality of AI-generated subtitles has drasti-
cally improved over the past few years, it is well-known that 
ASR systems do not work equally well for all speakers. 
Speech of young children and seniors, as well as that of peo-
ple with a (strong) accent, is often not properly recognized 
by an ASR system (Feng et al. 2023). This can result in sub-
titles containing more errors for certain speaker groups. 
MO2 therefore finds it important to evaluate the outcomes 
of ASR systems, and to correct their biases. This evaluation 
and correction process is ongoing work for MO2, because 
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of the rapid advancements in the field. Changes in the de-
ployed AI models are becoming increasingly frequent, and 
pressure media organizations to constantly replace models 
with those with better accuracy, with risks of introducing 
bias embedded in new versions.  
 In the initial phase of this case study, a bias evaluation 
pipeline was built to quantify bias for ASR systems, and was 
executed for two state-of-the-art ASRs, namely Wav2Vec2 
and Whisper (Fuckner et al. 2023). The evaluation focused 
on the Dutch language and investigated the performance of 
different groups in age, gender, speaker region and language 
proficiency. The result was a comprehensive report of error 
rates for different groups, fine-grained data containing seg-
mented audio, ground truth, generated transcripts, and met-
rics at word, character, and phoneme levels. MO2 was inter-
ested in using an (ethical) tool to disclose these results to 
stakeholders accountable for the ASR and those interested 
in the ASR system's performance.  
Ethical Tool 
The ethical tool selected in this case study were model cards. 
Model cards, proposed by (Mitchell et al. 2019), are struc-
tured documents that provide essential information about an 
AI model, such as the model’s characteristics, performance 
metrics, potential biases and harms, and limitations. They 
thus serve as a communication tool. The content of a model 
card is often provided by the developer of the AI system, 
and often, important details useful for experts and non-ex-
perts are omitted. Examples are the model performance for 
different groups and intersections, such as the ones gener-
ated by the evaluation pipeline in this case study.  
 To increase the transparency of the bias evaluation pipe-
line and broaden the target audience to non-experts, we pro-
posed a variation of model cards called interactive model 
cards (IMC). IMCs introduce different modalities for inter-
rogating the model’s performance without additional work 
from the developer (Crisan et al. 2022). The IMC allows ex-
perts and non-experts to perform quantitative assessments of 
model performance. This interface lets users compute aver-
age word error rates for different groups such as age, gender, 
region, language proficiency and different combinations of 
groups.  

 We gave a presentation about the IMCs to data scientists 
and other interested colleagues (about 20 people) in MO2. 
The team of data scientist responsible for the subtitle gener-
ation process used the model card for decision-making re-
garding MO2’ ASR system for their streaming platform. 
MO2 was considering replacing the ASR system used for 
subtitle generation, more specifically, to replace Wav2Vec2 
by Whisper. The team was aware that Whisper outper-
formed Wav2Vec2 in general, but they needed to determine 
how well the ASR performed for different groups and inter-
sections of different groups to mitigate bias. The IMC was 
used to obtain more fine-grained statistics (e.g. per groups) 

of the performance of both models, which showed that 
Whisper outperformed Wav2Vec2 because it showed 
smaller performance disparities between different groups. 
The team reported their decision to replace Wav2Vec2 by 
Whisper to the upper management, including the IMC met-
rics to justify their decisions.  
Outcomes 
The development and use of an interactive model card to in-
form decision making about ASR tools had clear benefits. 
The use of the tool supported the decision-making process 
in MO2 in choosing between multiple ASR systems, by 
providing insight into the biases of both systems in a clear 
way, also suitable for non-developers. The availability of 
performance indicators across different groups and intersec-
tions in the model card also boosted ‘productive skepticism’ 
within the team. This term, coined by (Crisan et al. 2022), 
refers to a neutral orientation towards models, not dis-
missive or over-trusting AI models. For example, checking 
how an ASR system performs based on different combina-
tions of groups or performing fine-grained checks on how 
the ASR system performs at the sentence level was useful 
for the team in understanding in which situations the system 
performs poorly.  
 The close collaboration between researchers and special-
ists from MO2 helped refine the process of selecting ASR 
systems, by creating more explicit model selection and ex-
clusion criteria based on the metrics collected from the 
model card. As part of this refinement, the team chose to 
reduce the emphasis on global performance scores and in-
stead consider a broader set of indicators related to age, gen-
der, language proficiency, accent and their intersections. 

3.4 Case Study 4: Prototypes for Content Recom-
mendation 
Use Case  
This case study describes the development of a recommen-
dation system in MO3. MO3 has a website providing rec-
ommendations for radio and television programs to the pub-
lic. Most of the recommendations on the website are hand-
picked by curators and displayed to all users of the platform, 
and a small number of the recommendations are selected au-
tomatically by a PSM recommender to match a user’s pref-
erences. During this case study, MO3 has been deploying 
this relatively limited version of their PSM recommender for 
a number of years, and they were working on developing a 
more extended version of the recommendation system. They 
had started an internal project to develop a prototype of a 
more advanced recommendation system, serving as a proof 
of concept. If the prototype would be considered successful, 
MO3 would implement the solution on their regular website. 
  As a public media organization, MO3’s recommender had 
to meet multiple requirements. To be of value, the recom-

1225



mender needed to match their users’ interests and prefer-
ences. Additionally, the recommender needed to be in line 
with MO3’s mission, which included informing the public 
and exposing them to a balanced mix of different views and 
perspectives. In other words, MO3 had to balance the re-
quirement of personalization with the requirement to pro-
vide diversity (also called pluriformity) in their recommen-
dations. More generally, MO3 faced the challenge to decide 
what criteria their recommendation system should optimize 
for, how these criteria could be operationalized, how they 
could weighed against each other, and how the recommen-
dations should be presented to the user. These decisions 
needed to be made before the system could be developed, 
since design choices have ethical implications regarding the 
way the Dutch audience is informed. 
Ethical Tool 
The ethical tool used in this case study were prototypes that 
embodied different ways to balance the requirements of per-
sonalization and diversity. We selected this tool because 
prototypes can help to facilitate a conversation between peo-
ple with different backgrounds. This was needed, since the 
decisions to be made in the design phase of the recommen-
dation system, required input of people with different kinds 
of expertise, such as content curation, UX design and tech-
nical AI expertise. Having a meaningful conversation be-
tween people with different backgrounds can be challeng-
ing, and artifacts such as prototypes can serve as a boundary 
object to facilitate such conversations (Star 1989; Van der 
Horst, Overdiek and Harbers 2023). We believed that 
providing concrete examples of various expressions of di-
versity in recommenders through prototypes would help the 
team to better express their preferences and make decisions. 
 To foster a conversation about strategic choices about the 
recommendation system, we developed four prototypes 
based on a conceptual framework on diversity in recommen-
dation systems from (Helberger 2019), further elaborated on 
in (Vrijenhoek et al. 2021). The conceptual framework con-
tained four models, which we translated into prototypes of 
recommendation systems, taking the available metadata at 
MO3 into account (Harbers, Hajri and Stembert 2024). The 
four models are the following. 
• Liberal model. This model promotes autonomy, self-de-

velopment and dispersion of power by facilitating the 
specialization of a user in an area of his/her choosing 
and by tailoring to the user’s preferences. 

• Participatory model. This model promotes inclusive-
ness, participation and active citizenship by making 
sure that different users do not necessarily see the same 
content, but they do see the same topics, the recom-
mended content’s complexity is tailored to a user’s 
preference and capability, and it reflects the prevalent 
voices in society. 

• Deliberative model. This model promotes deliberation, 
tolerance, open-mindedness and public sphere by fo-
cusing on topics that are currently at the center of public 
debate, and within those topics, presenting a plurality of 
voices and opinions. 

• Critical model. This model promotes including margin-
alized voices and defying prejudices by emphasizing on 
voices from marginalized groups. 

The prototypes showed for the different models which rec-
ommendations the system would provide and what it would 
look like for a user, making use of MO3’s own content.  
 We held a workshop in which two researchers presented 
the four prototypes to the team that was responsible for de-
veloping the new recommendation system at MO3, consist-
ing of a project manager, two content curators, two AI de-
velopers and a UX designer. After the short presentation we 
moderated a discussion in which the workshop participants 
discussed the advantages and disadvantages of the different 
prototypes, including their ethical implications. 
Outcomes 
The four prototypes evoked a lot of discussion, e.g., on di-
versity versus personalization, accuracy, privacy and trans-
parency. In the presentation of the prototypes and the fol-
lowing discussions, team members expressed their (individ-
ual) preferences and opinions in ways they had not done be-
fore. The workshop did not lead to concrete decisions during 
the workshop itself. Some participants were positive about 
the workshop and deemed it highly valuable (participants 
with a non-technical background), other participants were 
positive about the workshop and the discussion, but ex-
pressed disappointment about the fact that no decision were 
made during the workshop (the developers). 
 The development of the prototypes involved that the re-
searchers were regularly present at project meetings to un-
derstand the complexity of the case, a short presentation of 
the researchers to the recommendation system team, and a 
session to surface which metadata MO3 had available as in-
put for the recommendation system. At the start of the pro-
ject it was clearly agreed that we as researchers were not 
responsible for the (normative) decisions regarding diversity 
of the recommendation system. However, throughout the 
project, other team members were not working on it ac-
tively, possibly because they knew we were involved. 
Though we tried to engage the team in working on the ques-
tions regarding the diversity of the recommendation system, 
and they actively engaged in the discussions about it, we did 
not manage to transfer ownership of the problem to the team.  

4. Findings 
Based on the four case studies described in the previous sec-
tion (summarized in Table 1), we can draw several general 
insights into the process of implementing ethical tools in 
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media organizations to design and establish a responsible AI 
practice. In this section we discuss findings about the use 
cases, ethical tools, their application, and the organizational 
context in which they were applied.  
 The responsible AI use cases in the four case studies 
showed a great variety. First, there is a high diversity in the 
type of AI application at stake (e.g., speaker labelling in case 
study 1 and a recommender system in case study 4), and 
whether the focus is on developing a new application, eval-
uating an existing AI system, or an AI system supplied by a 
third party. There are also differences in the phase of the 
process that is being supported by applying the ethical tool 
(e.g., strategic decision-making, design, development, or de-
ployment). Another important difference between the case 
studies are the organizational structures and cultures in the 
different media organizations. For example, MO2, being a 
commercial organization, seemed to focus more on the time 
and resources of applying an ethical tool than MO1 and 
MO3, both public organizations. Case study 4 showed that 
being funded by public resources can come with stricter re-
sponsibilities regarding ethical implications, as MO3’s mis-
sion to provide diversity in information is determined by 
law. Finally, we found that the awareness and knowledge of 
responsible AI varied a lot for different people that were in-
volved in the case studies. 
 The specific characteristics of a use case, such as de-
scribed above, pose different requirements on an ethical 
tool. In literature on ethical tools for AI, however, relatively 
little attention is paid to the characteristics of a use case to 
which an ethical tool is applied. In the typology proposed by 
Morley and colleagues (2020), one of the most cited over-
views of AI ethics tools, tools are organized according to 1) 
ethical principles (e.g. beneficence, autonomy, and explica-
bility) and their requirements, and 2) seven stages of ma-
chine learning algorithm development (e.g., design phase, 
testing, and monitoring). Ayling and Chapman (2022) clas-
sified ethical tools according to which sector the authors/us-
ers were from, which stakeholder would use the tool or re-
sult, type of tool, internal or external use, stage in AI pro-
duction in which it was used, whether it addressed model, 
data or both. In a review of ethical tools, Prem (2023) clas-
sified approaches according to category (type of approach), 
ethical issue addressed, and phase in AI application devel-
opment process in which it was used. While all these re-
searchers consider phase in the development process, they 
do not consider organizational structure and culture in which 
a tool is or should be applied, or the (required) awareness 
and knowledge of people using the tools. This seems to in-
dicate a gap in current research: whereas our case studies 
showed that contextual factors highly matter in applying 
ethical tools, attention for the context in which a tool is or 
should be used is often missing in current overviews on eth-
ical tools. 

 Our results show that merely selecting a suitable ethical 
tool does often not adequately address what the situation re-
quired. Instead, our findings suggest that it is necessary to 
tailor ethical tools to the situation at hand. In the case studies 
we used modified lists of assessment questions for evaluat-
ing AI-systems of which the purpose was relatively clear 
(cases 1 and 2), self-developed prototypes if the conse-
quences of design choices were less clear (case 4), and self-
developed interactive model cards when it concerned an AI-
system that is frequently updated and consequences need to 
be documented (case 3). The process of selecting and possi-
bly modifying tools, or developing specialized tools some-
times included adding media-specific aspects (case 4), but 
tailoring the tools also largely depended on other factors. 
The specific AI technology or application, the stakeholder 
group who would use the tool, and the phase in develop-
ment/deployment process all provide requirements to an 
ethical tool. In addition to that, important factors to consider 
when selecting and/or modifying a tool include the amount 
of time people are willing or able to spend (case 2), the work 
that has already been done (case 1), or that is lacking (case 
3 and case 4).  
 The tailoring of ethical tools to specific situations has re-
ceived little attention in current literature on AI ethics. Arti-
cles introducing an ethical tool often include one or more 
examples of its application (e.g., Franzke, Muis and Schäfer 
2021). In those cases, however, the application context was 
selected for the tool. There is very little work in which a real-
world situation forms the starting point for which a tool has 
to be selected. In such situations, it is more likely that there 
is no perfectly fitting existing tool, and that it is therefore 
needed to develop or adapt an ethical tool to fit the needs of 
the specific context. As mentioned in Section 2 of this paper, 
in general, there is still limited work in which actual ethical 
tools are applied in a realistic setting for actual real-world 
problems. 
 Following the previous finding, the case studies show that 
applying ethical tools requires in-depth knowledge and 
skills. As mentioned in Section 2, Morley and colleagues 
(2023) concluded AI practitioners require knowledge and/or 
methods and tools to operationalize AI ethics in practice. 
Our results show that the required knowledge and skills do 
not only include selecting the proper tool and applying it, 
but possible also tailoring the tool to the specific situation at 
hand. This requires a good understanding of ethics, a suffi-
ciently large toolbox and the experience to go beyond pre-
defined tools. One could argue that translating ethical guide-
lines into practice requires not necessarily the availability of 
ethical tools, but rather professionals capable of designing 
and deploying context-specific ethical tools. 
 In addition to selecting, adapting and applying ethical 
tools, in all four case studies we did additional ‘invisible’ 
work as researchers, such as explaining our research goals, 
creating awareness about the importance of responsible AI, 
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and finding the right person in the organization. This work 
may seem trivial, but it took quite some time and involved 
overcoming obstacles. More than once, we encountered a 
certain level of reluctance among employees of the Mos to 
engage in ethical work. A reoccurring observation in all or-
ganizations was the desire for fast, simple and clear solu-
tions, whereas ethics involves complex processes and mak-
ing actual tradeoffs and does typically not lead to fast and 
clear solutions. Our work thus indicates that establishing a 
responsible AI practice may involve the affective labor of 
convincing others to put time and effort in responsible AI. 
This is in line with previous work, in which it has been ar-
gued that part of the work on AI ethics involves ‘being 
brave’ (Gambelin 2021) and that AI ethicists ‘require pro-
tection’ (Cocchiaro et al. 2025).  
 The openness and willingness of employees to put time 
and effort in AI ethics is influenced by the organizational 
context. None of the three media organizations in this study 
had discussions about the ethical aspects of an AI applica-
tion or used ethical tools as part of their existing workflows, 
since that was not part of their organization’s governance. 
This is in line with research arguing that AI (ethics) govern-
ance is a crucial part of establishing a responsible AI prac-
tice (Mäntymäki et al. 2022). The lack of a proper AI ethics 
governance in the MOs may explain why it took effort to 
have employees engage in the case studies in the first place. 
It might also explain why applying the ethical tools did not 
always lead to practical solutions. In case study 1 and 3, the 
application of ethical tools led to specific practical insights 
and action points, but in case study 2 and 4 it mostly led to 
an increased (ethical) awareness, even though this research 
was motivated by practical efforts to help media organiza-
tions on small scale projects by extrapolating ethical tools in 
specific contexts. This shows that the application of ethical 
tools does not necessarily fully address the underlining 
multi-faceted challenges that society and media organiza-
tion are facing. 

5. Limitations 
This study has a number of limitations. There are many eth-
ical tools and approaches available for each use case and 
corresponding (ethical) challenges. The tools and ap-
proaches we selected were based on our knowledge and ex-
perience as researchers in the field of responsible AI. We do 
not suggest that we made optimal choices. Our knowledge 
and experience is (by definition) limited, and we may have 
biases and blind spots that influenced our choices.  
 Another limitation of this study is that the four case stud-
ies are different in nature and sometimes difficult to com-
pare. The reason for this variety in nature is that we were 
interested in realistic situations, and for that we were de-

pendent on the use cases of the media organizations. In se-
lecting the use cases we tried to stay as close as possible to 
the wishes of the media organizations, and as such, we had 
less control over the research process. The benefit of our ap-
proach is that all four case studies are realistic, actual prob-
lems that media organizations were dealing with. 

6. Conclusion 
In this study we investigated what it takes to apply ethical 
tools in the real-world practice of designing, developing and 
deploying AI in the media sector. We conducted four case 
studies at three media organizations in the Netherlands, in 
each of which we applied an (adapted or self-developed) 
ethical tools to improve the responsible application of a 
given AI application. The case studies all involved realistic 
examples of challenges and practices of responsible AI.  
 The four case studies convincingly showed that the appli-
cation of an ethical tool is highly contextual, and the mere 
availability of ethical tools is not enough for establishing a 
responsible AI practice. Besides ‘just’ applying an ethical 
tool, a suitable ethical tool needs to be selected, and the se-
lected ethical tool needs to be to be tailored and contextual-
ized to specific needs, related to e.g., the AI technology or 
application that is being considered, the stakeholder group 
involved, the phase in the design, development or deploy-
ment process, the time available, and the information avail-
able. Moreover, organizational AI governance highly influ-
ences how and where attention is paid to AI ethics, and thus 
the establishment of a responsible AI practice. 
 Selecting and adapting an ethical tool requires awareness 
of the importance of paying attention to the ethical implica-
tions of AI, knowledge about how to address ethical impli-
cations of AI, and willingness to invest time and resources 
in mitigating ethical risks associated to AI. Therefore, these 
factors are imperative for the implementation of ethical tools 
in an organization to establish a responsible AI practice. 
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