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Traditionally, the design process has been performed by designers and developers with the aid of digital tech-
nologies. The proliferation of Machine Learning (ML) during the last years has been argued to boost the creative
process of design. This includes simple tasks such as translating handwritten notes, suggesting layouts options
but also more complex action possibilities like generation of new ideas and prototyping for their visualization.
However, the discourse about ML in creative industries is in an early stage, and there is limited knowledge about

its diffusion in the design process. In our case study of four Norwegian design consultancies, we found that
inhibitors (lack of ML knowledge, lack of trust in ML outputs, and poor results provided in languages other than
English) overweighted the enablers (identifying patterns in the transcriptions, checking the requirements). This
limited the intentions of design consultancies to introduce ML and undermined its diffusion in their design

process.

1. Introduction

Machine Learning (ML) is part of Artificial Intelligence (AI) umbrella
that can support the artists in their creative process in surprising ways
(Davenport and Mittal, 2022) based on its ability to learn' from datasets
with or without human supervision and to make predictions for multiple
solutions (Padmanabhan et al., 2022). ML besides being introduced into
non-traditional creative industries such as healthcare (Lebovitz et al.,
2021), human resource management (Trocin et al., 2021), customer
relationship management (Chatterjee et al., 2022), open source devel-
opment communities (Shaikh and Vaast, 2022; Vaast, 2022), it is
attracting more and more attention also in traditional creative industries
such as design (Watkins, 2023), music (Bedingfield, 2023), fashion
(Ginsberg, 2023), art (Hsu and Myers, 2023), film (Smith, 2023), radio
(Rowe, 2023), photography (Grierson, 2023). For example, ML can
support the design process by automating tedious tasks, generating new
creative ideas, and providing suggestions for layout options (Verganti
et al., 2020). The aim of ML is not to replace the key actors across the
industries (e.g., the case of radiologists (Davenport and Keith, 2018))
but to support them with a new plethora of action possibilities that can
be used by the experts, which in turn can lead to improved performance.

* Corresponding author.

Although the intention is to boost artists’ creativity, the discourse
around the diffusion of ML in the creative industries triggers disruption,
disagreements that require changes, and most importantly is still in an
early stage. Specifically, little is known about the enablers and the in-
hibitors of ML that emerge when it is diffused in the design process. As
unintended consequences emerge regularly, it is essential to better un-
derstand the reflections, needs of the designers and developers in the
diffusion phase.

Organizations often struggle to leverage the potential value of latest
technologies due to issues that emerge while diffusing them into their
operations (Mustonen-Ollila & Lyytinen, 2003). This is also the case
with many applications of Al in organizations, where a plethora of
factors relating to both technical and organizational aspects has resulted
in a slow uptake of such technologies (Mikalef and Gupta, 2021). While
literature has identified several barriers in the diffusion process of Al in
non-creative industries, little is known about the issues encountered in
the creative industries as many of these are highly dependent on the
context in which Al is deployed. This has been argued to be primarily
due to the fact that Al applications, and even those within the domain of
ML, differ significantly based on the area of use (Collins et al., 2021). As
a result, it is important to develop a holistic understanding of how the
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diffusion of novel technologies (e.g., ML) changes existing ways of
operating in the creative industries (e.g., design).

Consequently, our aim is to understand how the diffusion of ML
changes the design process by investigating the following research
question: What are the enablers and the inhibitors of ML diffusion in the
design process? We conducted an exploratory case study in four Nor-
wegian design consultancies to investigate the benefits and the chal-
lenges experienced by the designers (Eisenhardt, 1989). Gioia
methodology (2013) guided the collection and the analysis of semi
structured interviews. The interview protocol was based on the cate-
gories of the Technology — Organization — Environment (TOE) frame-
work to identify the aspects that enable and inhibit ML diffusion in the
design process (Tornatzky et al., 1990).

Our results show that ML has the potential to support designers and
developers along the three design processes, which are insight, proto-
typing, and evaluation. We developed a framework that shows the
diffusion of the enablers and the inhibitors of the ML at each process and
the interrelationships among them. ML can be particularly valuable for
transcribing handwritten annotations, analysing transcriptions, identi-
fying patterns invisible to human eyes, providing suggestions, checking
the requirements, and making suggestions for multiple layouts, colours,
and others. These enablers can improve the quality of the solutions
designed, the creativity process of the designers or the idea generation
after the data analysis. At the same time, the designers and the de-
velopers experienced several inhibitors that had a strong impact on their
decision of introducing ML in the design process as follows. ML is still
largely a buzzword that did not deliver the envisioned benefits, thus
there is a strong lack of trust in ML outputs and in its use more in general
because it lacks important design functionality such as poor results in
languages other than English and most important it is not introduced
into the design community; thus, the designers lack ML knowledge and
do not perceive it as a tool that can improve their work. Our study shows
that the inhibitors overweighted the enablers of ML diffusion in the
design process, which undermined its introduction in the design
processes.

The paper is organised as follows. First, we introduce the design
process with its key processes, we continue with the role of ML in each
phase and we present the diffusion innovation theory to interpret our
case study. Next, we describe the research method based on which we
wrote our findings. We conclude with the discussion, implications,
limitations, and future research.

2. Theoretical background
2.1. Design process

Design is the decision-making process through which new ideas and
solutions are created to solve specific problems (Verganti et al., 2020).
The term design is often defined in relation to its principles, which create
the ontology of the design and describe the perspective and philosophy
that inform the act of designing, such as design thinking or user-centred
approaches (Verganti et al., 2020). Designers can produce anything
ranging from physical objects to digital products, services, or visual
identities. The creation of solutions with high standards and quality
requires to consider several aspects that range from technical specific-
ities to mandatory regulations and rules, to users’ preferences and
others. To meet all these aspects, designers use specific frameworks and
techniques. For example, design thinking deals with complex problems
through the use of theories, models from design methodology, psy-
chology, education, and other fields to foster innovation in organiza-
tions (Dorst, 2011). This paradigm can solve crucial problems before
starting the development process and can help designers build empathy
as Brown and Katz (2011) highlighted:

“In contrast to our academic colleagues, we are not trying to generate new
knowledge, test a theory, or validate a scientific hypothesis. The mission
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of design thinking is to translate observations into insights, and insights
into the products and services that will improve lives.”

Iterative user-centred approaches focus on keeping the user at the
heart of the design, as this facilitates designers to satisfy users’ needs by
analysing the usage context, goals, and requirements before starting the
design process (Verganti et al., 2020). At the same time, such approaches
use the possibilities offered by new technologies, fulfil the requirements
along with three core activities: inspiration, ideation, and implementa-
tion (Brown, 2008). Double Diamond is another popular framework that
consists of four actions: discover, define, develop, and deliver, that are
split into two diamonds (Design Council, 2015). The first diamond
represents the action of widely exploring the field in order to create a
clear definition of the problem. The second diamond represents
diverging again by generating many ideas to solve the problem and then
taking focused actions to create the final solution (Design Council,
2015). Since each project is different, there is not one design process or
framework that fits every situation, but designers can use relevant as-
pects from different approaches. For example, a common denominator
of the approaches discussed above is their focus on the iterations. So, the
designers are encouraged to go back to the previous design phases to
ensure that all requirements are met.

Design is defined also in relation to its process, which usually consists
of three main phases, the insight phase, the prototyping phase, and the
evaluation phase (Preece et al., 2015). The insights phase includes un-
derstanding and specifying the context of use, the user requirements,
and other important aspects (Weller, 2019). In-depth knowledge of the
domain, the end-user preferences, and potential stakeholders are
collected with qualitative methods such as interviews, workshops, ob-
servations of end-users’ work, and any other archival documentation to
create functional requirements. Zhou et al. (2020) affirmed that de-
signers need to “place particular emphasis on obtaining, specifying, and
documenting software requirements, which are based on normative, social,
technical aspects and must be transferred into functional requirements for
system development.” In the prototyping phase, the solution is designed in
line with the users’ requirements through iterative processes. Designers
create a simulation or a sample version of the final product before
actually developing the final product. It can range from simple models
with sketches to functional, interactive digital prototypes. The evaluation
phase assesses the final solution through usability testing, summarizing
the feedback from the testing, and analysing the final result until the
designers are satisfied with the final version of the solution developed
(Technical Commitee ISO/TC, 2019). ML continues to evolve exponen-
tially, and today it can do far more than automating simple tasks in the
design process (Verganti et al., 2020).

2.2. Machine Learning (ML) diffusion in the design process

Artificial Intelligence (AI) technology is complex and constantly
evolving. Al is defined as “the frontier of computational advancements that
references human intelligence in addressing complex decision-making prob-
lems” (Berente et al., 2021). The nature of the changes driven by Al is
different from those triggered by traditional information technologies as
Al takes over complex reasoning and analysis tasks, which were previ-
ously performed mainly by human experts (Tschang and Almirall,
2021). Thus, in the near future the designers can produce solutions not
only by drawing on distinctive expertise and by communicating with
other professionals, but also by combining AI's analytical, predictive,
and decision support capabilities (Strich et al., 2021). Mikalef and Gupta
(2021) defined Al as “the ability of a system to identify, interpret, make
inferences, and learn from data to achieve predetermined organizational and
societal goals.”

The field of AI is broad and includes many technologies such as
Machine Learning (ML). Unlike traditional technologies, ML can find
undetected patterns in the data (Berente et al., 2021) and create new
knowledge, which is particularly valuable for making informed
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decisions (Anthony, 2021). With the automation of manual tasks,
humans also have more time to engage in creative activities such as
developing stronger ties with their clients and identifying new market
segmentations (Trocin et al., 2021). In addition, Al can assist designers
in creative activities by enhancing the input information and by
providing multiple suggestions (Mikalef and Gupta, 2021). Al also is
able to enact popular design principles, such as user-centred, abductive
reasoning, and iterative procedures (Verganti et al., 2020). The intro-
duction of ML in organizations involves changing the way the re-
sponsibility is shared between the human users and technologies
(Martin, 2019). Although ML can mimic human experts, it is mainly
used to complement designers’ work instead of replacing them.

Prior studies identified interesting findings along the three design
phases. In the insight phase, ML was used to generate automatic persona
profiles (Salminen et al., 2019). ML provided accurate results about
potential users’ behaviour in a few hours such that designers could get
periodically updated profiles of potential end-users. Koch (2017)
showed that AI can help designers to check the requirements with ML
system. For example, the system would suggest ideas, similar projects, or
inferred information, and based on the designer’s feedback the system
would adapt its understanding and present new results to the designer.
This process allowed the system to collect important information to
perform repetitive tasks and provide a better understanding of the initial
requirements. Consequently, ML can perform redundant tasks such that
designers can focus more on sense making and understanding what
problems should be addressed (Verganti et al., 2020). Yang (2017) also
stated that designers would become experts in knowing what problems
ML needs to solve, implying the designers will work as problem setters,
while the ML would work as a problem solver. Indeed, the focus on
problem-solving can be linked to the challenge of understanding the
relationship between tacit knowledge and machine (Berente et al.,
2021). As ML can struggle with understanding tacit knowledge, the
guidance of the designers can result in more creative and efficient so-
lutions (Koch, 2017).

Several studies focused on the prototyping phase. According to Ver-
ganti et al. (2020), powering weak Al with ML can result in significant
results without using too much time and resources when developing new
solutions. One such use is creating tools capable of automatically
transforming lower fidelity prototypes into higher fidelity (Suleri et al.,
2019). This tool inputs sketches and uses ML to automate the software
prototyping. Another use of ML is to suggest improvements to pro-
totypes. An example is the tool DesignScape creating interactive layout
suggestions (O’Donovan et al., 2015). This tool has an option for auto-
matically changing and improving the design, which was perceived
negatively by designers as they felt they lost too much control from the
prototyping. Indeed, the designers prefer to not automate the entire
prototyping phase (O’Donovan et al., 2015). Next, ML allows designers
to easily create high-fidelity prototypes using automatic code genera-
tion. The coded prototypes are more dynamic and interactive then the
traditional prototypes. The use of ML to generate code represents the
trend of using ML in the design field to automate tedious and lengthy
processes (Dave et al., 2021). However, many of the solutions could only
identify a small number of components and were not trained on large
datasets. Pandian and Suleri (2020) also state that the use of ML to
generate code based on sketches does not allow for enough control. In
response to this, Nguyen and Csallner (2015) presented a less invasive
tool — REMAUL It identified interface elements with the support of
computer vision and character recognition. The tool converted a
screenshot into a digital user interface.

Finally, some scholars investigated the introduction of ML in the
evaluation phase. Swearngin and Li (2019) showed that ML could be used
to evaluate the final product by creating a solution that score how likely
a human user is to perceive a component as tappable. Automating this
small task helped the designers to cut costs. The designers saw high
potential in ML, but at the same time, they needed more functionality.
Wallach et al. (2020) presented an extension of a prototyping tool that
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simulated human behaviour and acted like the designers’ “best friend”.
The designer asked for help in some tasks and got quantitative perfor-
mance predictions for given scenarios. The goal of the tool was not to
replace user testing, but to give qualitative insight from quantitative
data. For example, Yang et al. (2020) collected user data from mobile
applications for measuring user experience (UX) as it can help designers
to understand whether the design of the solution needs more iterations.

Our literature review revealed two main gaps. First, extant literature
uncovered either the enablers or the inhibitors of ML in organizations,
which limits our understating about a more complete perspective of ML,
which combines the enablers with the inhibitors. Second, although prior
literature investigated the introduction of ML in some organizations
such as healthcare, human resource management, finance, and others,
little is known about the diffusion of ML in the design process. Specif-
ically, some scholars examined the use of ML in one design phase, thus in
isolation without considering the impact of ML across and its interre-
latedness among the three design phases. Our research fills this gap by
investigating what are the enablers and the inhibitors of ML diffusion in
the design process. We adopted diffusion innovation theory to investi-
gate our research question.

2.3. Diffusion of innovation theory

Diffusion of innovation theory has been used in the study of infor-
mation systems implementation for more than three decades now. The
theory posits that there are multiple often competing factors that in-
fluence the decision of organizations or their key decision-makers to
adopt a novel technological solution (Rogers, 2003). A key point of the
theory is that adoption or non-adoption are not entirely based on aspects
of the technology, but include elements that pertain to organizational
arrangements, the external environment, as well as the socio-technical
system in which they are diffused. Furthermore, the structures and the
norms of organizations, which encompass the established behaviour
patterns for the members of a social system influence the types of op-
erations in which technology is being diffused, as well as the nature of
such deployments.

Furthermore, the theory describes how innovations are diffused over
time, which follow an S-curve form. Based on this distinction of diffusion
over time, the theory identifies five adopter categories are the in-
novators, early adopters, early majority, late majority, and laggards
(Porter et al., 2016). This differentiation into categories of adopters
highlights the fact that those that are within the first two categories face
different challenges that ones that are laggards. This is due to the fact
that while the technology has emerged as a potential solution for some
challenges, it is still at an early stage of maturity, which entails a lot of
tailoring and fitting the technological innovation to operational re-
quirements. As this is also the case when it comes to ML use in the design
process, it deemed as appropriate to use this lens when exploring the
enablers and inhibitors of diffusion and through the phases this occurs.
Furthermore, unlike most technology adoption models that focus on
adoption and non-adoption of a specific technology, diffusion of inno-
vation theory allows a more nuanced understanding of the different
phases of diffusion a novel technology undergoes while becoming part of
the organizational fabric (Gambatese & Hallowell, 2011).

3. Research methodology

We conducted an exploratory case study in four Norwegian design
consultancies and we relied on rich empirical data for generating new
insights (Eisenhardt, 1989). Specifically, we focused on idiosyncratic
dynamics within each case, such as the interactions between designers
and ML to better understand its enablers and inhibitors in the design
process. Gioia methodology guided the analysis of semi-structured in-
terviews (Gioia et al., 2013). Our interview questions were inspired by
the Technology — Organization — Environment (TOE) framework to
identify factors that enable and inhibit the introduction of ML in the
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design process (Tornatzky et al., 1990).
3.1. Research setting

The selection of cases plays a pivotal role when conducting an
exploratory case study approach as this defines the sample population
for the interviews and creates the basis for the interpretation of the
findings (Eisenhardt, 1989). We focused on the diffusion phase of ML in
design consultancies to develop a better understanding of the phenom-
enon. First, we interviewed key actors from organizations that have not
implemented ML into the design process. Then, we interviewed two
companies that tried to use ML in their design process but did not
implement it. Lastly, we included valuable information from the podcast
“Design For AI” by Mark Bailey.”

We focused on organizations that operate in the design field and
create tailor-made digital solutions for external customers. These were
identified through LinkedIn and companies’ Websites. To help minimize
the cultural and theoretical differences that could influence the findings,
only companies situated in Norway were included. In addition, we
included a podcast that was based in the United Stated. Moreover, to get
a broader perspective, we included companies with different sizes and
working in difference market segments. Only companies with a well-
established reputation and working for renamed customers were cho-
sen to ensure credible results. To summarize, we used specific selection
parameters, such as organizations located in Norway which operate in
the field of design, to create digital solutions with a well-established
reputation in the field (Table 3.1).

3.2. Data collection

We collected semi-structured interviews with several professionals
such as designers, CEOs, creative leaders, and developers to gather
relevant information about the introduction of ML in the design process.
The respondents were contacted via mail and provided with information
about our project (e.g., description and purpose of the project, data
collection, data storage, and others). Each respondent signed the consent
form. At the end of some interviews, we asked the contact of other po-
tential respondents in line with a snowballing approach. We asked
questions inspired by the Technology — Organization — Environment
(TOE) framework (Tornatzky et al., 1990) to examine different aspects

Table 3.1
Organizations included in this study.
Case Industry End users Digital services EU size
classification”
Company Design Professionals Websites for the Micro-sized
A Agency Consumers general public, <10
expert tools,
visual Identities
Company Design Professionals Digital Product Micro-sized
B Consultancy design, service <10
design, complex
systems
Company Design Consumers Digital products,  Micro-sized
C Agency service design, <10
visual identities,
facilitation, and
guiding
Company Design Professionals Expert tools, Medium-sized
D Consultancy Consumers complex <250

systems, digital
product design

2 https://ec.europa.eu/growth/smes/sme-definition_en.

2 http://www.designforai.com/podcast/.
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of ML technology in the design field. The framework considers how the
technological, organizational, and environmental dimensions influence
the process of introducing a new technology such as ML, which guided
our data collection process.

The interviews lasted from 46 min to 1 h and 44 min, and the average
time was 1 h and 4 min/please see Table 3.2). The interviews were
conducted online with Microsoft Teams, they were recorded with video,
sound and automatically transcribed. Notes were taken during the in-
terviews to highlight important aspects and write down initial thoughts.
In addition, we included in our dataset the episodes 3, 5, 7, and 8 of the
podcast “Design for AI**.

3.3. Data analysis

Gioia methodology (2013) guided the data analysis of semi-
structured interviews and the conversation in the podcasts “Design for
AI”. NVivo software helped the organization of the codes and the
interpretation of the companies. Open coding played a fundamental role
in data analysis and allowed us to let the data tell the story that emerged
from the four design consultancies (Gioia et al., 2013). The codes were
strictly linked to the terms used by our respondents such as automating
repetitive tasks, technologies to improve our joy of creating and others.
The process resulted in approximately 300 1st-order codes. Then, the
codes were grouped according to TOE framework. Moreover, other
categories were included, such as company information (e.g., the type of
organization), design process (e.g., which phases were included), ideas
for ML tools. This allowed us to write the findings as follows.

4. Findings

In this section, we present the companies, their services, the design
process they follow, and their reflections about ML along the three-
design process. We conclude with a framework that shows the diffu-
sion of the enablers and the inhibitors of the ML at each process and the
interrelationships among them.

Table 3.2
Summary of collected interview data.

Organization =~ Respondent  Position Experience Date, duration
of interview
Company A Al Web developer 10 years 25.02.22-50
(Design min
background)
A2 CEO and project 6 years 23.02.22-1 h
leader 22 min
(Economy)
A3 Designer 14 years 04.03.22-52
(Founder) min
Company B Bl UX and UI 1 year 22.02.22-1h1
designer m
B2 Senior designer 10 years 23.02.22-1h
(Founder) 13 m
Company C C1 UX designer 16 years 24.02.22-1h 2
m
Cc2 Digital and UX 3 years 24.02.22-46
designer min
Company D D1 Creative leader 8 years 23.02.22-1 h
of digital base/ 14 min
design
D2 Digital designer 1 year 22.02.22-1h
29 min
D3 Creative director 20 years 24.02.22-52
for digital design min

3 http://www.designforai.com/podcast/.
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4.1. Company A

Company A is a design agency, which offers multiple digital services
to both consumers and businesses. For consumers, it creates mostly vi-
sual identities, digital products such as websites and can include also the
creation of the entire digital presence in the virtual world, which re-
quires the designers to gain more domain knowledge. For businesses,
company A creates more complex tools, which are used by professionals
in their field (e.g., tools can be used internally by the customer or tools
that are used by customer’s clients). The company is micro-sized and
consists of a CEO, designers, and developers. Each employee owns part
of the company, which is an incentive to continuously develop the
company, to work with high standards, to be curious and experimental.
Respondent A2 pointed out they are lucky because their designers have
development knowledge, and the developers have design experience
allowing them to collaborate efficiently.

4.1.1. The design process

The design process is based on design thinking to ensure high-quality
results within a certain budget and unfolds along three main phases. In
the insight phase, the designers focus on collecting information from their
customers, end-users, and the context of use. If the solution will be used
by experts, the designers will collect additional information about the
jargon and the specific terms to better satisfy the needs and expectations
of the end-users. Usually, this phase lasts approximately a month and
consists of multiple workshops. The creation of the final solutions re-
quires considerable guesswork with the client. Several customers are
medium-sized companies and lack a culture for data collection. The
insight phase is challenging as the customers often do not know exactly
what they need as respondent A3 explained:

“We start digging into why they need the app. For example, when cus-
tomers ask us to develop an app, in 90% of the time they just need to send
push notifications. We explain them this is not a good reason to build an
app, there are other solutions for that.”

Qualitative approaches are used for conducting interviews, work-
shops and for collecting paper-based or digital information. Workshops
are particularly useful for identifying core functionalities and for
creating the data workflow with a focus on user experience. White-
boards and sticky notes are widely used to create a shared mental model
with the customer from the first meetings. The analysis and the
extraction of relevant meaning from the collected information, which is
described as a journey, where the process is as important as the result.
Therefore, company A collaborates closely with its customers during
each phase. To create a more creative and relaxed environment the
company created an informal space with a couch, bean bags and
removed formal tables where the designers and the customers sit in front
of each other. Their aim is to become a team, which fosters creativity
and innovative ideas. Weekly or biweekly meetings assure continuous
communication even after the insight phase.

In the prototyping phase, designers use Figma, a collaborative design
tool for creating prototypes. However, Figma lacks some desired func-
tionalities such as the creation of prototypes that automatically respond
to different screen sizes. Thus, it can be challenging and time-consuming
to enter necessary information suitable for the screen of a computer, a
mobile phone, and everything in-between. In addition, company A
usually use its own version of the Google Design Sprint to create a
prototype. The designers have customized the process to include more
aspects of the design thinking approach, which resulted into extending
the length of the process from five days to around six weeks. During the
design sprint, they organise multiple new workshops to identify cus-
tomers’ preferences in the prototype instead of only focusing on pixels
and layout. Designers avoid jumping to final conclusions as respondent
A2 explained that even if some projects might be similar to prior work
they did in the past, they need to adapt it to the clients’ specific needs.
This requires awareness and good understanding of each customers’
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preferences in order to personalise the solutions accordingly.

Designers create innovative solutions but at the same time they need
to apply industry standards, which might be at odds with creativity.
Respondent A3 questioned how creative designers can be and stated that
good design is not very subjective, 20 % of good design is the designer’s
opinion, while 80 % is focused on following industry standards. More-
over, respondent A3 highlighted that designers should think like de-
velopers when they create a prototype to consider both the limitations
and the possibilities. This also ensures the designers do not promise
something they cannot deliver. Thus, the developers in the company are
often involved in the design process. However, respondent A2 empha-
sized that designers should not focus on the limitations from the
beginning to ensure the process is creative rather than restrictive. This
requires developers to be open minded, even when the proposed ideas
seem to be challenging to develop.

Usually, company A is in charge of developing the solutions until the
prototyping phase. Sometimes, it continues the design process until the
evaluation phase, which lasts few weeks to ensure the prototype and
developed solution match end-users expectations. Designers and other
employees assess all details such as layout, fonts, and colours. Based on
clients’ requests, the company can also be involved in further develop-
ment improvements, which include redesigning parts of the solution,
changing functionality and others.

4.1.2. Reflections about ML for the design process

Although ML technology can improve the design process and com-
plement other traditional tools, company A did not embrace this op-
portunity and provided a fine grained explanation of such choice. It
experienced several challenges in the preadoption phase. First, the term
Machine Learning (ML) was perceived as a buzzword and a “hype” but in
reality, they did not know what ML entails. Indeed, the designers
highlighted that they did not know enough about the current state of Al
and ML in the design industry due to the lack of design communities to
share ideas and tools. However, such concerns decreased in the last
years. Second, ML works well only when the information is in English or
with a clear handwriting. Thus, its implementation might be difficult in
countries that speak other languages. Third, the lack of consistency and
predictability of the outputs elaborated by ML raises scepticism espe-
cially during the prototyping phase (e.g., when ML is used to create
components that need to follow specific styles). Therefore, the company
preferred to use a component pack made by a well-known designer.
Fourth, although several employees believed ML has potential to facil-
itate and streamline the process, they were concerned with the time
necessary to learn how to use this new technology. Therefore, the
company did not introduce ML in the design process as it can result in
wasting time respondent Al explained:

“I think the reason we don’t use it is because right now it feels like a steep
learning curve, and it still feels a bit immature. It might result in wasting
time and might create issues because we’re such a small firm. If one or two
of us will focus on finding new tools, this would reduce our working
capacity.”

ML can be particularly useful for automating repetitive and tedious
tasks. However, respondent A3 was concerned with the trend that ML
would substitute designers for the creation of wireframes:

“The designer’s role could be completely removed from the wireframe
creation. So, if Machine Learning (ML) creates 10 different designs and
then tests them, you (designer) can find the best option. Then my re-
sponsibility (as designer) would be just gone.”

Lastly, respondent A2 explained that their focus is not on the tools
themselves but on the joy of creating new solutions that better satisfy
their clients’ needs. If and when a new technology contributes to this
mission, they will embrace it. For example, respondent A3 perceived ML
as a way to help designers follow universally accepted design conven-
tions and to improve prototype responsiveness. ML could be useful for
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providing suggestions, but the designers remain in control of the design
process. Even if most of the employees were sceptical about the intro-
duction of ML in the design process, respondent A2 hoped it will become
part of the design process in the future because it has the potential to
make the process easier and faster:

“I should say we’re not in general negative to that kind of technology, as
long as it can make the end product better”.

4.2. Company B

Company B is a micro-sized design consultancy, but it is not a typical
consultancy that works in their customers’ offices. Instead, most em-
ployees sit together in their own office, collaborate with their customers
through web meetings or working as semi-in-house designers for tech-
nology companies. The company focuses on designing and creating
digital products. Their end users are primarily businesses; thus, it creates
solutions for the employees or for the customers of such businesses.
Respondent B2 stated they prefer to work on more complex systems that
require a more methodical approach to design. The company consists of
only designers. One of its founders, respondent B2, explained that it was
created because they felt there was no other existing design consultancy
that worked the way they desired. The process of growing the company
was described as an organic learning-by-doing process. In the near
future, company B would like to remain a micro-sized company, but it
aims to build a design community.

4.2.1. The design process

The company follows the double diamond iterative framework. The
designers divide and explore different ideas before converging to few
concepts. Then the solution diverges and converges again during the
prototyping phase. The design process has evolved from the times when
the employees contacted the client, delivered a proposal, and followed a
design process, which consisted of insight, concept, and detailing.
Today, they work more as an embedded part of the team, with less
clearly defined processes, and continue to collaborate with the customer
for multiple projects. This also allows them to be involved while
improving the solution later. Overall, they go through the following
design phases. During the insight phase, employees collect quality user
insights through interviews and sometimes workshops. The designers
use post-its and whiteboards to structure the information they collect
during the meetings and workshops. Sometimes, they use also Miro is
also for the presentations, and drawings, and as a whiteboard. However,
respondent B2 mentioned the importance of white paper for sketching
the idea without any indications of digital tools. The often had regular
meetings to define the problem with the entire team, and the end users
as early as possible. In addition to defining the problem, they also
identify potential constraints and technical limitations. The aim is to not
spend time to create the wrong solution but to translate the problem into
something tangible. Respondent B2 explained it is a maturing process to
get the client to involve the end-user by specifying,

“Usually, you see the effects of involving the end user really quickly once
you get there. What you take away from having a workshop or a user test
is that you should have done this sooner. It clears up a lot of stuff.”

In the prototyping phase, company B feels most confident and
empowered because of their vast expertise. The process entails multiple
iterations to define the details of the prototypes. According to respon-
dent B1, they usually start with the lowest fidelity paper-based pro-
totypes to remove details because digital tools provide multiple details
that might influence the perception of the end-users. Respondent B1
preferred starting on paper to signal that the prototype is unfinished,
which makes it easier for people to give honest feedback and start from
scratch if necessary. The next step is to create high-fidelity digital pro-
totypes. As many designers spend the majority of their day using digital
tools, people have many inbuilt expectations, and the users are familiar
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with patterns and certain behaviour. Therefore, they follow such stan-
dards and update their knowledge on this, which requires resources.

In the evaluation phase, the company checks if the final solution meets
user requirements and delivers it to the client. However, with a close
relationship with the customers, many projects never really end as many
solutions have the first launch and are redesigned through many itera-
tions. Other times the company hands over the design to the company. In
that case, the solution is developed and further tested without company
B.

4.2.2. Reflections about ML for the design process

Company B created some products with ML functionalities based on
customers’ requests and the designers had a basic understanding of ML.
However, the company has never intentionally used ML in its design
process. According to respondent B2, multiple Al-driven automatic page
builders have promised a lot but failed to deliver. Also, Bailey found the
same inhibitor, in his podcast he stated that multiple ML tools have not
delivered what they promised, such as The Grid a website designing tool.
This negatively influenced designers reaction to ML. In addition, ML
needs high quality data to provide good results, which is challenging
when there is less relevant training data for a Norwegian company. In
addition, the designers did not trust much the feedback or suggestions
provided by a ML. Due to unpredictable results provided by ML,
respondent Bl found it scary to leave too much responsibility to ML.
Another concern refers to the perception of losing control during the
design phase, which is also linked to the responsibility they feel for the
end product, as respondent B1 affirmed:

“If something is not good, then, in the end, it’s my fault. So, if I want to
save time by using this Machine Learning thing and then it turns out it
wasn’t right. It’s going to be my fault.”

Despite such concerns, the company is willing to use ML and explore
new options. However, it is not a topic often discussed among designers.
They are more likely to try tools when they donOt need to commit to
using them, which can be achieved by having easy access to an online
version or a free trial period. Respondent B1 mentioned that ML should
provide suggestions, but the designers should be able to override ML
decisions.

4.3. Company C

Company C is a micro-sized design agency composed only of de-
signers. Different from the other companies, it creates mainly solutions
for consumers. The company focuses on digital product design, service
design, and visual identities for both the private and public sectors.
Respondent C1 explained that solutions for consumers have the most
potential for enabling the customer to gain money, thus such customers
invest a bigger budget for creating the solutions.

4.3.1. The design process

Design thinking guides the creation of digital products for consumers
with iterative procedures along the three design phases. In the insight
phase, the designers collect information from their customers with a
qualitative approach to understand the goal, the domain, and the cus-
tomers’ specific needs. Most of their clients are start-ups. The employees
do not have the skills or time to collect and analyse user data to provide
the designers. In addition, they do not analyse such qualitative data
because this is a task outside designers’ scope and more appropriate for
developers. The goal is to involve the client as much as possible in their
team, allowing for parallel work and better communication. On the one
hand, the customer becomes a sparring partner, which lowers the
threshold for showing unfinished work, especially if the customers have
experience in that specific domain. On the other hand, the customers
lack knowledge about design practice, which requires them to pay more
attention to what to show and share. Thus, the company customizes
customer involvement based on their knowledge. The employees avoid
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using laptops during customer meetings because they limits the
connection between the designers and the customers. Moreover,
respondent C1 mentioned that designers prefer to avoid digital tools in
this phase because they create sketches that are “too perfect”, as the
creation of a box automatically becomes a “perfect box”. This makes it
hard not to focus on the details. Such insights are used to pitch an idea,
which is based on the information collected from the end-users, the
design principles, and best practices. Respondent C1 affirmed that the
most important thing is to work with agile approaches and deliver the
final solution to the market as fast as possible. This allows for user
feedback and real-life testing of the solution without spending too much
money on the wrong functionality.

The next step is a new iteration of the prototyping phase, which re-
quires professional examples of the final solution as it takes less than a
second for a user to figure out whether they like what they see or not. An
unprofessional design can affect the user experience even though the
functionality meets their desired requirements. One of the main chal-
lenges for a designer is to solve the specific problem requested by their
clients. Respondent C1 explained that designers could easily create a
solution that looks good, but good design is much more than good-
looking. Consequently, a designer’s work is not only about the crea-
tion of solutions that works, but they also need to follow best practices
and apply appropriate tools to solve specific needs. However, some
customers might lack expertise in the field and good imagination.
Therefore, they prefer to show the end-users something that looks like
the final product. It is even better to create functional prototypes that act
like the developed version, which helps end-users give better feedback.
It also helps them explain what they need and to better understand what
to improve.

In the evaluation phase, it is important to think about how the user
test is framed, as this affects the final results. It is also crucial to assess
what questions are asked or how the information is displayed. The de-
signers also need to know that digital products and web pages’ design
work never really ends because these solutions can always be improved.
Multiple iterations are necessary to develop a solution that meets all user
requirements. However, the company often is not involved in the phases
due to a combination of budget and the customers’ requests for building
an in-house department for development and design. In Norway, the
market is small, and the customer’s budget is also relatively small, even
when creating solutions used by consumers. Thus, the budget allocated
for the design process is often related to the potential income of the final
product. A smaller budget ironically often requires a senior designer,
who can work faster, but is more expensive.

4.3.2. Reflections about ML for the design process

The introduction of new technologies in organization C is described
as a teamwork. The employees share when they find new tools. In
addition, respondent C2 subscribed to multiple newsletters about design
and technology. They claimed to have a low threshold for trying new
things. The active search for new technology has led respondent C2 to
introduce ML technology into the design process. Multiple simple ML
tools were used, such as an abstract blob called blobmaker* that creates
a figure based on how many edges and how abstract the designer wants
the blob to be. This simple tool saves time as well as creates blobs that
are different but have a similar design style. In addition, the respondent
used the tool khroma,” which uses ML to create palettes of colour
combinations, which provides more inspiration. On one side, this tool
can be hard to fit into the design process, as many customers already
have a colour palette. On the other side, it can be very useful for creating
design identities for new customers. Company C elaborated interesting
insights about the introduction of ML in different phases as follows.

The company identified some requirements for introducing more ML

* https://www.blobmaker.app/.
5 http://khroma.co/.
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tools into the design process that could support designers to work in a
better way. Instead of providing a finished design, they prefer more tools
that automate parts of the process. For example, the spelling function on
Android and iPhone helps the user finish writing sentences and work
together with the user instead of trying to produce something inde-
pendently. Creating tools that automate parts of the process is also
suggested in the podcast by Bailey. He explained the future of Al should
be in human-AI hybrids as both humans and Al systems make shortcuts,
the best results are achieved by filling in for each other. Bailey suggested
that future Al tools should not replace designers but instead collaborate
with them. One of the challenges the company experienced is a lack of
time, and this is the aspect to which ML can mostly contribute. However,
if the tool is too complicated, it is often not worth the time to learn,
especially for tools solving a very specific problem.

4.4. Company D

Company D is a design consultancy, which creates digital solutions
for customers that are used by both consumers and businesses. However,
Respondent D3 stated that almost all their projects are internal tools
used by professionals in businesses. These projects are often highly
complex, including many stakeholders and handling large amounts of
information and data. The common denominator of their solutions is
that they are for screens, which includes mobile phones, the bridge of a
ship, or the screen of a heat pump in an industrial setting. Unlike com-
panies A, B, and C, the company is medium-sized. The company consists
of approximately 95 % designers, which means they do not have em-
ployees with degrees in product management and sale, but they do not
all have the same background. Respondent D1 has a background in IT
and no degree in design. Respondent D2 has an art background as well as
a design degree. Based on this, respondent D3 explained that being a
designer in the company is a very broad title, including people with
different backgrounds.

4.4.1. The design process

The design process of company D is inspired by the double diamond
framework and unfolds along the following phases. The insight phase
traditionally involves post-its and whiteboards to structure the infor-
mation collected during meetings and workshops with customers, de-
signers, and end-users. Usually, customers don’t have a clear idea of the
product or service they would like to have. Sometimes the customer asks
for an app, but during the first stage of the double diamond, the de-
signers discover the actual needs of the customer. Moreover, designers
build empathy during this phase which plays a pivotal role for the entire
project, thus they involve the customer throughout the whole process, as
respondent D3 explained:

“We never have a project brief, and then we do our magic in the backroom
and meet six months later with a ta-da moment. I don’t really believe in
those kinds of processes in complex projects because the clients, they are
the experts of their own domain, and they know the category, their
company, and their own users.”

In addition, respondent D1 mentioned that as a consultant, their job
is not only to end up with the best product, but they also need to develop
a good relationship with the client for a closer collaboration as
respondent D1 explained:

“Low maturity, I would say, is when a client comes to design agency and
says, ‘this is the spec we have for the application we want to be made. Can
you make it look pretty?’. That’s, in my opinion, not a very good use of
design resources. Of course, we do that as well and try to make things
pretty. But we are trained in making things usable, trained in connecting
needs to functionality.”

When the end-users of the solutions are companies, designers often
visit their clients in their own location because it reveals crucial facts
about how the users work and what solution they need. For example,
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company D had a project with fish farming industry to digitize a process
that was previously done using a walkie-talkie, pen, and paper. The
customer asked to create an app, but when the designers visited the
facility, they noticed that employees had to keep one hand on the rail to
avoid falling in the water, and the cold weather conditions often
required the employees to use gloves. In such working conditions, it
would be difficult to use an app. In addition, the designers conducted
interviews with several employees such as facility managers, people that
feed the fish to better understand end-users’ needs. Often time, the cli-
ents have large datasets of data, but they don’t know how to analyse and
use this information, thus company D helps the clients with data analysis
in the insight phase.

In the prototyping phase, designers create the overall layout and
structure of the solution starting with low fidelity prototype which al-
lows easy and fast feedback from the customer and end-users without
focusing on design choices. The designers do not spend much time
creating low-level prototypes. As soon as details are added to the low-
level prototype respondent D3 experience the users focus mainly on
the details. Related to this, respondent D1 often felt the time used on a
paper prototype was not worth the effort. Instead, they started to create
high-fidelity prototypes early. For them, data was important when
prototyping, as it could be used to feed the prototypes or create devel-
oped prototypes that are more interactive. Respondent D3 explained
that they are not able to extract all the information from the data but are
using it more and more. Three years ago, they were not creating these
types of prototypes, but it is becoming more common. In company D,
developers are not introduced after the prototype is finished but are
involved in the creative design process. This allows the designers to
learn and expand their knowledge of available opportunities and en-
sures the prototypes are within the limits of what is possible.

4.4.2. Reflections about ML for the design process

The company believes it is important to improve constantly, espe-
cially for companies that sell their competence. Respondent D3 pointed
out that nobody can know everything, but most people are good at
something. The company incentivised its employees to update their
knowledge by working 80 % of their time on projects for customers and
the remaining time they learn new technologies, techniques, trend, and
others, as respondent D3 said,

“I think that design companies who don’t embrace technology will die
because they won'’t be relevant in the future. You can’t base design on
only creative minds and thoughts. We need to understand the opportu-
nities and possibilities the new technology offer. And also, many of our
clients are driven by technology, so I think tech is probably more impor-
tant now than ever.”

Company D used some ML tools as an experimentation, such to
generate new icons, to create synthetic human faces, to digitize sticky
notes and other text. ML translated the handwritten text into digital text
to help designers to summarize the information collected during the
workshops. In addition, before joining the company, respondent D2
created a small tool for brainstorming as an icebreaking exercise when
creating physical products. The ML was trained on different physical
objects and created new abstract objects with a corresponding text
description. The goal of the tool was “to help people with idea creation, to
help people open conversations”.

Respondent D1 questioned whether there is a need for all ML tools
today. When introducing ML, there is a need to translate the designer’s
knowledge into something that ML can understand. Respondent D3
mentioned ML is still a buzzword and it did not deliver what it promised.
Respondent D3 explained companies today are in the phase of collecting
data, which will result in an environment for ML tools in the future.
Access to quality data allows for ML technology to mature. The uncer-
tainty towards ML is also related to the black box issue as it is not
possible to see which kind of data was used to train ML. Respondent D1
explained they, as designers, lack the knowledge of data quality and ML
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to build and train models themselves. Another challenge related to data
quality is the risk of developing a tool based on human biases, as
respondent D2 explained,

“Machine Learning is often trained on biased data. What the database is
based on is very important to what the outcome is going to be, and that’s
very problematic when it comes to a lot of social issues.”

The company tried relatively simple ML tools to automate some
tasks, but not the entire process (e.g., use ML to reduce the number of
input fields for the user). In addition, one of the main qualities of future
ML is to make quantitative data understandable, which can create
valuable predictions and assumptions. However, the way ML is used
should be transparent. Respondent D1 also states that prototyping tools
should create output in a format that can be imported into multiple
tools. For example, SVG gives the designers more freedom and adds
flexibility. Respondent D3 believed ML could help with new ideas gen-
eration and as an inspiration tool.

5. Enablers and inhibitors of the diffusion of ML in the design
process

The objective of our study is to investigate the enablers and the in-
hibitors of ML in the design process and to present the reflections that
emerged during the diffusion phase of ML along the three design phases.
In this section, we provide a greater understanding of the inhibitors that
limit the introduction of ML in the design field but also the enablers that
can improve the creativity and innovativeness of the designers.

The companies included in our study follow three main design
phases with a user-centred approach and multiple iterations until de-
signers and the end users are satisfied with the solutions created. The
three phases do not occur sequentially but based on the user satisfaction
and the iterations done to define specific aspects of the final solution.
The designers start with the insight phase to collect the information
necessary to generate innovative and functional ideas, then they can
proceed with the prototyping phase to provide a graphical representa-
tion of the proposed solution proposed or they can go directly to the
evaluation phase. In the evaluation phase, the designers assess the final
solution and check if proposed solution matches the standards and the
preferences of the end-users. Multiple iterations occur between insight,
prototyping and evaluation phases until relevant details are defined
(please see Fig. 1). Several technologies are used during these design
phases such as Figma, Adobe XD, Google Design Sprint among others.
Recently, ML started to attract more and more attention in the design
industry however none of the companies introduced it in their design
process. We identified several inhibitors and enablers of ML in the
diffusion phase for the three design phases as follows.

In the insight phase, the companies collect qualitative information
through interviews, workshops, and visits in the place where the
requested solution will be used. This is particularly important for idea
generation and customization of the solution. The way information is
collected and analysed plays a pivotal role as it delineates a potential
idea for the solution, however designers face several limitations with the
use of the current digital tools. For example, they take notes on white-
boards, use sticky notes, make some initial drawings to make sense of
the domain knowledge. Then, then they take pictures of the whiteboard
multiple times as the board fills up. Next, designers analyse this infor-
mation and continue with idea generation. These tasks are tedious and
time consuming, which could be performed by ML. For example, ML
could be useful for transcribing the interviews, or other registrations, for
transcribing handwritten annotations from the sticky notes into digital
text, or for summarizing other text information to help designers better
understand the domain. In addition, ML could be useful for data analysis
by creating groups of similar notes and for new patterns identification.
Some ML tools available to perform these tasks, however they can be
used mainly in English with satisfactory results as they have not been
trained also in other languages. In addition, the lack of knowledge about
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Enablers
* Make suggestions based on universal
design conventions
* Support designers with best practices

Enablers
* Transcription of handwritten sticky notes
* Data analysis, patterns identification

Inhibitors Tt
* Lack of ML knowledge
* ML provides poor results in other languages

Prototyping
phase

Inhibitors

Enablers
* Check requirements of final solutions
* Suggest options for colours, layouts, ect.

Evaluation
phase

Inhibitors
* Unpredictable ML outputs
* Lack of trust in ML, perceived as a threaten

* ML is still a buzzword and not
introduced in design field
* ML lacks design functionality

Fig. 1. Enablers and inhibitors of Machine Learning (ML) in the design process. Arrows with full lines represent the first iteration: ——. Arrows with dotted lines

represent the multiple iterations among the three phases: -------- >

ML for the design community inhibits the introduction of ML in the
design process as designers have limited or no knowledge about how ML
works and how it can contribute to their work. Lastly, several designers
felt threatened by ML tools as they do not understand this new tech-
nology, thus they feel insecure, and are afraid of being substituted and
losing their job.

In the prototyping phase, designers make a graphical representation of
the ideas generated in the insight phase. They create samples of poten-
tial solutions in line with universal design conventions, specific rules,
and best practices. ML would be useful for creating dynamic prototypes,
for exploring different options for each solution, and for making sug-
gestions based on universal design conventions. The application of best
practices and universal design conventions is pretty challenging espe-
cially when designers make changes to some parts of the prototype.
Thus, ML could help designers to create more responsive prototypes
without the need of redesigning the different screen sizes. Thus, ML
could help designers with the creation of easy and responsive solutions
for mobile and desktop by providing suggestions for any other desired
size, based on which the designer can customise the solution. Next, ML
could be used to generate designs based on rules, specific characteristics
inputted by the designers and best practices. Indeed, designers spend
considerable time for the research of best practices. This task could be
automated by ML, the designers could define the desired characteristics
in the tool, and ML could provide several suggestions for design options.
In other cases, ML could support designers with automatic notifications
when designers change the style of a component, and it actually does not
fit in with the rest of the prototype. Moreover, ML could support the
transition between physical and digital designs by playing the role of a
fictitious end-user. Lastly, ML could be used for matching new compo-
nents with what is already designed, for improving the navigation in the
solution with automatic suggestions for new placements and styles for
the navigation components. The different options for navigation could
be presented to the designer, such as suggest the switch from a
hamburger menu to a menu bar. However, ML is not yet introduced in
the design field, indeed it is perceived a buzzword, which did not deliver
what it promised to deliver and most of the desired functionality
mentioned above are not inscribed in the ML tools.

In the evaluation phase, designers need help with the identification
and adherence of standards for accessibility, which are changing
continually, and this makes the interpretation of colours slightly
different. ML could notify when the solution is no longer considered

accessible. It would be even more helpful with a suggestion on what and
how to make the change. Customers sometimes do not understand that it
is important to negotiate developers’ and designers’ standards and re-
quirements. However, sometimes developers had different opinions on
some parts of the solution created compared to designers. Often, de-
velopers create their own interpretation of the design and overlook
details in the design prototypes. To make this process easier, ML could
be used for matching the design with the implemented version, ML could
analyse the two solutions, identify their components, and suggest what
should be changed to match all requirements. Then, ML could be useful
for accessing more complex user patterns based on the operating system.
For example, ML could check if Android users signed up to a newsletter
more or less than iOS or desktop users. When redesigning the solution,
this information could result in a better user experience. Moreover, ML
can be used for comparing the final version of the developed website to
the design prototype to save time and create more targeted solutions.
The functionality could include a ghosting image on top of the website
and supply suggestions of placement, colours, and other differences. In
other situations, the employees might forget to check that every detail is
properly designed. ML could assist designers by checking all re-
quirements, including spell checking and layout. However, several de-
signers were concerned with losing control in the evaluation phase and
more in general in the design process if ML will be implemented (Mikalef
etal., 2022). The need for control is closely related to feeling responsible
for the end product. Not being able to control the output of an ML tool
increases this stress. Another inhibitor of trusting ML is related to the
consistency of what the ML outputs. The unpredictability of ML outputs
makes it hard to trust its suggestions. Several designers highlighted the
importance of transparency of ML because for now it is perceived as a
black box tool. Another reason for the lack of trust in ML tools is linked
to a preconceived notion that traditional tools are better to use presented
by companies A, B, and D.

6. Discussion

Our article provides a deeper understanding of what designers think
about the diffusion of ML in the design process and discusses the en-
ablers and inhibitors experienced in three main phases that are insight,
prototyping, and evaluation. Semi structured interviews were collected
in line with Eisenhardt’s (1989) guidelines for the research setting and
data collection. We analysed four Norwegian design consultancies by
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following Gioia methodology (2013). We interpreted the rich data from
Norwegian designers, developers, and leaders working in the design
industry, and we uncovered the key phases designers follow and which
technologies are involved in the design process. Conducting a qualita-
tive study has provided a rich insight into the creative industries. Our
study contributes to the discourse on Al literature (Collins et al., 2021).

We identified that the diffusion of ML in the design process is still in
an early stage, and often times the tools available today do not meet user
needs. Although a link between technological knowledge and the will-
ingness to embrace new ML tools emerged, most of the companies also
experienced a lack of high-quality data available. This was linked to
working for smaller and less established customers. The lack of available
tools, technological knowledge, and data was the biggest inhibitor to the
diffusion of ML tools. It was also found that these factors were linked to a
lack of trust in existing ML tools. Despite the inhibitors identified, the
designers are willing to try new ML tools and want to learn more about
this technology. This is especially true for tools that can assist the de-
signers and allow for control when working.

6.1. Theoretical implications

Our findings contribute to the literature about Artificial Intelligence
(AD in information systems Collins et al., 2021; Mikalef and Gupta,
2021) and in the design research (Verganti et al., 2020). While several
scholars investigated the adoption or the post-adoption phase of Al in
organizations and in design research, less is known about the diffusion
phase of this new technology. Indeed, AI has great potential to improve
the performance of organizations or of workers, but at the same time its
application in real cases is still very limited. We contribute to this
research by presenting the reflections and the desires of both designers
and developers related to Al. Moreover, we present not only the desired
features or functionality of Al necessary in the design field, but we also
discuss the inhibitors that are limiting the introduction of Al in the
design consultancy. Such reflections are fundamental for better under-
standing the hindrance that restrict the use of advanced technologies. In
line with Berente et al. (2021) and Glikson and Woolley (2020) a lack of
trust in ML is found as an inhibitor of introducing ML. Our findings are
also consistent with the statement from Bailey, the notion that the lack
of trust in ML has increased in line with the creation of ML tools that
have not delivered what they promised.

Extant literature investigated the design process by focusing on some
phases in isolation, limiting current knowledge about how the three
main design phases interact with each other and use advanced tech-
nologies to accomplish their tasks. Our research contributes to this
stream of studies by providing a more complete perspective of the design
process along the three design phases, which are insight, prototyping
and evaluation and by reflecting on the enablers and the inhibitors of
each phase. Previous studies suggested that designers should focus on
sense-making and understanding what problems should be addressed,
working as problem setters (Verganti et al., 2020). As problem setting
also includes inputting the correct information into an ML tool, the
challenges designers face with translating the information into some-
thing tangible can be seen as an inhibitor of ML. Our study found that ML
should be introduced as an assistant to designers’ work, thus the future
of Al is more related to human-AI hybrid collaboration. Designers
continue to lead the design process and rely on ML tools to automate
some tasks and to provide some suggestions. Therefore, ML should be
used to complement the designer instead of replacing them by simu-
lating human behaviour and acting as the designers’ “best friend”.

6.2. Practical implications

The findings presented in the thesis also provide valuable insight into
what designers think about introducing ML in the design process. We
found that designing digital solutions includes gaining insight into the
domain, the customers, and the end-users involved in the process.
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Designers focused on actively including both customers and end-users to
ensure better insight. In addition, they found it important to be actively
involved themselves. However, we found that ML tools still have the
potential to aid this part of the process such as tools for automating
tedious tasks like transcribing notes, gaining domain knowledge, and for
gaining a qualitative understanding of quantitative data. The insight was
followed by prototyping the solution, either going through many
different prototype fidelities or creating a dynamic and realistic-looking
high-fidelity prototype as fast as possible. The designers were favourable
to trying tools that could provide new ideas and think outside the box for
prototyping.

In the evaluation phase, designers checked if the solution met re-
quirements, industry standards, and national regulations, e.g., accessi-
bility. For this step, the designers wished ML tools to suggest
improvements or automatically evaluate if the solution follows design
standards. When working, the design companies tried to get involved as
early as possible and wished to stay involved after the prototype was
created. This active involvement can inhibit the use of ML tools that
restrict the process or limit the inclusion of the customer, end-users, and
developers. Multiple designers also introduced more technology into the
design process today than a few years ago. However, the designers did
not feel the ML tools available today met their expectations. This un-
certainty made it challenging for designers to stay updated on what tools
were available, as they did not feel they had time to search for new
technology. It seemed interacting with a design community or sub-
scribing to newsletters focusing on technology made it easier to stay
updated on what new tools were created. In addition, the study found
that the companies that prioritized time to develop new skills were more
likely to try new tools.

7. Limitations and future research

Our study has some limitations that can lead to future studies. First,
we included companies located in Norway to limit cultural differences
among companies we interviewed. However, design consultancies
located in other countries might experience difference enablers and in-
hibitors in the diffusion phase of ML. Therefore, future studies might
investigate similar studies in other countries to consider and include also
other cultural differences and identify other findings. Second, we con-
ducted an exploratory case study with semi-structured interviews to
investigate the enablers and the inhibitors of ML in the design research.
However, more sources of data might further enrich our understating of
this emerging phenomenon. For example, observation of the way design
work along the three phases. Third, we interviewed mainly designers
and developers with different backgrounds. Therefore, this influenced
the focus on the design field along the three design phases. A designer
with a good understanding of ML will likely identify different inhibitors
and enablers than a designer with no knowledge of the field. In addition,
some of the respondents presented themselves as tech enthusiasts and
described being the ones introducing new technology to the organiza-
tion. It is worth noting that the respondents who agree to join this study
may be more interested in ML and new technologies. Future studies
might consider interviewing also professionals with other backgrounds
and expertise that work in design consultancies. Forth, we included only
ten participants from four companies. However, there is a need to
research this field by collecting more data to support the findings. This
has the potential to uncover new relations between the design process
and the use of ML. As the study included few companies, it can be seen as
a limitation that only % of the companies were micro-sized, and %
mostly created complex systems for business end-users. Future research
might consider conducting more interviews from larger companies to
analyse the diffusion phase of ML in design companies. Lastly, none of
the companies included in this study used ML tools for every design
process, thus future scholars might involve companies that have already
introduced ML in their design process.
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