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Creative industries Journal

“Did you know that David Beckham speaks nine 
languages?”: AI-supported production process for 
enhanced personalization of audio-visual content

Izabela Derda 

Media and Communication department, erasmus school of History, Culture and Communication, erasmus 
university, rotterdam, netherlands

ABSTRACT
The introduction of artificial intelligence (AI) into the media pro-
duction process has contributed to the automation of selected 
tasks and stronger hybridization of man and machine in the pro-
cess; however, the AI-supported production process has expanded 
from the traditional, three-stage model by a new phase of con-
sumer evaluation and feedback collection, analysis, and application. 
This has opened a way for far-reaching content personalization 
and thus offers a new type of media experience. Powering the 
production process with a constant stream of consumer data has 
also affected the process itself and changed its nature from linear 
to cyclical.

The audio-visual production process is, and always has been, complex in nature. 
Although the digitization of the media industry seemingly simplifies this process, 
offering new and increasingly accessible tools to support each of its stages, the 
continuous evolution of (new)media ecosystem increases its complexity. A glut of 
new content formats and technological standards, combined with market globalization 
and the development of new platforms, make it necessary to revise not only the 
tools but also the entire production process (Fuschi and Badii 2013).

The changes to the audio-visual media production process are multifold. Faced 
with the need to create multiple versions of content, which would take into account 
the specifics, nature and requirements of numerous media platforms, there is a grow-
ing pressure to improve production workflow. The changes are aimed at reducing 
the number of human errors in the process, and thus the delays resulting from such 
errors, but above all the intent is to increase automation by delegating tedious, 
repetitive and time-consuming tasks to machines, thereby increasing workflow effi-
ciencies and reducing production costs (Dorai 2001). At the same time, the oversupply 
of content available to viewers not only forces content providers to improve content 
search and discovery systems, but also pushes creators to garner a better understand-
ing of how the audiences interact with their content, and create content that is better 
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2 I. DERDA

suited to their needs, expectations and consumption habits. The practice occurs at 
the level of increasingly smaller audience groups and significantly affects the shape 
of the production process (Badii et  al. 2008).

In response to these needs, artificial intelligence (AI) powered tools rapidly increase 
in popularity and are (more) commonly used to administer production tasks, handle 
content editing and media management. Although the changes affect not only the 
production process but also have far-reaching consequences for the very shape of 
the content and audience experiences, the literature on this subject is scarce.

In the context of artificial intelligence-assisted media production practices, most 
of the scientific works focus on journalistic practice (Bodó 2019; Diakopoulos 2019; 
Hansen et  al. 2017; Stray 2019), programmatic advertising (Busch 2016; Huang 2015), 
computational creativity (Chen et  al. 2019; Jordanous 2016) and broadly defined 
technological solutions (explored by numerous authors). In terms of audio-visual 
production, one can additionally find the reflections on machine-based support for 
decision-making (Fuschi and Badii 2013; Ghiassi, Lio, and Moon 2015), as well as the 
role of metadata (Bailer and Schallauer 2008) or computational narrative intelligence 
(Riedl 2016). However, there are no discussions regarding changes in the internal 
audio-visual production process caused by the use of artificial intelligence and 
machine learning. It is essential to study the nature of these changes, as the use of 
new tools has not only influenced the way specific tasks are performed in the pro-
duction process but has also changed its very nature. Moreover, as the content 
emerges directly from the nature and organization of media work, production orga-
nization procedures have a significant impact on the shape of the content (Gans 
1979; Gitlin 1980). Given that one of the main objectives of AI in audio-visual pro-
duction is to enable increased responsiveness to audience needs (New European 
Media 2018; Zapata-Rivera and Katz 2014), it should be assumed that the changes 
in production practices are indifferent not only to the dynamics of the process and 
the shape of the content but also to how the audience experiences this content. 
Thus, the article tries to shed light on existing and developing practices regarding 
the use of artificial intelligence in the audio-visual media production process. In 
particular, the research aims to answer the questions of how AI-supported workflows 
affect the production process and whether and how it supports the personalization 
of audio-visual content.

Media production process as a hybrid workflow

A series of activities, which bring content into existence and shape its final form are 
collectively termed as the media production process (Hesmondhalgh 2010). Traditionally, 
the audio-visual production process consists of three phases (Figure 1): pre-production, 
production, and post-production, which are preceded by a period of conceptual and 
script work (sometimes referred to as preliminary development), which ends with 
film/video being send to production (green-lit), and subsequently distributed (Gross, 
Foust, and Burrows 2005). Except for its basic structure, this process is neither constant 
nor stable over time. It constantly adapts to the specific circumstances of ‘production"’, 
scenario requirements, circumstances of development, available budget and entities 
involved. The creation context is complex and is characterized by a multitude of roles, 
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which are often concentrated in a single person – a director or producer (Fuschi and 
Badii 2013).

In the pre-production phase, the audio-visual content is designed and conceptu-
alized by translating the script into specific directorial and production solutions, and 
its implementation is planned in detail. The content is then produced during the 
shooting phase. At the post-production stage, the footage, often coming from multiple 
sources, is combined into the media content, which is then archived. of course, the 
boundaries between these phases are blurred, which is still particularly evident, for 
example, in the production of entirely computer-generated films, where production 
and post-production intertwine, or in interactive media, when the content takes final 
shape during its presentation (Bailer and Schallauer 2008).

In addition, in the context of audio-visual production, the term of ‘production’ can 
be defined in various ways and be seen as (1) the creation of a sound sequence of 
images, (2) the manipulation of existing film to create a new content (for example, 
using filters or sound and visual modifications) or (3) the process of using pre-existing 
images to create other media products (New European Media 2018). What these 
approaches have in common is the fact that each of them requires the presence of 
both a human factor (as a creator), and more or less advanced technologies, making 
the production process itself a kind of hybrid workflow.

In the context of the current media world, the production process is characterized 
by hectic timing and tight delivery deadlines (Fuschi and Badii 2013). The process is 
oriented to permanently maintain or increase high productivity, which is often achieved 
by reducing the time dedicated to content creation (Žnidaršič and Jereb 2011). To 
reduce development time, it is necessary to use techniques, which can act as catalysts 
for the creative and organizational process, which will give the project team different 
ways to find possible solutions (Bertoncelli et  al. 2016), as well as streamline the 
process by automating repetitive and long activities, and allow creative teams to deal 
with creative activities (Diakopoulos 2019).

AI in the audio-visual production process

Artificial intelligence has a dynamic influence on the development and transformation 
of many industries. It is estimated that spending on AI development in 2024 will 
reach $110 billion (International Data Corporation 2020). Its implementations aim to 
"make a computer do things that, at the moment, people do better" (Rich and Knight 
2004, 3) and serve as support, thus reducing time, increasing robustness, reliability 

Figure 1. High level traditional media production process.
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and availability of products and services (Silva 1999). They are also used to support 
the decision-making processes of specialists or provide second opinions (Giarratano 
and Riley 2005). The audio-visual industry is no exception to this and is increasingly 
taking advantage of AI to support the objectives mentioned above.

In the media production process multiple tasks are outsourced to the machines, 
with most common being those related to content identification (such as voice, text 
and image recognition within the film and audio content used, and automatic enrich-
ment of such content with metadata to help with further work; which is particularly 
important when selecting content for editing) and adaptation (for example, in creating 
different versions of the same final edit file) (Jarek and Mazurek 2019).

Furthermore, computer-aided decision-making in the production process is gaining 
particular attention nowadays (Botega and Silva 2015; Fuschi and Badii 2013; Ghiassi, 
Lio, and Moon 2015; Patel and Kannampallil 2015). one area of application is business 
decision-making support in the film industry, where it is used, among other employ-
ments, for forecasting production revenues. Modeling, which is performed by using 
a dynamic artificial neural network, takes into account such factors in the predictive 
variables as production budgets, pre-show advertising expenditures and seasonality. 
The solution seeks to resolve issues related to revenue estimation based on historical 
data and opening weekend box office results (Ghiassi, Lio, and Moon 2015).

At the same time, the knowledge-based systems (KBS) used in decision support 
processes are tested for their ability to support creativity in content creation (Botega, 
Silva, and Murphy 2018). KBS is an artificial intelligence (AI) approach capable of 
imitating human decision-making skills, providing empirical knowledge in a more 
accessible, reliable and permanent structure (Giarratano and Riley 2005). This system 
can help creative teams select the creative tools and techniques, which are best 
suited to the implementation of a specific task in the production process (Botega, 
Silva, and Murphy 2018), and thus improve and accelerate production work.

However, it is necessary to stress that the above list does not in any way exhaust 
the tools and solutions used, aiming only to identify the most common practices 
and emerging trends. Furthermore, it should be emphasized that the purpose of 
this article is not to provide a technological or programming analysis of applied 
solutions, but rather to describe their role in shaping a new type of production 
process.

Mass-personalization of content

For decades, the experience of the media has been quite uniform – content presented 
on Tv, in the press or cinemas in a given location (city or country) has been the 
same, its number was relatively limited, and could be independently navigated and 
selected by the individual recipient (Kress 2003). With the development of the internet, 
navigation through content-rich repositories began to be overwhelming for the audi-
ence (Napoli 2011), at the same time providing easy access to content, which was 
hitherto difficult and expensive to access e.g. such as news in multiple foreign lan-
guages. This brought new limitations to accessibility, such as the language barrier 
(Napoli 2011).
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The development of technology has made it possible to customize content catalogs, 
enabling audiences to experience and consume media more personally. Recommendation 
systems making use of collaborative filtering, i.e. filtering based on similarity of 
behavior and content-based filtering based on similarity of content (Tarka 2013), are 
intended to describe and present such an offer, which would meet the interest of a 
given recipient (Brusilovsky, Kobsa, and Nejdl 2007).

However, it is worth looking at personalization solutions more broadly, looking at 
them as the act of creating unique solutions tailored to the unique needs of individual 
consumers (Bardakci and Whitelock 2003) or even providing every consumer with 
exactly what they want, in the place and time they expect (Hart 1995).

From the perspective of the content provider, personalization can take various 
forms. on one hand, it may manifest itself in offerings consisting of one-of-a-kind, 
products tailor-made for individual customers. on the other, it can also boil down to 
offering practically identical products to different customers who have revealed iden-
tical needs (Borusiak et  al. 2015). Such delivery of seemingly personalized content to 
groups of recipients in clusters can be called mass personalization or customization 
(Bardakci and Whitelock 2003; Hart 1995).

Computerization finds an important place in the context of content personalization. 
First of all, it opens up new possibilities for automating the personalization and 
adjusting content through contextualization (Chen et  al. 2019). Just as the demo-
graphic data and indicators of the audience are usually stable, the needs and attitudes 
of viewers change from time to time, and interests shift daily. Thus, the context for 
content, such as time of day, location or current events can affect how the audience 
processes the content (Ghose, Goldfarb and Han 2013). The creation of content in a 
reactive way, using the current context, through the use of programmatic creative 
platforms (PCP) allows for the creation of content corresponding to current interests 
of viewers, even in real-time, (Chen et  al. 2019), potentially increasing their satisfaction 
and pleasure.

Advanced computerization also allows achieving scalability of media projects and, 
with the use of far-reaching personalization and contextualization, becomes an indis-
pensable element of the new production process. Matching the content to a wide 
range of audiences requires the creation of a huge amount of diverse content and 
the use of many different creative designs. With the use of artificial intelligence tech-
nology, PCP can increase the number of delivered designs, in an automated fashion, 
and on a large scale (Chen et  al. 2019). And although these solutions are still mainly 
used in the creation of advertising content, work is being carried out towards methods 
of getting to know the interests of user groups (through the analysis of multimedia 
data made available in social media), and adapting the semantic/emotional content 
of film trailers and Tv programs to address the interests of specific communities 
(Smith et  al. 2017).

Method

This qualitatively oriented study is exploratory in nature. Expert interviews were con-
ducted with 12 representatives of the media industry, who are directly involved in 
the development of tools integrating AI into production processes (n = 5) or are 
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implementing these solutions, and using them in practice, in the production process 
(producers of audio-visual products using AI-supported production workflows, n = 7). 
It has been proven that well-selected experts provide a sound knowledge base and 
a good starting point for a comprehensive and targeted synthesis of the most frequent 
and pressing problems in different sectors (Liebold and Trinczek 2009). Additionally, 
what is particularly important in the context of this study, expert interviews allow 
for early detection of emerging trends (Dorussen, Lenz, and Blavoukos 2005). The 
in-depth process knowledge of the experts and the privileged observation point they 
have due to their professional roles make their observations potentially valuable 
(Liebold and Trinczek 2009). Therefore, it was decided that expert interviews make 
the best method to investigate the rapidly changing phenomenon.

As the validity of the information collected with the help of expert interviews 
depends significantly on the quality of the interviewees (Dorussen, Lenz, and Blavoukos 
2005), much attention has been paid to sampling. Convenience sampling was used 
to identify best candidates for interviews, based on their reputation and professional 
achievements regarding the use of AI and ML in the production processes. In addition, 
a snowball method of selecting interviewees was used, in which some of them sug-
gested further experts who met the criteria. All participants represented a high level 
of seniority on their positions and are employed in capacities such as product director, 
development director, research and development director or senior producer, vice 
president for production, head of production and executive producer.

Analysis of interviews was carried out using the grounded theory (Glaser and 
Strauss 1967), which is highly applicable to media production studies (Rodon and 
Pastor-Collado 2007). This method of analysis focus on process-based descriptions of 
the implementation within a specific context (Myers 1997), which is audio-visual 
production.

In the data analysis process, three procedures were used to inductively generate 
data-based categories. These were: open coding, axial coding and selective coding, 
during which the principle of a continuous interplay between data collection and 
data analysis was applied (Rodon and Pastor-Collado 2007).

At the same time, as this study focuses on the “process”, which can be understood 
as “a series of evolving sequences of action/interaction that occur over time and 
space, changing or sometimes remaining the same in response to the situation or 
context’” (Strauss and Corbin 1990, 165), a simplified version of the paradigm model 
developed by Strauss and Corbin (1990) was used. This allowed the phenomenon to 
be studied by clearly defining conditions, actions/interactions and consequences 
(Strauss and Corbin 1990) in a process.

Results

AI-Supported audio-visual production process

Although some creative tasks in the media production process have long since been 
replaced or supported by a machine (for example, in editing works), the use of arti-
ficial intelligence and machine learning significantly affects the shape of the production 
process. This hybrid process of human and machine work has taken on a new 
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dimension, not only allowing to automate an increasing number of tasks but also to 
use, on a continuous basis, consumer data, including their behaviors, preferences and 
ways of interaction with content.

The process, which traditionally consisted of three primary stages – pre-production, 
production and post-production, along with any preliminary work, such as conceptual 
work and script development, as well as a whole chain of distribution activities, has 
now been widened. The AI-Supported Production Process, as shown in Figure 2, has 
been expanded by the "consumer data collection, analysis and application" stage, 
which is embedded in all other stages of audio-visual work production, including 
both preliminary works and distribution/publication phase.

The willingness to broadly use consumer data in the production process, while at 
the same time maintaining high process efficiency, had further consequences for 
production practices, making the effective disposal of the collected data challenging 
in practice.

Delivering audience insights

Digitization of the media world and the possibility of collecting information on con-
sumer preferences and habits, has significantly influenced approaches to the media 
production process. With the help of natural language processing (NLP) and deep 
learning technologies, creators can continuously receive feedback to support 
decision-making in the creative process. Predictive analytics create opportunities, 
which help assess what content will cause specific audience reactions. Thus, they 

Figure 2. ai-supported audiovisual production process.
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provide tools, which not only provide efficiencies in marketing (for example, when 
creating film trailers) but also reduce risks associated with production (I7):

Entertainment is a risky business. Even if we produce only small video clips from the 
red carpet, each such production still takes up man-hours and equipment, therefore it 
generates costs. using analytics to predict what is currently ‘hot’ helps us reduce these 
costs. Not only can we SToP producing things that nobody wants to see, but most 
importantly, we now know enough to do so before we start the production; and we 
can also observe trends. At the moment, we don’t need a large team of researchers and 
assistants to know who is suddenly getting more buzz. We get to know who is getting 
clicks and what sentiment they evoke in the audience. We can follow current or imme-
diate future trends, without wasting resources".

At the same time, attempts are made to use behavioral and psychological data: 
"By determining the affective and cognitive states of our audience, we can steer the 
pleasure they get from interacting with the content" (I2). This solution could poten-
tially enable advanced profiling and modeling of audience groups while taking into 
account their capabilities and needs and well as designing content appropriate to 
these audiences. Thus, it would be possible to personalize content to a significant 
degree, taking into account the new, hitherto elusive aspects of profiling, but, as our 
interviewee notes, “we are still far away from being able to collect such data in the 
real world, outside of laboratory and experimental work and to use it in practice" (I2).

Supporting pre-production work

Although the utilization of artificial intelligence at the pre-production stage mainly 
serves optimizing processes and thus help save time and resources, it can potentially 
affect the shape of the content itself. In addition, some solutions can be applied in 
the creation of personalized content.

Development of tools supporting this production stage is focused on increasing 
the effectiveness of the implementation team on many levels and departments of 
the production. With the help of natural language processing, machines can assist in 
the planning and budgeting process for production work, by simplifying and partly 
automating tasks, which enable the development of a script from a conceptual stage 
to implementation. Computerized tasks can include automated extraction of portions 
of a script/shooting script into different categories, such as a list of characters, lines 
of each character, type of scene, props needed, or visual or audio effects required, 
which can significantly speed up preparation for shooting. Decision-making support 
systems are also being developed to help with estimating scene length and the 
number of shots.

Solutions supporting creative choices are also being introduced, for example, in 
storyboard development. Dedicated programs, using text-to-image classifier, can esti-
mate the number of shots based on the script and assign the type of required shot 
(such as close-up or full shot), type of camera movement and the equipment to be 
used. Based on such data, the system searches its archives and selects prefabricated 
images to match the expected shots, creating a sequence of images (in this case in 
a form of collection of photographs) to generate a storyboard. However, these tools 
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are characterized by a number of restrictions resulting from the use of a pre-defined 
database of photographs unable, at this stage of development, to reflect the visual 
character of the presented objects, but rather only provide a visual list of shots.

These solutions, although not applied directly to the creation of personalized 
content, use similar logic and mechanics – they are based on recognizing and group-
ing elements, as well as learning what sequence, when compiled, will be the most 
satisfactory for the user (initially to a member of the production team, and further 
on, to the end-user). This approach enables a wide range of possibilities to take 
audience preferences into account, for example, by including in prop lists or story-
boards items of specific brands or with specific parameters.

Searching, selecting and compiling footage

As already mentioned, many of the tasks in the production process are repetitive, 
time-consuming and do not require creative input from the creator, therefore, one 
of AI’s primary tasks is to optimize the process of reviewing and managing footage 
and multimedia resources. These materials, thanks to automated content analysis in 
the form of technological image, text and voice processing, enable content enrichment 
through automatic tagging, theme extraction and keyword search.

In the next step, this content can be recommended to creators smartly and con-
textually and can be grouped thematically and objectively around given or repeated 
themes. This enables, e.g. automatic selection of shots including a particular actor, 
made in a given location or containing dialogues assigned to the scene. However, as 
one of the interviewees notes (I8), it is crucial that the systems focus on intelligent 
information management and not exclusively on the automatic content processing. 
otherwise, "systems will create thematic catalogs with the same enormous amount 
of content, which humans will have to physically go through anyway in order to 
assess their value and usefulness" (I8). The machines’ ability to not only catalog but 
also to analyze and group materials in order to provide real support for the 
decision-making process based on processed information regarding the analyzed 
content is vital in this context.

In practice, automatic tagging and content selection can be utilized in many areas 
– from reviewing a large amount of content from the set, to providing thematic 
suggestions based on viewers’ preferences (for example, in the context of increasing 
visibility of a given subject, actor or new information). Thus, increasing the ability to 
react quickly to the current events, personalize produced content, or automatically 
select content aimed to form of a compilation of shots or even a ready-made video clip.

The latter functionality is increasingly used to automatically create short videos, 
which are intended to be a synthesis of a larger whole. The process starts with deep 
learning of media habits and audience preferences regarding content and is followed 
by automated content analysis, to conclude with pre-programmed or fully automated 
creation of editing paths and final clips. This solution gains popularity in the produc-
tion of sports highlights, which, as I3 notes, stems from the repetitiveness and pre-
dictability of the broadcast – “Sport is simple. There’s the whistle, a corner kick, a 
penalty and a goal. Nothing fancy or complicated. You know what the viewer is 
looking for in a highlight. It’s easy to mix a clip together and there’s no need to 
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maintain any continuity of narrative" (I6). However, this solution can also be used to 
create other thematic audio-visual clips, e.g. a compilation of news about a person 
from a specific period or about specific topics (I6, I11). This allows imagining a situ-
ation in which, different movies can be made from the same footage based on 
viewer-related data, taking into account the tastes and preferences of the viewers 
from whom this data was collected (or groups of viewers with similar preferences) (I11).

Personalization

When discussing the computerized selection of shots, topics, or characters, and the 
automatic creation of highlights and compilations, it is impossible to omit the per-
sonalization potential offered by these facilities. Machines try to discover and under-
stand the audience’s preferences using deep learning and predictive analytics 
performed on data collected from various sources (mainly content distribution plat-
forms). Based on the observed interactions with content and in-depth semantic and 
sentiment analysis in social networks, the systems are to translate this information 
into content proposals tailored to these preferences and to predict the reactions, 
which may be triggered by the upcoming content. These systems may also be used 
to create content tailored to expectations in an automated fashion, by way of using 
algorithms to design content, which the viewer may find potentially desirable; syn-
thesize audio-visual works to create new content, compile these works according to 
a specific key, or enrich it with information that the viewer finds attractive, for example 
with statistical data given during a match, information about the characters in the 
film, or extending and supplementing historical information appearing in the content. 
This technology enables the creation of content, which is not only tailored to the 
preferences of a particular recipient (or group of recipients) but provides the ability 
to directly personalize messaging (for example, by addressing the consumer by name 
when producing a promotional film).

Versioning

Another form of content adaptation within the process is versioning, which is used 
to create a mass amounts of content with the highest possible level of matching. 
Digital media characterizes itself, among other things, by the multiplicity of platforms, 
which are used by consumers to consume content, and these platforms differ in terms 
of the technical requirements for the content they publish, but often also in terms 
of language, expression and content characteristics. Examples include popular social 
networking platforms, and the popularization of square-shaped images by the 
Instagram social platform, the way the language is used on Twitter, or the specific 
nature of TikTok, to which users and content creators are informally obliged to adapt. 
Due to formal and informal requirements, as well as those caused by the desire to 
be authentic, content creators use computational solutions to create simple workflows, 
which allow for the creation of content tailored to multiple platforms, language ver-
sions, styles or resolutions (as noted by 9 of the interviewees). Thus, the recipient 
can receive, from the same provider, content conveying the same message, but shaped 
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in different ways on multiple platforms. It also offers the potential for the develop-
ment of transmedia (or in this case ‘transplatform’) content.

Localization

The versioning process allows creating multiple language variants of the same content. 
Localization is an important strand of AI/ML research, developed in the context of 
many sectors, and the media industry is not alone in this respect. With the help of 
speech recognition, speech synthesis and natural language processing, automated (or 
partially automated) translation, creation, application and synchronization of subtitles 
is possible.

At the same time, text-to-speech solutions have been developed, to allow, with 
the help of speech synthesizers, to provide voice-over for audio-visual content, but 
as experts emphasize (I1, I7, I10), this solution is far from capable of imitating a fully 
authentic human voice, especially when it comes to the reproduction of emotions 
and hidden intentions of the speaker.

At the same time, much more advanced solutions like AI-dubbing are being devel-
oped. This technology uses 3 D digital models of an actor’s or animated character’s 
face, which is to speak their lines in different languages. At the same time, the algo-
rithm learns how to move the lips of people speaking the scripted words in target 
languages. The layout of these movements is then transferred to the created model, 
thanks to which the viewer is able to see the actor speaking a language he or she 
does not know. This solution was used in Malaria Must Die (malariamustdie.com) 
campaign, in which David Beckham "speaks" nine languages (I4).

This technology also applies to advanced content personalization. It allows to 
provide data points to content and replace keywords or phrases in the movie. Thus, 
the film’s protagonist can address the viewer by name or make a joke, contextually 
referring to the previously consumed content (I4, I9, I12).

The development of this AI application can be seen as problematic. First of all, 
‘this is exactly the same “trick” that is used in deepfakes to sow disinformation. There 
is no chance that the untrained eye will catch a well done fake’ (I12). Doubts also 
arise in terms of execution: ‘it’s all very beautiful and smooth when we can shoot in 
the studio, with a well and evenly lit actor standing right in front of the camera. 
However, in uncontrolled conditions, when the actor turns around, for example, or 
something shades part of his face, it is easy to see past the facade, or the machine 
is not able to provide a solution at all (…) so, yes, I think it is ideal for animated 
and instructional films, but will we see Bond in 20 languages anytime soon? I highly 
doubt it’ (I8).

Feedback collection and application

once the content is placed in their target digital platforms, real-time monitoring of 
content consumption across multiple platforms and devices and the collection of 
data on user preferences and behaviors, as mentioned above, begins. With the help 
of machine learning techniques, feedback is extracted and combined in such a way 
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that the main feedback features can be defined (Le Thi, Le, and Dinh 2015). In this 
way, the information obtained can not only be compared with original expectations 
regarding results, but can also be used to (possibly) automate content editing, in 
order to improve it and put it back on the platform, and a database component, 
which will form the basis for creating new content. Thus, the technology feeds many 
stages of the production of audio-visual material and results in a cyclical nature of 
production.

Discussion

The introduction of artificial intelligence and machine learning into the production 
process has contributed to the automation of selected tasks and stronger hybridization 
of man and machine in the production process. By streamlining the works of the pro-
duction team, the process becomes significantly more efficient and allows for shortening 
production time and/or increasing the amount of produced content. It brings the 
creators closer to the goal of high productivity described by both Fuschi and Badii 
(2013) and Žnidaršič and Jereb (2011). This conclusion also coincides with the results 
of previous research on the use of AI in advertising (Huang 2015; Qin and Jiang 2019).

Above all, however, the use of AI in audio-visual production has caused a disrup-
tive change in the very structure of the production process. The use of a repetitive, 
or even continuous, evaluation process of the performance of the content and 
analysis of audience feedback, influenced the change in the nature of the process 
from (relatively) linear to cyclical. Consumer evaluation and feedback became an 
integral part of the production process, which must directly influence the shape of 
content and how that content is experienced by the audience (see Gans 1979; 
Gitlin 1980).

of course, in the industry context, it should be noted that each step in the same 
process will be different, depending on individual production characteristics and 
context in which it is used. on the meta-level, however, it can be concluded that the 
AI-Supported Production Process has expanded from the traditional model by a new 
phase – consumer evaluation and feedback – which involves the collection, analysis 
and application of data obtained from the audience feedback, and ways it interacts 
with the content. Thus, traditionally three-phased process (consisted of pre-production, 
production and post-production), now consists of four phases. The process has simul-
taneously lost its linear structure, and insight acquisition and application take place 
throughout its entirety.

AI-Supported Production Process potentially offers producers advanced support 
in terms of reducing production risks by providing them with a better understanding 
of the customers’ needs and ways they interact with content. At the same time, it 
offers a promise of far-reaching content personalization, and thus offer a new type 
of media experience, corresponding not only to the viewers’ interests and needs but 
also to their cognitive and affective capabilities. It is worth noting, however, that 
research work on advanced content personalization should be not considered to be 
advanced, but somewhat experimental (Smith et  al. 2017). This concerns both the 
study of the cognitive and affective levels of viewers in their daily media consumption 
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routine (Smith et  al. 2017) and the narrative level of content, which is limited by the 
still-limited and experimental computational intelligence (Riedl 2016).

In addition to a broad scope of potential applications, the intent to use consumer 
data in the production process, while maintaining high process efficiency at the same 
time, brings with it several challenges. High efficiency of the process depends on the 
skillful use of the solutions at each individual stage, which should be reflected in a 
smooth and stable configuration of the whole process flow (I6). As technology is 
becoming more and more central to many elements of the process, and large-scale 
data processing and metadata management become an integral part of audio-visual 
production, technological reliability and ease of process management are becoming 
crucial for a smooth production process. All components – hardware and software 
alike – used by production processes contributing to the media production workflow 
should be easy to integrate into a single digital infrastructure (van Rijsselbergen et  al. 
2010) and be as intuitive and straightforward to use as possible (I2, I9). As van 
Rijsselbergen and his research team (2010) point out, in order to achieve this suc-
cessfully, metadata for both production and workflow should be correctly collected 
and standardized in a single data model and stored in a central system, which would 
be accessible to a wide range of participants in the production process. Thus, the 
production process must become more inclusive for production team members.

Conclusion

This article aimed to provide insight regarding changes in the internal audio-visual 
production process caused by the use of artificial intelligence and machine learning. 
It was proven that increasing computerization changes the nature of the process, which 
becomes less linear and more cyclical. The study shows how the application of AI at 
different stages of production opens the way for progressive personalization of content, 
built on consumer insights gained in the digital environment while increasing the 
efficiency and scalability of each task. The article thus provides a conceptual framework, 
which can be used to further reflect on the changing media production landscape.

In terms of future research, it is worth looking at three aspects directly related 
to the new audio-visual production process. First of all, it is crucial to investigate 
how the new process affects the structure and dynamics of the production team 
– what new roles have appeared, how have changed the relationships of team 
members, their workflow and tasks. It is also interesting to understand how the 
nature of the new process affects the content and which tools and phases of the 
process have a defining meaning for its final shape.

It is also necessary to look at the relation between viewer and content. It is 
vital to understand not only the ways, in which the audiences are interacting with 
the content, or how they perceive new content, but above all how they perceive 
and execute their own role as co-creators (as they support the process with data). 
It would be interesting to explore these new relationships in the context of con-
sumer data usage in the face of the European union’s General Data Protection 
Regulation.
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In addition, it is necessary to follow further possible changes in the process, which, 
together with the development of algorithmic tools, may evolve and influence the 
workflow hybridization procedure, or verify the role of machines in the process.
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