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Abstract

Machine learning (ML) is a technology that is undergoing rapid technological innovation.
It is expected that this would be followed by a period of design innovation, where designers
use the material in new and unexpected ways. And yet, despite increasing interest in ML
as a design material, designers seem unable to leverage the material to its full potential.
This study aims to characterize the lived practice of designers who work with ML as a
design material, in order to determine what is holding them back. I conducted twenty
retrospective, semi-structured interviews with design practitioners with experience working
on ML-powered products. I analysed the interview transcripts using thematic analysis, and
constructed five themes that characterize ML design practice from the data: design process
& methods, machine learning as a tool, advocate for the user, need for close collaboration,
and real data, real complexities. The findings suggest that despite similarities to non-ML
design, designers working in ML face a uniquely challenging practice. This understanding
of practice provides the first step towards supporting designers in their practice to fully
leverage ML.
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Chapter 1

Introduction

This thesis presents a study on the practice of designers who work with Machine Learning
(ML) as a design material, with the purpose of achieving a solid understanding of this
practice.

1.1 Background

ML is a technology that is receiving a lot of attention as of late (Kuniavsky, M.; Churchill,
E.; and Steenson, 2017). Though the technology has existed for a considerable amount of
time, ML has really claimed its place in the spotlight in recent years, gaining interest from
businesses and researchers alike (Dove, Halskov, Forlizzi, & Zimmerman, 2017; Yang, Scuito,
Zimmerman, Forlizzi, & Steinfeld, 2018). Holmquist (2017) poses that ML will continue to
become an even bigger part of our everyday lives as intelligence is included in more and
more mundane products.

ML is a subfield of Artificial Intelligence (AI), which in turn is a subfield of computer
science that focuses on systems that act like humans. As with any technology, design is
a considerable part of the ML development process. With the increasing developments in
ML technologies, designers are expected to leverage the technology and its capabilities in
unexpected ways to create as of yet non-existing products (Dove et al., 2017). However, this
does not currently seem to be the case. Rather than coming up with new ideas and being
an active part of the development process, designers are just putting the finishing touches
on the products (Dove et al., 2017; Yang, Scuito, et al., 2018).

As a result of the lack of design-led innovation in the field of ML, researchers have
started to investigate the concept of ML as a design material (Yang, 2018), and the practice
of designers working with the material (Dove et al., 2017; Yang, Scuito, et al., 2018).

1.2 Problem Statement

Literature on the practice of designers working with ML as a design material has primarily
focused on the challenges these designers have to deal with. Eight challenges of working
with ML as a design material have been identified in as of yet. Stembert and Rotterdam
(2019) identified five challenges: designers’ lack of technical knowledge, data-centered cul-
ture, black-box nature of ML, systems changing over time, and personalized solutions. The



identification of these challenges is not grounded in practice; they are not based on a study
of designers’ practices. The same is true for a sixth challenge identified by Browne and
Diego (2019): prototyping. Dove et al. (2017) surveyed user experience (UX) designers
on the development of ML products and identified a seventh challenge: incorrect mental
models. They also reported evidence for the presence of the challenges 'lack of technical
knowledge’ and ’prototyping’. Yang, Scuito, et al. (2018) interviewed designers with signif-
icant experience in the field of ML, identifying the eight and final challenge: lack of design
tools and methods specific to ML. They also found evidence for the presence of the ’lack
of technical knowledge’ challenge. The eight identified challenges of working with ML as a
design material will be further discussed later on in this thesis.

The studies that supply evidence for the presence of challenges in practice are based on
very small, specific samples. Yang, Scuito, et al. (2018) focused specifically on designers
with at least 4 years of experience working on ML. The study therefore might not be repre-
sentative of designers with less experience. Dove et al. (2017) focused on UX practitioners
broadly, also including researchers. Additionally, this study was also limited in terms of
depth of the data gathered, as a survey was used.

For all of the challenges identified by Stembert and Rotterdam (2019), except ’lack of
technical knowledge’, evidence of their presence in practice is missing. The presence and
understanding of these four challenges specifically, and for the other four to a lesser extent,
is still mainly based on academic understanding of practice, rather than on the actual work
of designers: their lived practice. This is a substantial issue, as this approach has been
shown to result in a gap between lived practice and the academic understanding of practice
(Gray, Stolterman, & Siegel, 2014). Particularly for research aimed at improving practice, it
is extremely important to have a sufficient understand of lived practice (Stolterman, 2008).
In other words, in order to successfully tackle the problem of designers being unable to
leverage ML capabilities to their full potential, it is necessary to reduce the gap between
lived practice and academic understanding by constructing a thorough understanding of the
lived practice of designers that work with ML as a design material.

To summarize, this study will address the following problem statement: There is an
insufficient understanding of the lived practice of designers who work with ML as a design
material, especially in terms of the challenges faced and the strategies used to battle these
challenges.

1.3 Purpose

The aim of this study is to characterize the lived practice of designers who work with ML
as a design material. In doing this, the study addresses the gap between the academic
understanding and the lived practices of designers. It will determine which challenges of
working with ML as a design practice are present in the lived practice of designers, as well
as strengthening the understanding of those challenges. In turn, this study is a potential
first step towards a solution that supports designers in leveraging ML capabilities to their
full potential.



1.4 Research Questions

In order to address the problem statement, the following research question has been defined:

RQ: How can we characterize the lived practice of designers who work with ma-
chine learning as a design material?

In order to help answer this question and focus the answers towards closing the gap
between academic understanding and lived practice, a series of sub-questions have been
defined. FEight challenges of working with ML as a design material have been previously
identified. However, not all of these challenges are sufficiently grounded in practice. Thus
it is not certain that these are indeed an exhaustive list of challenges that designers face in
their work. Therefore, the following sub-question has been defined:

SQ1: Which challenges of working with ML as a design material do designers
experience in practice?

The findings for this question will on one hand confirm or contradict the presence of
challenges from the academic understanding, and on the other hand potentially identify
other challenges beyond the existing set.

For some of the challenges identified, the literature provides an academic understanding
of potential approaches for handling these challenges. Yang, Scuito, et al. (2018) provide
some approaches from the practice of experienced UX designers for facing the challenges
"lack of technical knowledge’ and ’data-centered culture’. However, for the other challenges
(and potentially unidentified challenges), no approaches for handling the challenges of ML
as seen in practice have been identified. Therefore, the following sub-question has been
defined:

SQ2: How do designers face the challenges of working with ML as a design
material?

The intention of this question is to identify how designer’s confront the challenges they
experience in their day to day work. The focus is on the challenges that were actually iden-
tified in lived practice. Additionally, for the challenges already identified in literature, the
objective is also to compare the findings from actual practice to the academic understanding
of approaches towards the challenge.

Though few approaches to the challenges of working with ML can be found, literature
does provide some strategies for allowing designers to familiarize themselves to lesser well-
known design materials. Some strategies can be applied to design materials generally, while
others are specific to ML. Fass, College, and Groves (2019) organized a participatory work-
shop where designers created physical representations of ML. Luciani, Lindvall, and Lowgren
(2018) suggest using ‘curated collections’ to familiarize designers to the possibilities of ML.
Both strategies are created from an academic understanding, and not grounded or found in
the practice of designers. In order to determine which strategies are used in practice, the
following sub-question has been defined:

SQ3: What strategies are used to facilitate familiarization with ML as a design
material?

This third and final sub-question concerns the strategies used by designers but also how
those strategies are applied. Compared to SQ2, this question is focused on general strategies
applied in practice, rather than on specific solutions to the challenges of working with ML
as a design material.



1.5 Scope

There is not yet a clear definition for what is considered working with ML as a design
material. The concept broadly refers to to designers working on products that are powered
by or contain ML technologies. Yang, Scuito, et al. (2018) and Dove et al. (2017) explicitly
mention User Experience (UX) designers. However, this is one of the job titles that refers to
an increasingly diverse range of roles. Therefore, in the context of this study, designer refers
to any type of role concerned with the human-centered design of technology. Including, but
not limited to, UX designers, interaction designers, service designers, and design managers.

Designers work with ML as a design material when they work on products that contain
ML technologies, or ML products. As with designers, there is no distinctive boundary that
determines what is and what is not a ML product. Designers working on a recommendation
feature in a larger product are just as much working with ML as a design material, as
designers who work on special purpose ML systems. As long as the product that designers
work on contains ML technologies, it is considered working with ML as a design material
in the context of this study.

1.6 Outline

In order to create a clear understanding of the context of the study, a literature review was
conducted. Chapter 2 provides an overview of findings from this review. Next, Chapter 3
describes the research method used to answer the research questions. The collected data
was analysed using a reflective thematic analysis. The findings of this analysis are presented
in Chapter 4. Chapter 5 summarizes the answers to the research questions. Finally, the
interpretation and implications of the findings are discussed in Chapter 6, together with the
limitations and recommendations for further research.
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Chapter 2

Related Work

In order to answer the research questions posed in the previous chapter, it is important
to first gain an extensive understanding of the concepts that underlie the notion of ML as
a design material. Firstly, various perspectives on the concept of design as practice are
discussed in Section 2.1. This is followed by an in-depth discussion of the theory of design
that this thesis adheres to in Section 2.2. This section also includes an explanation of the
concept of design material and more specifically, ML as a design material. The next section,
2.3, describes the concept of design innovation, which is closely related to the idea of design
materials. The view of design innovation is also specifically applied to ML in this section.

Aside from the concepts that underlie ML as a design material, it is also vital to review
the current understanding of how designers work with ML. In Section 2.4, the eight previ-
ously identified challenges of working with machine learning are discussed in detail. This is
followed by an overview of potential strategies for approaching work with design materials
in Section 2.5. Section 2.6 discusses the current state of research on the practice of designers
that work with ML. The final section of this chapter provides a summary and highlights the
gap in literature that this thesis will address.

2.1 What is Design?

Design is a difficult concept to define. It is possible to look at design as a perspective,
approach, or set of methods. Additionally, design is a large and rapidly evolving field.
There is a significant amount of approaches to, and method for design and it would be
impossible to discuss all of them. This section will discuss some long-standing perspectives
of design as an activity, that have informed many of these approaches and methods. For a
comprehensive overview of design perspectives, approaches, and methods, see van Boeijen,
Daalhuizen, and Zijlstra (2014).

The simplest way to look at design is to see it as a term with a set definition. However,
some say that “a definition carved in granite would neither be feasible nor indeed welcome”
(Galle, 2009, para. 5). Nevertheless, not everyone agrees and some definitions have been
proposed. For example, Coyne (1995); Lowgren (1995) and Stolterman (1999), who define
design as creating something that does not yet exists, and Nelson and Stolterman (2013),
who describe design as a type of inquiry that encompasses various activities and processes.

However defined, the concept of design and in particular design as an activity can be
approached from various perspectives. Dorst and Dijkhuis (1995) and Ralph (2010) highlight
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two points of view or 'paradigms’ of design processes. Within one paradigm, design is seen
as a rational process, while within the other paradigm, design is seen as a set of improvised
and creative actions. Fallman (2003) proposes three separate accounts on what design
is: a conservative, a pragmatic, and a romantic account. The conservative account shows
many similarities to the the rational paradigm, and the pragmatic account is very similar
to the action-centric paradigm. While the romantic account shows some similarities to the
action-centric paradigm, it provides a different view of design that moves beyond the two
paradigms. In what follows, these three approaches will be further elaborated on.

2.1.1 Rational Paradigm

The rational paradigm, or conservative account, considers design to be a scientific discipline
that uses theory and techniques known from the more traditional natural sciences. This
perspective is very much based on the theories of problem solving introduced by Simon
(1992). According to Simon (1992), designing is a process of problem solving, with designers
selecting the best way to solve a problem by applying systematic knowledge. This also
implies that design only begins once a problem arises.

Hodgkinson (2004) defined three characteristics that summarize the rational paradigm.
The first of these characteristics is that designers work from pre-defined objectives and
restrictions when they are designing. The problem, goals, and constraints of the prospective
solution must be known in advance (Simon, 1992). Within the rational paradigm, it is
important that the problem that a designer is working on is very explicitly detailed in some
kind of specification, such as a requirements specification for software engineering (Lowgren,
1995).

The second characteristic is that the process of designing artifacts is driven by plans. If
there are no plans, there is no action. In case of unexpected circumstances, the design process
must be replanned before it continues. Design processes are evaluated by comparing the
executed actions and the plans. Design is problem-solving, driven by plans with a designer
working towards a goal by following a plan limited by the constraints of the situation (Newell
& Simon, 1972).

The third characteristic is that the design process is understood through a pre-determined
sequence of phases. The design process is structured and can be described in terms of dis-
tinct, methodological steps (Lowgren, 1995). The phases and their order is planned in
advance. The sequence should eventually lead to the goal as composed at the start of a
design process, but should also take place within the boundaries of the projects pre-defined
constraints (Suchman, 1987). A previously commonly used example based on the rational
paradigm is the waterfall model (Royce, 1987).

Because of it’s methodological nature, the rational paradigm suggests that is it possible
to express design work in terms of what design activities have to be performed in what
order, and other guidelines (Fallman, 2003). This implies that design skills can be easily
transferred to inexperienced designers (Lowgren & Stolterman, 2007).

The rational paradigm poses that the design process is not based on the personal skills
and knowledge of the designer (Lowgren, 1995). Instead, the most important part of a
design process is the method. The The quality of a design is determined only by how good
a designer is at following an arbitrary set of steps (Fallman, 2003).
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2.1.2 Action-Centric Paradigm

The action-centric paradigm, or pragmatic account, was a direct response to the rational
paradigm, which does not take into consideration the critical obstacle of linking a process
and a task in a specific design situation. The action-centric paradigm is centered around the
notion of design being about engagement in a specific design situation. The situation that
design takes place in refers to both the reason for the design and the context in which the
design process is taking place (Lowgren & Stolterman, 2007). According to this paradigm,
design is carried out in this specific context which is already populated by many objects,
individuals, and processes with their own characteristics (Fallman, 2003). Design is a con-
stantly interpretative processes with the designer taking the role of the interpreter of the
situation that they are working in (Coyne & Snodgrass, 1991). As one of the founding
fathers of the action-centric paradigm puts it, design is a reflective conversation with the
materials of the design situation at hand (Schén, 1983).

As for the rational paradigm, Hodgkinson (2004) also defined three characteristics of
the action-centric paradigm. The first characteristic is that designers work from their own
creativity and current emotions when designing. Schon (1983) states that when designers
design, they do not separate their thinking from their doing. This perspective can also be
found in the ethnomethodological view of action. According to this view, “the organization
of situated action is an emergent property of moment-by-moment interactions between ac-
tors, and between actors and the environments of their actions” (Suchman, 1987, p.179).
Both views on action imply that design is guided by creativity (Love, 2000).

The second characteristic it that the process of designing artifacts is spontaneous. Schon
(1983) describes how designers work through continuous reflection-in-action. A designer
constantly maneuvers between framing a problem, taking actions to improve the problem
situation, and evaluating those actions. As designers will adapt their framing and actions
to the result of their evaluation, the next step is not known in advance. Rather, the decision
on what to do next is made impromptu based on the designers reflection.

The third characteristic is that the design process does not adhere to predetermined
stages. Schon (1983) views each design situation as an unique, ambiguous, and often con-
flicting situation. That combined with the view of design as reflection-in-action shows that
the design process cannot adhere to a specific structure, as each situation and the work done
on designing for that situation differs. Therefore, there is no sequence of stages that can be
used to describe and understand a design process. Consequently, designers have to face the
issue of knowing how to approach this variety of tasks. According to Schon (1987), this is
the ’artistry’ and ’essence’ of being a designers.

As opposed to the rational paradigm, the knowledge that is required for successful re-
flection in action cannot be easily captured in methods. Instead, for the action-centric
paradigm, learning happens through doing. Inexperienced designers learn from experienced
designers or ’coaches’ by working through examples (Schon, 1987).

Compared to the rational paradigm, the designer takes a more central role in the process
of designing. As mentioned before, knowing how to reflect in action is the artistry and
essence of being a designers. The designer is a ’self-organizing system’ that knows both how
to create and how to reflect on their own creation (Jones, 1992). As Schén (1987) puts it:
“In contrast to analysts or critics, designers put things together and bring new things into
being” (p.42).
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2.1.3 Romantic Account

The romantic account suggests that design is closely related to art, the same way the
rational paradigm is related to science (Coyne, 2001). Louridas (1999) gives a description of
the relationship between design and art that meets this perspective: “This relation makes
design what it is: design is not just about the creation of useful artefacts, it is equally about
the creation of beautiful artifacts” (p.5).

The romantic account shows similarities to the action-centric paradigm in the sense that
both perspectives highlight how creativity and imagination guide the design process. The
process does not follow a predefined method, and neither is it based on reflection, but rather
on a specific designer’s own taste. The outcome of the romantic design process is judged
on aesthetics (Schon, 1987). However, there are also contrasting views to the action-centric
paradigm.

According to the romantic account, the design process is somewhat mystical. It cannot
and should not be entirely explainable, as thinking about what happens when they design
might cause designers to become worse at designing (Fallman, 2003). Jones (1992) describes
the design process as a ’black box’, the important part is the outcome, exactly how the
outcome comes to be is not of interest.

Out of all three perspectives, designers are held in the highest regard in the romantic
account. “They are seen as imaginative masterminds equipped with almost magical abilities
of creation” (Fallman, 2003, p.226). Designers are seen as artists, in the same way the
rational paradigm sees designers as scientists.

2.2 Design as Reflective Practice

This thesis will adhere to the action-centric design paradigm, particularly the theory of
design as reflective practice. The general view of reflective practice was developed by Don-
ald Schon as he observed professionals at work in different occupations, including design.
According to Schén (1983), all professional practice is similar to design, and requires this es-
sential know-how of approaching unique situations. He started to explicitly apply his view of
reflective practice to design situations in particular, drawing on examples from architecture
design education (Schén, 1983).

Central to Schon’s theory is the concept of the design situation. This concept is twofold:
on one hand, it refers to the context in which the design activities are carried out, but on
the other hand, it also refers to the reason for initiating the design process (Lowgren &
Stolterman, 2007).

2.2.1 A Reflective Conversation

The main point of Schon’s theory is that design is a reflective conversation with the materials
of the design situation (Schon, 1983, 1987, 1992). When faced with a design task, a designer
interprets the task and the current situation. The designer then reflects on the situation
in order to determine the next step. In other words, a designer determines what he is
designing while designing it. This is called reflection-in-action; the design process is a
continuous succession of reflection-in-action events.

At the core of reflection-in-action lies another concept: knowing-in-action. This concept
refers to unconscious activities and implicit knowledge that designers use in their everyday
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work, as they go through reflection-in-action. This know-how that designers display in
action is often different from their own characterization of their expertise.

Frame

Moving

Reflecting

!

Figure 2.1: Graphic representation of the four activities, adapted from Valkenburg and
Dorst (1998)

Valkenburg and Dorst (1998) clarify the process of reflection-in-action by distinguishing
four activities (Figure 2.1). The first one, 'naming’, refers to when designers name relevant
factors in their situation. The designers then move on to the next activity: 'framing’. They
frame a situation in a certain way, based on their knowledge-in-action. The third activity,
‘moving’, refers to the actions a designer takes towards a solution to the design problem.
These moves expose the knowing-in-action. The response to a move, also called an action,
can produce an unexpected outcome, leading to surprise. In turn, this surprise leads to
reflection on the action, the third activity. This reflection-in-action can cause a designer
to reconsider their knowing-in-action, and try and frame the situation in a different way,
causing the process of moves and reflection to repeat.

2.2.2 Design Material

Another central concept to Schon’s theory is design material. The unique situation that
a designer faces is “a material one that is apprehended, in part, through active, sensory
appreciation” (Schon, 1992, p.4). This is the case whether a designer is drawing on a
sketch pad or operating a computer. Through the active sensory appreciation of the design
situation, designers construct and reconstruct the matter and links between matter that
they are working with: their design material.

By going through the activities of a design process, and engaging in a reflective conversa-
tion with the material of their design situation, designers are able to envision new solutions
using their design material (Louridas, 1999).
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2.2.3 Machine Learning as a Design Material

Machine learning (ML) is “programming computers to optimize a performance criterion
using example data or past experience” (Alpaydin, 2014, p.3). It is a subfield of Artificial
Intelligence (AI), which refers to systems that can perform tasks as if they have human
intelligence (Russel & Norvig, 2016).

ML systems are also Al systems. However, Al can also encompass intelligent systems
other than ML. Though they are not the same, what is referred to as Al today is mostly
narrow Al, which is capable of solving only a specific set of problems, mostly problems that
can be addressed using ML. ML is starting to become increasingly more popular, with more
and more new services and products using the technology in novel ways (Dove et al., 2017).

Computational technologies such as ML can be more than just a way to implement
ideas, they can be expressive design material on their own (Landin, 2005). The notion of
ML as a design material has emerged in literature (Dove et al., 2017; Yang, 2018; Holmquist,
2017), driven by the vision of reflective conversations with the material leading to design
innovation.

Various authors have discussed ML as a design material. For example, Girardin and
Lathia (2017) argue that design for ML experiences is different from more traditional design
materials, because it is driven by emergent technological opportunities. Similarly, Luciani et
al. (2018) describe ML as a material that is "more unpredictable, emergent, and alive than
traditional ones” (p. 1). This perspective is also echoed by Van Allen (2017), who states
that ML is a completely different context for design compared to more traditional design,
as ML systems are not visual. Additionally, they focus on complex behaviour, and are not
necessarily fixated on task completion. As ML starts to play an increasingly bigger role as a
design material, designers will have to learn to work with its limitations and opportunities
(Holmquist, 2017).

2.3 Design Innovation

Design materials, particularly technology-based ones, tend to originate from technical in-
novation. It is expected that this technical innovation is then followed by a period where
designers come into play and start imagining new and unexpected ways to leverage the tech-
nology (Yang, Zimmerman, Steinfeld, & Tomasic, 2016; Dove et al., 2017). This process of
designers coming up with new ways to use the material is known as design innovation. Dove
et al. (2017) use the technology of music players to provide examples of design innovation.
As music player technology matured and allowed for smaller device sizes, design brought
forth a variety of MP3 players. Technological progress in the fields of network and internet
speed led to the possibility of streaming media, which led designers to design streaming ser-
vices such as Spotify and Apple Music. In each of these examples, a technological advance
sparks a whole new series of applications for designers.

The notion of design innovation following technical advances is also echoed by Louridas
(1999) view on design as bricolage. Bricolage is a French verb that can be loosely translated
into tinkering. According to this concept of design as bricolage, engineers and designers
fulfil different roles in the process of innovation. Engineers create new technologies with new
potential: the means. Designers do not create new things, but construct new ideas using
the means. This process of constructing new ideas happens through reflective conversation
with the design material.
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2.3.1 Innovation in Machine Learning

ML is a field that is currently experiencing mostly technical innovation. ML has been a
topic of research for more than 50 years. There are plenty of textbooks (e.g. Russel &
Norvig, 2016 and Goodfellow, Bengio, & Courville, 2016), introductory articles (Domingos,
2012), online resources (Google Al n.d.), and even resources specifically targeted towards
designers (Hebron, 2016). With ML technologies becoming more prevalent in the products
we use everyday, some are even speculating that ML is the new UX (Brownlee, 2015).

Because the technical innovation in the field of ML is continuing to advance, it would
be expected that design innovation would follow suit. Designers should be coming up with
new and innovative ways to leverage ML technologies in unexpected ways. However, this
does not seem to be the case. Dove et al. (2017) report that designers seem to be struggling
with identifying opportunities for unfamiliar applications of ML. This process of identifying
opportunities is vital for design innovation, which does not seem to be taking place in the
field of ML at this point. Yang, Scuito, et al. (2018) describe similar findings on design
innovation not taking place in ML right now.

The lack of design innovation in the field of ML could be due to the nature of the
material. ML, compared to more traditional design materials, is a newer and more volatile
design material (Luciani et al., 2018). There are various characteristics of ML that make
it such a challenging design material to work with compared to more traditional design
materials. These challenges of working with ML as a design material will be discussed in
the next section.

2.4 Challenges of Working with Machine Learning

There are various challenges that make ML a difficult material to work with, and might
contribute to the lack of design innovation in the ML field. Stembert and Rotterdam (2019)
identified and described five challenges: lack of technical knowledge, data-centered culture,
black box nature of machine learning, system changes over time, and personalized solutions.
This list can be extended by the challenges of prototyping (Browne & Diego, 2019), incorrect
mental models (Dove et al., 2017), and existing design methods (Yang, Scuito, et al., 2018).
Most challenges are closely related and thus show some overlap.

2.4.1 Lack of Technical Knowledge

Both Stembert and Rotterdam (2019) and Dove et al. (2017) identify designers’ lack of
technical ML understanding as one of the major challenges of working with ML as a design
material. Various studies report that designers have a very limited understanding of the
technical aspect of ML (Yang, Scuito, et al., 2018; Fass et al., 2019; Dove et al., 2017).
Specifically, when asked about ML, designers do not tend to discuss technical details or
important concepts such as ML’s relationship to data, statistical analysis, and ground truth
(Dove et al., 2017). This causes designers to encounter issues in the understanding of what
ML can do in their field of design (Yang, 2018), and issues in successfully applying common
design methods to ML projects (Bratteteig & Verne, 2018).

Interestingly enough, though designers acknowledge their lack of technical knowledge,
Yang, Scuito, et al. (2018) found that they do not feel like it interferes with their ability to
design with ML. Additionally, while their technical understanding of ML is lacking, designers
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are considerate of the non-technical implications of the technology, such as implications on
privacy, identity, and reliability (Fass et al., 2019).

It is interesting that a lack of technical knowledge is brought up as a challenge for
designing with ML, as the main perspective on the need for technical understanding for
design innovation is that it is not really required at all. Dove and Fayard (2020) state
that technical knowledge is not necessary, as design is a collaborative practice and ML
understanding can be provided by data professionals. This perspective is echoed in studies
of design practice which show that both experienced and inexperienced designers leave
the technical understanding of ML to engineers. Dove et al. (2017) report that rather
than working from a technical understanding, designers use examples of ML applications to
understand where and how ML can be applied. Yang, Scuito, et al. (2018) describe similar
findings with designers explaining ML in terms of abstractions in the form of examples
rather than technical terms. However, Dove et al. (2017) also acknowledge a drawback of
understanding ML only in terms of examples: designers might start to see ML as a magical
solution for any problem, due to a lack of knowledge on the limitations of the technology.

Rather than a requirement for technical knowledge, there is a need for a more basic
understanding of the material, that allows designers to see potential in ML. Holmquist
(2017) states that anyone working with ML, including designers, do not need to be experts
on the topic of ML, but must understand the possibilities and limitations of the technology. If
designers do not understand the limitations of ML, their designs are likely to fail (Holmquist,
2017). This perspective is echoed by Bratteteig and Verne (2018), who state that it is
essential for designers to have a basic understanding of what is possible and impossible to
achieve with ML. According to Yang (2017), if designers’ understanding of ML is adequate,
they can not only conceive new ways to apply ML, but also envision new ways to use data
more generally. Van Allen (2018) explains how an understanding of ML provides designers
with a unique view on the material that can lead to new approaches for using ML, as well
as collaborations and new design methods.

One way of improving designers’ knowledge on ML is through design education. Yang,
Scuito, et al. (2018) suggests two approaches: including ML literacy -or more generally
the language of data science- in design education, and promoting collaboration between
designers and data scientists in education. Van Der Vlist et al. (2008) experimented with
the embodied intelligence method to teach ML to design students. By using a physical
embodiment of a ML system, the design students gained an understanding of ML and were
able to built a neural network in three days by themselves.

2.4.2 Data-Centered Culture

In a human-centered design process, designers generally start by exploring a problem context
and extracting user needs, and then continue the process to design a product or feature that
addresses this user need. In other words, the problem setting and problem solving are
separate processes. For projects related to ML, it is also important to maintain a human
centered design process (Stembert & Rotterdam, 2019). However, this does not currently
seem to be the case. Creating a separation between problem setting and problem solving
is very complicated in ML processes (Yang, 2017). Most new ML products or features
emerge from available data rather than from a user need (Girardin & Lathia, 2017). These
data-driven design processes lack purpose and therefore often fail to address users’ needs
(Colborne, 2016; Yang, 2017).

Dove et al. (2017) report that a majority of ML projects is led by data rather than design,
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due to the unbalance between engineers and designers, with designers sometimes only joining
towards the end of a project. According to Fass et al. (2019), design is seen as an end goal,
rather than something that a project can be led by. Additionally, the complexity of ML
technologies and designers’ aforementioned struggles to understand it only aggravate the
dominance of data in the design process.

Both Dove and Fayard (2020) and Stembert and Rotterdam (2019) mention how espe-
cially in ML projects it is vital for designers to ensure that both the user and the context are
taken into account. Yang, Scuito, et al. (2018) describe how designers working with ML rec-
ognize that they work in a data-centric environment. Additionally, they understand that the
only way to facilitate concern for the user and context is to embrace this data centered cul-
ture, for example by adapting the data science vocabulary. Other more elaborate strategies
to incorporate the human-centered perspective to ML design are proposed as well. Baumer
(2017) suggests human-centered algorithm design with three possible strategies: theoretical,
participatory, and speculative. Another approach by John Morley & Associates incorporates
the human-centered design thinking approach with a data-centered ML pipeline (Schmarzo,
2017).

2.4.3 Incorrect Mental Models

Another challenge is the way thatML works contradicts the mental models of both users
and designers, due to the fact that ML systems are unpredictable. Riedl (2019) describes
how the way ML works is very different from the expectations of users without technical
training. When interacting with people, humans can reason what another human will do
and why. This is not the case for interactions with ML systems. As opposed to systems
based on heuristic rules, ML does not always think or behave the way a human would, and
may come up with a completely unexpected solution that does not align with common sense
(Dove & Fayard, 2020). More so, ML systems might even display behaviors that are not
just considered confusing, but even disturbing or dangerous (Amershi et al., 2019). Because
of this unpredictability of ML systems, user expectations are not met. The unexpected
behavior can lead to negative user experiences (Dove et al., 2017; Amershi et al., 2019;
Kocielnik, Amershi, & Bennett, 2019). Fass et al. (2019) also reported findings on the
incorrect mental models of users. Designers acknowledged how ML ”projects an illusion of
accuracy and efficiency” (Fass et al., 2019, p.5), neglecting the uncertainty that can also
be associated with the technology. Fass et al. (2019) found that designers are aware of this
mismatch between users’ mental models and the way that ML works and acknowledge the
need for design methods that address this issue.

However, ML also challenges designers’ mental models. As mentioned before, ML sys-
tems deal with large and dynamic datasets, and learning over time. This is different from
the material that designers typically work with (Dove & Fayard, 2020). Girardin and Lathia
(2017) describe another issue surrounding mental models that designers experience when
working with ML. The qualitative research adopted by designers is used to construct con-
ceptual models about a product’s users. These conceptual models are used during the design
process in order to design a product that brings value to the users. However, in the end the
conceptual model used for design is generally not implemented into the statistical model
of the ML product. Girardin and Lathia (2017) highlight that the goal of collaboration
between designers and data engineers should not be for the conceptual model to become the
statistical model, but translating the conceptual model in a way that makes sense to the
statistical model.
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2.4.4 Black-Box Nature of Machine Learning

Another challenge of ML is that it is really complicated to explain how a ML system does
what it does (Holmquist, 2017). ML systems are seen as black boxes that produce an
output, but it is not transparent to users how this output comes to be. This challenge is
closely related to the previous challenge of users’ mental models. The way ML systems
are composed makes it hard to explain exactly what the mechanics of the system are, even
by the person who has written the algorithm and initially trained the system. A common
example is a Google Translate neural network that created its own language in order to
translate from languages that it was not trained on (Wong, 2016).

The real challenge for designers here is to design purposeful ML systems. A lack of
transparency in ML systems can cause users to distrust the system and vice versa (Riedl,
2019). Designers need to consider these implications of ML’s black-box nature. They need
to make sure that the systems they design are meaningful; systems that address the user
needs without coming across as creepy (Dove et al., 2017; Dove & Fayard, 2020).

There are two promising approaches that address this challenge: explainable ML and
interpretable ML. Although the terms are often used interchangeably, it is important to
make a distinction, as they each refer to different concepts (Lipton, 2018). Interpretability
refers to "the degree to which a human can understand the cause of a decision” (Miller,
2019, p. 8). Some ML models are simple enough that they are intrinsicly interpretable.
While for more complex models, interpretation is performed after model training, this is
known as post hoc interpretability (Molnar, 2021).

Harvard Business Review Analytic Services provides a definition of the concept of ex-
plainable AI that reads: ”machine learning techniques that make it possible for human users
to understand, appropriately trust, and effectively manage AT” (Harvard Business Review
Analytic Services, 2019, p. 3). The field of explainable AT aims to create explainable models
that still maintain high quality levels (Adadi & Berrada, 2018).

The main difference between the two approaches is that interpretable Al is concerned
with cause and effect of the model in general, while explainable Al is concerned with spe-
cific parameters and their effects on the model. Despite the differences between the two
approaches, in some way they both allow users to understand how a ML system does what
it does.

The major challenge of making an understandable ML model is that the model needs
to be understood by humans. In other words, a complex model needs to be translated into
a human understanding. Design professionals can make an important contribution to this
challenge as the process of communicating a complex model to a human requires Human-
Computer Interaction expertise as well as ML competence (Adadi & Berrada, 2018).

There have been various efforts negate the effects of the MLs black-box nature through
the use of explainability and interpretability. For example, Lim and Dey (2010) propose
a toolkit for context-aware systems that improves the explainability and interpretability
of these systems. Ribeiro, Singh, and Guestrin (2016) introduced LIME, an explanation
technique that can be used to explain classifier models. Sokol, Hepburn, Santos-Rodriguez,
and Flach (2019) explain this technique by proposing a framework that allows anyone to
build their own custom explainer of black-box models.

2.4.5 System Changes over Time

As the name suggests, ML systems learn. As the datasets that a system learns from grow
bigger over time, the behavior of the system can change. If the system learns from biased or
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incomplete data, the resulting system change could even be negative (Bratteteig & Verne,
2018).

This dynamic relationship to data is different than what designers are generally familiar
with (Dove & Fayard, 2020). Rather than design for a single system behaviour as they
are used to, designers have to think ahead and account for a system that might change its
behaviour in the future (Stembert & Rotterdam, 2019). Designers also need to consider
that a system needs to collect new data in order to improve its behavior and tailor it to the
user. Within these systems, user interactions become sources of data themselves (Girardin
& Lathia, 2017). This comes with new difficulties: if a user has to explicitly provide data
in order to train a system, it could be a barrier for using the system (Holmquist, 2017).

While the outlook of interactions adapted to a specific user sounds ideal, these adapted
interactions often come at the expense of usability (Yang et al., 2016; Yang, 2017). For
example, the adaptive behavior of ML systems directly conflicts with one of the most uni-
versal UX principles: consistency (Stembert & Rotterdam, 2019). Another ramification of
interactions changing over time that needs to be considered is evaluation metrics. Com-
mon evaluation metrics are not suited to interactions or interfaces that change over time
(Stembert & Rotterdam, 2019). Therefore, for ML systems that change over time, eval-
uation metrics need to move beyond optimization metrics and should also consider more
used-centered measures (Kirsch, 2017). This issue is also reiterated by Cramer2017, who
state that it is common for ML metrics to not necessarily be good representatives of user
success.

2.4.6 Personalized Solutions

With ML, it becomes possible to create personalized components, such as functionalities,
interfaces, or content, for example, for specific users or user groups. Some even see this
personalization as the next great thing for UX (Kuang, 2013; Brownlee, 2015). This range
of potential solutions presents a challenge to designers, as they have to consider the changing
and new elements that users will interact with (Stembert & Rotterdam, 2019).

Though using ML to provide personalized content is nothing new anymore, ML can
also be applied to deliver personalized interfaces to a user (Yang et al., 2016; Spradlin,
2015). Whereas designers are used to creating a single best interface for all users, adaptive
interfaces might select a best solution from a series of interfaces based on user-generated
data. As described, classic evaluation metrics for interfaces are not suited to a variety of
interfaces and should be extended to include user-centered measures as well as optimization
criteria. Additionally, the challenges of explainability and transparency also come in to play
for adaptive interfaces in particular, as it should be clear to a user why he is presented with
a particular interface.

A potential approach towards this challenge is Algorithm Driven Design (Vetrov, 2017).
The approach suggests that designers should work together with algorithms in a way where
an algorithm can automate part of the routine design process, such as generating basic
user interfaces (Uls) or performing A/B tests. Designers can then focus on designing the
behavior of the system and final touches to design. The biggest downside to this approach
is that without competent tools, the automation is not possible.
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2.4.7 Prototyping

A big part of most design processes is creating prototypes: an early model of a product
meant to test a concept. Prototyping ML products is complicated (Browne & Diego, 2019).
The main concept of a prototype is to create the prototype in such a way that it is just
enough to test a concept with. ML challenges this idea of prototyping; a functional ML
prototype requires a lot of data and is therefore a large commitment (Yang, 2018). It’s
complicated to consider certain aspects of ML that are vital to achieving a good result,
such as the statistical approach used, or the training data set, early on in the design process
(Bratteteig & Verne, 2018). Creating realistic prototypes is particularly challenging in newer
fields where no data sets or algorithms are available of yet (Dove et al., 2017; Yang, Scuito,
et al., 2018).

The main implication of not being able to sufficiently prototype a ML product is that
ideas cannot be tested on a small scale. The technical validity and whether a product is
accepted in a context remains unknown until after implementation (Yang, 2018).

For interface design or interaction design, plenty of tools are available for designers to
prototype and test a web interface or simulate smartphone interaction. This is not the case
for designing with ML. Dove et al. (2017) report this lack of ML prototyping tools, and also
explains how this prevents designers from researching the impact of false positives and false
negatives in ML products.

Some interactive machine learning platforms can potentially be used for prototyping,
such as Wekinator (Fiebrink & Cook, 2010), and Google Teachable Machine Learning
(Google Al, 2017). However, these platforms require technical skills or are too limited for
sufficient prototyping respectively. Malsattar, Kihara, and Giaccardi (2019) introduce Ob-
jectResponder, a tool that allows designers to combine objects recognized by a smartphone
camera to responses. The limitation of this tool is that it can be used only to prototype
object recognition products.

Browne and Diego (2019) suggest using Wizard-of-Oz prototyping for the development
of ML products, calling it ”the ideal method for prototyping machine learning experiences”
(p.5). With this prototyping method, participants are made to believe that they are inter-
acting with a functional system, while they are actually interacting with a human who is
emulating the functionality of the system. Of course this method would still require at least
a small data set and algorithm to set the abilities and limitations of the ‘system’. Van Allen
(2018) experimented with another potential ML prototyping tool based on wizard of oz pro-
totyping: the Delft AT Toolkit. The toolkit is a working prototype of an open source visual
authoring system that allows designers to create ML prototypes through simple dragging
and dropping.

2.4.8 Design Methods and Tools

As mentioned before, a major challenge of working with ML as a design material is a lack
of prototyping tools specific to ML. This is part of a larger problem of existing design
methods. Bratteteig and Verne (2018) address how the challenges previously introduced in
this section, such as lack of ML understanding, system changes over time, and prototyping,
pose challenges to a common design method: participatory design.

Existing design methods are useful to designers working with ML only to a certain extent
(Yang, Scuito, et al., 2018). Dove et al. (2017) report similar findings on a lack of methods
and tools specifically tailored to the challenges of designing with ML. Van Allen (2017) also
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touches on the uncertainty of classic design methods such as journey maps and content
strategy working for ML design.

The only way to address this challenge is by developing new design methods specifically
for ML. This statement is echoed by Van Allen (2017), who states that in order to design
successful ML products, it will be necessary to redesign approaches to design. Dove et al.
(2017), Yang, Scuito, et al. (2018), and Van Allen (2018) also highlight the need for the
design of tools and methods specific to designing with ML.

There are some steps being made on the path towards ML-specific design methods. Zhou,
Qi, Gong, and Sun (2019) propose the ML-Process Canvas. The ML-Process Canvas is a tool
that helps designers to consider the user, ML system, and scenarios throughout the entire
design process. Zhou, Sun, Zhang, Liu, and Gong (2020) propose the Material Lifecycle
Thinking (MLT) design method, which considers ML as a continuously changing material
that has an iterative lifecycle. The method consists of a cycle of five main steps, focused
on reflecting on ML’s entire lifecycle and involving the co-creators of the user experience
during this lifecycle.

In terms of tools, Dove and Fayard (2020) designed a set of cards that prompt conversa-
tion on ML challenges to be used during ideation. Each card can be used to ask a specific
question about the use of ML, and the use of the cards as a whole promotes reflection on
design with ML.

2.5 Familiarizing With Design Materials

ML is not the only challenging design material that designers have to tackle. This section
offers an overview of strategies that have been used to explore design materials. First, general
strategies for acquainting designers to design materials are discussed. Then, approaches for
immaterial design materials like ML are reviewed. Finally, strategies specific to working
with ML are introduced.

2.5.1 General Strategies

One way of allowing designers to become more familiar with design materials is through the
use of ’sensitizing concepts’. Sensitizing concepts are concepts used by design researchers to
produce knowledge in research-through-design (Zimmerman, Stolterman, & Forlizzi, 2010).
They are artifacts that can be used to guide innovation. The goal of the artifact is to
sensitize other designers to new possibilities of a design material. As Yang, Banovic, and
Zimmerman (2018) state, “they help designers grasp and feel the new design materials.”
(p-2). Another approach somewhat similar to sensitizing concepts is the use of ’boundary
objects’. Boundary objects are artifacts that sit between two areas of expertise. They can
be used to support communication and harmony between two perspectives (Star, 2014).

Another way to get designers to create novel things with a new design material is through
a process known as matchmaking (Bly & Churchill, 1999). In matchmaking, designers start
by identifying the capabilities of the technology that they are working with. They then work
through this list of capabilities and spot activities related to the capabilities. The designers
then determine domains related to the activities, and users related to the domains. This
process can help designers to see their material in a new light.

An example of a newer design material which required designers to do some exploring
is haptics. Moussette and Banks (2011) explain how designers can only master the mate-
rial and sensitize themselves to its capabilities by working with the material. In order to
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facilitate this, they created a series of simple haptic devices. Following up on this work,
Moussette (2012) started a challenge of building at least one haptic device every single day
to improve engagement with the material. He described this design marathon as a reflective
conversation with haptics that led to a series of ‘working strategies’ for this design material.

2.5.2 Strategies for Immaterial Design Materials

A type of material that is especially tricky to design with is immaterial material. With
a physical design material, designers can actively explore the real material by ‘playing’
with the material. This allows them to gain a tacit understanding of what is possible
with the material. The previous example of haptics illustrates this active exploration. With
immaterial materials, designers cannot interact with the material in the same way as physical
materials, limiting their tacit understanding (Buxton, 2007).

A common example of an immaterial design material is technology. Technology is a very
complicated design material as it is in a sense a material without qualities. This results
in a design process that is less constricted by the design material (Lowgren & Stolterman,
2007). Ozenc, Kim, Zimmerman, Oney, and Myers (2010) studied how to support designers
working with this material, specifically for the the design of Ul controls. They conducted
two participatory workshops. These workshops identified a need for a tool that supports
designers in the process of designing new UI controls. This tool should allow for refinement
and continuous communication of this refinement with developers. Additionally, as designers
use their bodies to devise and communicate new gesture-based controls, the tool should also
allow communication through gestures.

Sundstrom et al. (2011) proposed the use of ‘inspirational bits’ as a way for designers
to get to know software as a design material. Inspirational bits are “a rough way of seeing
the technology that allows us to look at it, feel it, and experience it over time and space,
exposing all or some of the properties of a material” (p.1569).

The previously introduced concept of boundary objects can also be applied to software
as a design material. Boundary objects can be used to improve the collaboration between
designers and developers. With boundary objects, developers can become the voice of the
design material, allowing designers to have a reflective conversation with their material
through the developer (Ozenc et al., 2010).

Another example of an immaterial material is experience (as in, the experience part
of user experience) (Buxton, 2007). For this design material, various tools and methods
have been proposed to make designing with the material easier. Buchenau and Suri (2000)
suggests ‘experience prototyping’: an approach that allows both designers and users to be-
come familiar with an intended user experience. Ehn and Kyng (1991) suggest for designers
to ‘sketch’ real life scenarios using cardboard and paper to simulate realism. Odom et al.
(2012) propose that designers try to replicate both the physical and social context of an
experience, and ask potential users to act out scenarios that involve new experiences. They
call this approach ‘user enactments’.

2.5.3 Strategies for Machine Learning

Some suggestions have been made for strategies that make it easier for designers to work
with ML as a design material specifically. Fass et al. (2019) present a participatory workshop
where designers create physical representations of models of the effects of ML. Working with
physical materials allowed designers to think and communicate about ML in a new way. The
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workshop led to a series of designerly abstractions that can be used as boundary objects
between data science and UX to promote new possibilities for designing with ML.

Considering the characteristics of ML that make it a challenging design material, Luciani
et al. (2018) suggest the use of ‘curated collections’: annotated portfolios of exemplary
examples (exemplars). These curated collections can be used to familiarize designers to a
design situation for future design. Luciani et al. (2018) also provide an example of a curated
collection, and show how this collection can be used to improve the design of an air traffic
control system.

2.6 Practice of Designers Working with Machine Learn-
ing

In HCI research, the understanding of professional practice is often based on academic
interpretation of practice (Gray et al., 2014), rather than on the actual work of design
practitioners (Stolterman, 2008). This is an issue as it causes a gap between what Gray
et al. (2014) calls the ‘projected practice community’ and actual practice. Especially for
research aimed at improving design practice, it is important to have a good understanding
of actual design practice. Research that is not grounded in this understanding is likely
to fail (Stolterman, 2008). Daly, Adams, and Bodner (2012) echoe this perspective and
explains how design is characterized by more than current definitions; it is also defined by
the people who engage in it. Inquiries into how design professionals work serve a purpose
beyond understanding design, they show how design is practiced.

There is quite a bit of work on the challenges and potential solutions of designing with
ML, as evident from the previous sections. However, the practice of the designers that
actually work with ML as a design material in everyday life has not received a great deal
of interest as of yet. This is particularly interesting because the practice of related roles
such as data scientists or engineers, collectively called ‘data workers’, in the field of ML
have been thoroughly investigated (e.g. Muller et al., 2019, Kim, Zimmermann, DeLine, &
Begel, 2016, Passi & Jackson, 2018).

Though there is little research on the practice of designers working with ML, there is
some. Dove et al. (2017) conducted a study on how designers work on developing new ML
products and services. A survey on 43 UX practitioners, including designers and researchers,
identified practitioners’ struggle in areas such as ML knowledge, the purposeful use of ML,
and ML as a design material. While this study highlights some problematic areas for
designers working with ML, it focuses specifically on the creation of new services, rather
than the overall practice of designers in the field of ML.

Yang, Scuito, et al. (2018) conducted a series of interviews with a focus on practice with
design practitioners (including UX designers, UX researchers, and design managers) with
at least four years experience in designing ML-enhanced products. The main findings of
the study were centered around three topics: participants’ lack of understanding of ML
capabilities, differences in the design process associated with ML, and the data centered
culture that participants admit to working in.

The sample size of the interview was 13 UX practitioners, including designers, re-
searchers, and design managers. All practitioners had at least 4 years of experience in
the field of ML, with most of them having over 10 years of experience. The specific sam-
ple begs the question whether the findings of the study are also generalizable to all UX
practitioners, in particular those with less experience.
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2.6.1 Collaboration with Data Scientists

As mentioned before, the roles and practice of data workers has been a topic of interest
in research. The collaborative practices of designers and data workers specifically have not
been studied as of yet. However, some researchers studying design practice or data worker
practice have commented on it.

Both Dove et al. (2017) and Yang, Scuito, et al. (2018) report how designers and data
workers work in close collaboration on ML products. There is however a contrast between
types of organizations that impacts this collaboration. There are large data-driven orga-
nizations where designers have unrestricted access to data scientists, and ML innovation
is actively promoted. On the other hand, at some organizations the access to data scien-
tists is much more limited. Designers who work in the second category have less access to
exemplars and are therefore less likely to come up with new ways to use ML, sticking to
common applications such as recommender systems or intelligent reminders (Yang, Scuito,
et al., 2018).

Girardin and Lathia (2017) discuss how UX designers work with data scientists on prod-
ucts that are based on a feedback loop. In other words, products that change over time
based on user data gathered during use. They describe how in data-driven organizations,
designers work much more closely together with data scientists and software developers,
compared to traditional organizations. This close collaboration is necessary for systems
with feedback loops, since a holistic view is required to successfully build and better these
systems. They conclude by saying that it is the joint responsibility of data scientists and
designers to construct ML-based experiences that bring everyday value to the user.

2.7 Summary

ML is a unique design material. Its immaterial and emergent nature make it more compli-
cated compared to traditional materials. For most technological design materials, a shift
from technical developments to design-led innovation can be observed. In this process of
design innovation, designers are expected to work with the design material, and envision
new and unexpected ways to leverage it. However, within the ML field this shift does not
seem to be taking place.

The reason for the lack of design innovation is not entirely clear. Though there is quite a
thorough academic understanding of the challenges of ML as a design material, and means
to deal with these challenges, little work has been done on the lived practice of designers
that actually work with the material in their day to day work. The same can be said for
strategies for familiarization with ML as a design material. The lack of work on the lived
practice of designers working with ML is concerning, as it is fundamental to understand
their current practice, before steps can be made towards improving it.

The current characterizations of practice are limited, and based on specific samples of
practitioners. For example, they focus specifically on the creation of new products, or on
experienced designers working with ML. By creating an exhaustive understanding of the
current practice of designers who work on ML products in their daily work, this study will
lay the groundwork for improvements of this practice that allow designers to fully leverage
ML as a design material.
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Chapter 3

Method

The purpose of this research is to investigate the practice of designers with a broad range
of experience in working on ML-powered products. In order to achieve a comprehensive
overview of designers’ practice, I chose to conduct retrospective, semi-structured interviews.
I decided upon this research method mainly based on two considerations. Firstly, a ret-
rospective research method was preferred as it allowed participants to discuss completed
projects from beginning to end, covering the entire design practice. Interviews are com-
monly used as a research method to collect data about the past from interviewees’ memories
(Seaman, 2008).

The second consideration was the depth of data gathered by interviews. Previous studies
on the practice of designers working with ML have used surveys and interviews (Yang,
Scuito, et al., 2018; Dove et al., 2017), both being methods that allow for retrospective data
gathering. The main goal of this study is to characterize practice. Practice is a complicated
matter that might be difficult to capture in numbers or short textual descriptions, the type
of data commonly gathered from a survey. Interviews are used often to characterize practice,
and to acquire the deeper insights associated with the matter (Lazar, Feng, & Hochheiser,
2017). Therefore, interviews are the preferred research method.

The interview were semi-structured, as this allows for more focus on the interviewees’
point of view (Bryman, 2015). Since the focus of the current study is designer’s practice, it
makes sense to emphasize their perspectives in the interview. Additionally, semi-structures
interviews have the advantage of allowing unexpected information to be voiced (Seaman,
2008), which is helpful in the context of identifying new challenges and approaches to working
with ML.

In addition to the interviews, I decided to use a pre-interview survey to gather back-
ground information from the participants prior to the interview. However, this survey served
primarily to support the data gathered from the interviews, not as its own point of data
collection.

This chapter describes the process of interviewing as performed by this study. The
process can be broadly split into three phases: preparing the interviews, conducting the
interviews, and analysing the data gathered. Each phase will be discussed separately in its
own section.
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3.1 Preparation

The first phase of this study was to undergo the necessary preparations for the interviews.
Firstly, I decided that the narrative of the interviews would be centered around a specific
example project selected by each participant. By starting from a specific instance in the
past, participants were able to give specific, detailed answers. Additionally, discussing a
nearly completed project allowed the interviewees to draw conclusions about their work
that they might not have came to had they still been midway into their project. Finally,
by walking through the example project, designers brought up challenges in their practice
themselves, rather than be led by the challenges included in the interview guide. The
practice of having interviewees walk through an example project to structure an interview
has been used before in studies of design practice, for example Yang, Scuito, et al. (2018),
and Newman and Landay (2000), and studies of data science practice, for example Zhang,
Muller, and Wang (2020), and Muller et al. (2019).

As part of the process of preparing the interviews, the following three activities were
performed concurrently: producing the pre-interview survey, formulating an interview guide,
and recruiting participants. Each activity is discussed separately in the following three sub-
sections.

3.1.1 Pre-Interview Survey

I decided to conduct a short survey prior to the interviews to gather participant background
information. By gathering background data prior to the interview, the information from
the survey could be used to prepare for the interview. Moreover, participants could fill out
the survey quickly and in their own time, preventing the collection of background data to
take away time from the actual interview.

This pre-interview survey served a dual purpose. First of all, having a general view
of a participant’s background before the start of the interview helped the interviewer to
ask the most relevant questions for that particular participant. Second, the background
information acquired through the survey helped to put the participants experiences into
context. In turn, being appreciative of a participant’s background can help in interpreting
their results correctly. For example, it could be expected that a designer who expresses very
little familiarity with ML has a different experience designing products with the material,
compared to a designer who is very familiar with the concepts. In conclusion, awareness of
the participants’ background helps to draw the correct inferences.

The survey was created and distributed through Google Forms. The contents of the
pre-interview survey can be found in Appendix A. The survey roughly consisted of two
parts, which will be discussed separately.

The first part of the survey contained basic demographic and background questions. The
participants were asked about their age, educational background, and experience working on
ML products. These questions served to provide a general idea of a participant’s background.
The survey also contained a set of questions about the example project that the participant
has selected for the interview. A reminder was included to emphasize that the questions had
to be filled out according to the situation of the specific project. Participants were asked
about their role during the project in question, as well as the size of the organization that
they worked for at the time of the project. These questions generated a basic understanding
of the participant’s example project.

The second part of the pre-interview survey concerned the participant’s familiarity to
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common concepts both from the fields of design and ML. The purpose of this part espe-
cially was to gauge a participant’s knowledge and experience with ML, in order to ask the
appropriate questions, as well as to provide context for the interpretation of results.

Participants’ familiarity with a total of seven concepts was measured using a scale of 1
to 7, with 1 being 'I know nothing about them’, 4 being 'I have heard of them but have no
hands-on experience’, and 7 being I work with them in my day-to-day work’. This scale was
adapted from Yang et al. (2018). The scale was selected as it captures not just knowledge of
the concept, but also a participant’s experience in working directly with or on the concept.

Concepts related to both design and ML were included, despite the focus of this part
being able to estimate the participants’ familiarity with ML. This exposed the expected
differences in designer’s familiarity to their own field of design, compared to the field of ML.
The concepts related to design that were used in the survey are: 'wireframes’, 'personas’,
and 'user flows’. The ML related concepts that were used in the survey are: 'model training’,
‘model validation’, and ’training set, validation set & test set’. Additionally, the concept
‘correlation & causation’ was included to gauge participants familiarity with statistics, which
strongly underlies ML. The concepts "user flows’, ’training set, validation set & test set’, and
‘correlation & causation’ were directly adapted from Yang, Scuito, et al. (2018). The list of
concepts was extended with the other concepts based on discussions with a data scientist
and designer, to more accurately capture the whole fields of design and ML.

3.1.2 Interview Guide

An interview guide was formulated to be used during the interviews. The interview guide
can be found in Appendix B. The interviews were semi-structured. Therefore, the interview
guide must be seen as a overview of topics that could be discussed during the interview,
rather than a rigid question and answer format. It must also be noted that not all topics or
questions were expected to be addressed in each interview, due to both time constraints and
participants’ inexperience with some of the topics. The topics addressed in an interview
depended mainly on the topics that were brought up by each interviewee. Additionally,
it must also be noted that the semi-structured nature of the interviews meant that new
questions or follow up questions could be generated based on the interviewees responses
that are not part of the interview guide.

The interview guide broadly consists of three segments. Each interview started with an
introduction to the study and an explanation of the goal of the interview. This was followed
by practical information surrounding the interview, such as timing and confidentiality. At
this point, interviewees had the opportunity to ask questions about the provided consent
form, before signing said form.

The narrative of the interviews was centered around an example project as selected by
the interviewee. The second segment of the interviews concerns this project. After signing
the consent form, the interviewee was asked to provide a description of the example project
they had selected. This description served as a natural start to get the interview going.
Additionally, it provided some context to the experiences of the designer in question. To
prevent designers from sharing experiences related to only their example project, intervie-
wees were reminded at this point to bring up anything from other projects or experiences
related to the topics discussed during the interview. Additionally, the interviewer also asked
pointed questions about the interviewee’s broader experiences around certain concepts as
they came up in the interview.

After describing the selected example project, the interviewee was asked to walk the
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interviewer through their work on the project, starting with the initiation of the project.
Project initiation is one of two topics that was included based on the challenge of data
centered culture as identified in the previous chapter. It is included in the first segment of
the guide, as opposed to all other challenge-based topics, because the initiation of a project
would chronologically be discussed at the start of the example project.

The remaining challenges of working with machine learning as a design material as
identified in the previous were all included as topics in the third segment of the interview
guide. The second topic derived from the challenge of data centered culture, data collection,
is included in this segment. I decided to include probes for the eight challenges as they were
topics that were expected to arise throughout the interview based on findings from previous
studies. Additionally, a probe for the topic of familiarization to ML as a design material
was included to address the third research question.

The exact probes included for each of the nine topics are different, but there were over-
arching themes. For example, the probes often inquired about how a challenge impacted
the designers’ practice, and how they dealt with the challenge in question in their work. For
some of the topics, such as design methods or prototyping, interviewees were asked what
approaches they used, why, and how those approaches worked for them. For the probes
regarding ML knowledge, designers’ self-identified level of knowledge was explicitly not in-
cluded in the wording of the question as to allow the interviewees to express their opinion
on their level of knowledge freely.

The topics included in the third segment of the interview guide were addressed as they
came up during the interview. For example, if the interviewee brought up struggling with
understanding ML in their project, the questions related to the topic ML Knowledge could
be brought up. The topic of ML knowledge was always directly followed by the topic of
familiarization to ML as a design material, to play into the natural progression of knowing
about ML, to applying ML.

If any topics did not naturally come up during the interview, and sufficient time was left
to address them, they were addressed at the end of the interview. At this point, the topics
with the most relevance to the interviewees work were addressed first, as it was expected
that the interviewees would have more experiences to share about those particular topics.

The final topic included in the interview guide is further challenges. This topic was
included to allow interviewees to share any challenges they faced in their work on ML
projects, that were not discussed discussed in the interview at that point. This allowed for
the discussion of challenges that arose outside of the example project, or broader challenges
that the interviewees have experienced across their work.

In some cases, all challenges had been discussed and the interview ended there. In other
cases, the challenges brought up at this point led to further questions. The interviews ended
when the interviewees had no more challenges left to discuss, or the allotted time for the
interview ran out. After the interview ended, there was the opportunity for interviewees to
ask questions or address any concerns with the interviewer. Additionally, interviewees were
asked whether they would like to be presented with the results of the study. Finally, the
interviewees were thanked for their time and effort in contributing to the study.

3.1.3 Participant Recruitment

The process of recruiting participants for this study consisted of two major steps: deter-
mining the inclusion criteria for participants, and the actual process of recruiting relevant
participants.
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Inclusion Criteria

In order to aid the selection of relevant participants, the inclusion criteria presented in table
3.1 were used.

Table 3.1: Summary of inclusion criteria

Inclusion Criteria

Role Must be self-identified designers working on the specified product
type

Product type Must have experience in working on products that contain or are
powered by ML technologies.

Experience Must have at least 1 (nearly) completed project or design case in the
field of ML

Language Must be comfortable with either English or Dutch.

First of all, participants were expected to fulfil some kind of designer role on ML products.
This includes classic titles such as UX designers, product designers, or design managers, but
also any other role doing the work of a designer on an ML product under a different title.

Additionally, participants were required to have experience in working on products that
contain or are powered by machine learning. This includes special-purpose ML products,
as well as ML-based features in larger products. For example, a designer working on a
recommendation system that is part of a large news website is also sufficient.

Participants were expected to have at least one completed (or almost completed) project
or design case working on an ML product. This was required to ensure participants had
enough experience to discuss during the interview, as well as had an example project to
guide the narrative of the interview.

Finally, as interviews were to be conducted in either English or Dutch, the participants
had to be comfortable with speaking one of these two languages.

Recruitment Procedure

Participants were recruited through four channels: the AI x Design Slack community,
LinkedIn, my personal network, and snowball sampling through participating designers.
Figure 3.1 gives an overview of how many people were initially approached through each
channel. In the AI x Design Slack community, potential participants were approached
through private message after responding to a recruitment message posted in a public chan-
nel. On LinkedIn, potential participants were identified by mentions of ML (or AI) and
design on their profile. These potential participants were then approached through cold
messaging. Potential participants in my personal network and from snowball sampling were
approached through email.

The potential participants that expressed interest after the initial approach received a
comprehensive informational email. This email can be found in Appendix C. Aside from
the goal and practical information surrounding the interview, the email also contained a
criteria check for participants to make sure they fit the profile as stated in the previous
section. From the 41 potential participants that were initially reached out to, 27 expressed
interest and received this informational email.
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If the participants fit the expected profile and were willing to participate, they would
receive a scheduling email, which can be found in Appendix D. In this email, a date and time
for the interview was set, and participants were asked to fill out the pre-interview survey.
From the 27 participants that received the informational email, 21 participants received
a scheduling email. Unfortunately, one interview was cancelled, resulting in a total of 20
interviews scheduled in the end.

A visualization of the recruitment process can be seen in Figure 3.1. This figure also
shows the distribution of participants across the four channels.

Replies to recruiment

message posted in Al x Cold messages to Potential participants in Participants acquired
Design Slack potential participants on personal network through snowballing
community LinkedIn (n=29) (n=3) (n=2)
(n=7)

h Y ‘L k4
Infarmation email + criteria check
n=27)

v

Scheduling email + pre interview survey
(n=21)

v

Scheduled interview
(n=20)

Figure 3.1: Overview of the recruitment process and sourcing of participants

3.2 Conducting Interviews

As participant recruitment took place, the first interviews were conducted simultaneously.
All interviews were conducted remotely through Google Meet video conferencing software.
Due to an unexpected interruption, the interview with P05 had to be ended early, but
was completed the following day. Interviewees P08 and P09 requested to be interviewed
together, as they had worked on their selected project together.

Interview audio was recorded using OBS Studio. The audio files were manually tran-
scribed into text files. Intelligent verbatim transcription was used, as the purpose of the
interviews was to extract the meaning that the interviewee was trying to convey, not the
exact letter of what was said.

The following section describes the participants that were interviewed for this study.
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3.2.1 Participants

A total of 20 participants was interviewed. Hennink, Kaiser, and Marconi (2017) suggests
that between 16 and 24 participants are needed to reach meaning saturation in qualitative
research, with a more exact estimate for a required amount of participants depending on the
saturation parameters of the research. As the current study contains both values that indi-
cate a small sample for saturation (purpose of capturing themes, homogeneous population),
as well as values that indicate a large sample for saturation (conceptual codes, emerging
codebook), an intermediary sample size of 20 is expected to result in sufficient saturation.

Table 3.2 provides an overview of all participants. As seen in the table, the majority of
participants completed an education in the field of design. However, other backgrounds were
also represented with some participants having a background in engineering and computer
science, among others. Aside from P02, all participants described themselves as fulfilling
the role of a designer in their respective example project. P02 was a researcher performing
design as part of their research, and therefore still met the inclusion criteria presented in
section 1.3.1. Aside from P03, all participants had at least one year of experience in working
with ML products or ML features in larger products, with most participants indicating either
1-2 or 2-4 years of experience. The size of the organisations that the participants work at,
ranges all the way from smaller companies with less than a hundred employees, to large
corporations with over 10,000 employees.

The last column of the table contains a short description of each participant’s example
project. This description was adapted from the interviewees own description of their example
project during the interview. Though there is some overlap in types of products that the
interviewees selected as their example project, the interviews still cover a diverse range of
projects.

Table 3.2: Summary of participant background based on the pre-
interview survey. The last column, interview example project, fea-
tures a short description of the project described during the inter-
view. This column is adapted from the interview transcripts.

ID Education Role Exp Org Size Example Project
01 Design, HCI Product designer 1-2 yrs <100 Image recognition fea-
ture for UI tool suite
02 Design, Al Researcher 2-4 yrs 1,000- Co-learning au-
10,000 tonomous agent
03 Design Experience <1lyr <100 Fan experience for vi-
designer sually impaired people
04 Design Design manager 1-2 yrs 100-1,000 Recommender for
streaming platform
05 Law Product designer 2-4 yrs >10,000 Prediction tool for pro-
grammatic advertising
06  Design Experience 1-2 yrs 100-1,000 Computer vision ob-
designer ject counting applica-
tion
07 Design Experience 2-4 yrs >10,000 Image making experi-
designer ences
08  Design Data designer 2-4 yrs >10,000 Intelligent sleep health
monitoring

Continued on next page
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Table 3.2 — continued from previous page

ID Education Role Exp Org Size Example Project
09 Computer sci- Data designer 2-4 yrs >10,000 Intelligent sleep health
ence monitoring
10  Design, UX designer 1-2 yrs >10,000 Enterprise search
business
11 Mechanical Product designer 1-2 yrs 100-1,000 Object recognition for
engineering human animal interac-
tion
12 Design UX designer 8-10 yrs 1,000- Topic model generator
10,000
13  Engineering, Service designer 4-6 yrs >10,000 Intelligent assistant for
education process optimization
14 Design UX designer 1-2 yrs <100 Topic model generator
15 Computer sci- Al designer 2-4 yrs >10,000 Recommender for
ence, journal- streaming platform
ism
16 Computer UX designer 2-4 yrs 1,000- Machine learning plat-
science, 10,000 form
information
science
17 Design Service designer 2-4 yrs <100 Intelligent text sum-
marization for public
organisation
18 Design Product designer 1-2 yrs <100 Intelligent  coaching
chat bot
19 Design Design manager 1-2 yrs <100 Proactive diary for pa-
tients with respiratory
issues
20  Design Product designer 1-2 yr >10,000 Prediction tool for fi-

nancial markets

3.3 Analysis

The third and final phase of this study consists of the analysis of the data gathered in the
previous phase. For the process of analyzing the data, thematic analysis was used. Thematic
analysis is a method for qualitative data synthesis, in which recurring topics, or themes, in
data are identified, analysed, and reported (Braun & Clarke, 2006). According to Braun
and Clarke (2016), thematic analysis is a suitable method for research questions related to
experiences or accounts of practice.

3.3.1 Thematic Analysis

There are various approaches to performing a thematic analysis. This study follows the
reflexive thematic analysis approach. In reflective thematic analysis, themes are concep-
tualizations of meaning-based patterns, rather than summaries of data regarding certain
topics. What sets reflective thematic analysis apart from other approaches is that the aim
is not to create summaries of data that minimize the influence of the researcher. Instead,
the aim is to create a coherent interpretation of the data, which is grounded in the data but
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created through the active involvement of the researcher (Braun, Clarke, Hayfield, & Terry,
2019).

Before starting the first phase of the process, it is important to consider exactly how
thematic analysis will be performed. I followed an inductive approach to coding the data,
meaning codes and themes were established iteratively from the data, rather than pre-
determining codes up front. Inductive coding allows me to focus on the experiences described
by the participants, rather than approach the data from a predetermined set of assumptions.
It must be noted that the analysis cannot be purely inductive, as it is guided somewhat by
the concepts investigated in the literature review. However, the coding of data is primarily
guided by what is present in the dataset, not the preconceived concepts from the literature
review.

Themes can conceptualize both semantic and latent meaning. The research questions
of this study partially refer to concepts that can be captured from the semantic, or surface
level, of data. For example, participants’ accounts of their design process, or descriptions of
design methods used. However, as the focus of interest is also on the lived practice, or the
experience of participants, it is also important to consider the latent meanings of data. In
other words, the conceptual meaning that underlies the explicit patterns present. Therefore,
the data was coded on both a semantic and latent level.

Braun and Clarke (2006) detail an approach to reflective thematic analysis that consists
of six phases, a summary is provided in Table 3.3. A comprehensive overview of the process
of each phase can be found in Braun and Clarke (2016).

Table 3.3: Summary of the phases of performing thematic analysis as described by Braun
and Clarke (2006)

Phase Name Process
1 Familiarization Read interview transcripts and take notes on initial im-
with data pressions
2 Generating codes  Code interview transcripts. A process that takes place
over multiple iterations
3 Constructing Develop initial themes from patterns captured across
themes codes
4 Revising themes Check how well the themes support the data. Return
to previous phases if necessary
5 Defining themes Write theme descriptions that capture the centralizing
concept of the theme
6 Reporting  find- Reporting the themes. Must be seen as a final stage
ings of analysis where revisions can be made to the set of
themes

I started by familiarizing myself with the data by reading each interview transcript at
least ones. I coded the interview transcripts digitally using Nvivo. During the process
of coding, I focused specifically on described processes and experiences. Coding took place
iteratively through multiple passes, going over each interview transcript multiple times until
the coding sufficiently captured the content of the dataset. As I was coding the transcripts,
I would also review the codes I had at the time, and merge or split codes if necessary.

Once I was content with the set of codes, I started developing initial themes by grouping
related codes. These themes were revised multiple times. Throughout the process of revising
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themes, I discussed my candidate themes with my supervisor. Additionally, I checked the
themes against the dataset to see whether there was good fit with the data. I continued this
process until a sufficient fit was achieved.

I then wrote a description for each theme. For a few themes, I was unable to write a
sufficient description, due to the disjointed and weak nature of the themes. For this reason,
these themes were dropped.

I performed an extra step of analysis on codes related to the design process and design
methods, to see those codes not just as isolated events in the process, but to also consider
the sequence in which they take place. In order to analyze the process-related codes in order,
I mapped out coded process steps or methods in a spreadsheet. I then colour-coded similar
steps, looking for patterns across participants. The comparison can be found in Appendix
F.

I wrote an initial report on the themes. Based on the reporting and discussion with
my supervisor, I decided to revise the themes once more into five complete and overarching
themes. In the end, I reported on this final set of five themes: ’design process & methods’,
‘machine learning as a tool’, ’advocate for the user’, 'need for close collaboration’, and ’real
data, real complexities’. The report is presented in the next chapter and includes an in-
depth description of each theme, as well as excerpts from the interview transcripts that
represent the theme.
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Chapter 4
Findings

This chapter discusses the results of the pre-interview survey, as well as the five themes as
identified from the thematic analysis. In section 4.1, the the results of the concept familiar-
ity questions that were part of the pre-interview survey are discussed. This is followed by
separate sections detailing each of the five themes. Quotes lifted from the interview tran-
scripts are included in the discussions of the themes. The wording and grammar of these
quotes has not been edited.

4.1 Familiarity with Machine Learning

Participants were asked about their familiarity with certain concepts related to ML or design
on a scale of 1 to 7. Due to the sample size of this study, no statistical testing was performed
on this data. Definitive conclusions about the differences in familiarity to ML and design
would require further research. However, this is not the focus of the current study. The
results in the form of median for each concept as presented in Table 4.1 serve mainly to put
further findings into context.

Table 4.1: Medians of the concept familiarity questions of the pre-interview survey, split by
concepts related to ML, and concepts related to design.

ML Concept Median SD
Correlation and causation 4 1.50
Model training 5 1.30
Training set, validation set, 5 1.52
and test set

Model validation 5 1.45
Design Concept

User flows 7 0.81
Wireframes 7 1.39
Personas 7 0.95

As seen in the table, the medians for concepts related to design are all 7, compared to
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the medians for concepts related to ML, which range from 4 to 5. This suggests that for
this study’s sample, there is a difference in designer’s familiarity between ML and design.
As expected, designers seem to be more familiar with design.

4.2 Design Process & Methods

The first theme generated from the data was built around participants’ descriptions of their
work on a process level. All participants described their work on their selected example
project in terms of broad process steps or stages, as well as specific methods they used
throughout their process.

Throughout participants’ descriptions of their process, four common stages in a partic-
ular order stood out. Figure 4.1 shows an overview of the four stages. The four stages that
were commonly present in projects described by the participants were research, ideation,
prototyping, and validation. The latter two stages were mentioned as taking place in small
iterations.

Initiation = Research |deation Prototyping Validation —={ Finalization

1

Figure 4.1: Graphical representation of the broadly the design process described by the
participants. Also included are the themes that relate specifically to one or more of the
stages. *Influence roadmap is included twice for readability, but refers to the same theme.

It must be noted that there were inherent differences in the process and methods de-
scribed by the interviewees, purely due to when they started working on a project, or the
nature of the project they described (e.g. strongly research based versus heavily visual de-
sign based). In some cases, one or more of these stages was not discussed. In other cases,
more steps were mentioned that took place in between the four stages. The stages included
in the visualization are the ones that were present in some form in the majority of the
participants’ accounts of their process.

Most participants described a single project cycle, meaning the process depicted in Figure
4.1 must be seen as part of a larger development project. Initialization and finalization
were mentioned by the participants to identify the start and end of their project, but not
necessarily as stages of the process. Additionally, the way projects were initiated or finalized
differed a lot between participants. Therefore, they are included in the visual, but not
described in detail in this section.

4.2.1 Research

A majority of participants mentioned starting their process with research. The research
conducted often had more than one purpose.

?[ felt it was really important, both because the research helps me understand the
product, but it also let’s me understand what’s going on for other people, and
from all the research I could make a plan about what needed to be fized” (P14)
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The research practices described by the participants included classical user research,
identifying pain points and user needs, or learning about the user’s current work processes.
At the same time, designers described using research to learn about ML in the product they
are working on, or to learn about the domain their project takes place in.

”So we have to talk with the users, we have to do some qualitative research before
anything to understand how people interact with this, or how people are aware
of these systems that we are designing.” (P04)

In line with these goals, the research methods used were often qualitative. More than
half of the participants mentioned conducting this type of research, such as interviews,
contextual inquiries, and diary studies, during this stage of their projects.

4.2.2 Ideation

Nearly half of the participants described doing some form of ideation following research.
This was mostly the case in projects where designers were working on features of products
that did not exist yet.

”I created a work session in which data scientist and designers have to together
understand or see the potential of Al in the solutions. And also for example we
started to involve also the commercial person, because they started to sell a lot of
artificial intelligence products that weren’t necessarily using artificial intelligence
technologies.” (p06)

There were quite a lot of differences between the types of ideation mentioned by the par-
ticipants. Whereas some participants described a more loose form of ideation, for example in
the form of workshops, others mentioned more structured approaches, such as requirements
gathering.

”I also was making workshops with co-creation sessions, those being if you are
a programmatic advertising specialist, what would you do? The general question
about the whole workshop is around not me creating stuff and asking for your
opinion, but for you as the user to create something that will change your life.”
(P05)

In terms of specific methods recounted by the participants, ideation workshops were men-
tioned multiple times. Some participants described facilitating those workshops, involving
users, data workers, or other relevant parties. Sometimes the workshops were very general
brainstorming sessions, while others were more focused co-design sessions, where the collab-
orators were invited to come up with specific ideas. Overall, the participants characterized
these ideation workshops as successful endeavours.

4.2.3 Prototyping

A large majority of participants detailed doing some form of prototyping. They described
different levels of prototypes, ranging from simple interface mock ups without any interac-
tivity, to fully functional, high fidelity prototypes.
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7 would say it was a prototype that was evolving. So I had, I would save, from
the original for evolved versions of, of the prototype, to really iterate and capture
all of the requirements, to address the issues that have been surfaced.” (P16)

The process of prototyping as detailed by the participants took place multiple times in
short iterations. With the prototype evolving from those simple mock ups, to high-fidelity
prototypes.

”So what I did really is actually draw visuals. So you know, some of the designer
in me comes out, it’s like, well, let’s draw what’s going on. So let’s draw the
user journey out.” (P13)

Aside from completed prototypes, designers also described the use of methods that pro-
duce other visual artifacts during this stage. For example, user flows, personas, sketches,
and wireframes were mentioned. Though these might not be prototypes in their own right,
they are artifacts that support the designer in the process of creating prototypes.

4.2.4 Validation

Most participants described following an iteration of prototyping with the validation of said
prototype.

"And after a few round of internal feedback and putting the setting right. I
started taking it to the user and talking to them. Getting feedback on it, and that
was very helpful, to see how they think about it. And then I figured, more gaps,
some more requirements that we needed to work on.” (P11)

The majority of prototypes were validated through user testing. However, several of
participants mentioned other types of validation, such as checking the technical feasibility
of their work with data workers, or gathering feedback on prototypes from clients. Similar
to prototyping, designers describe validation as an iterative process.

”And then every time we would deliver something, I would run another set of
user testing to learn about how are users using it, improvements.” (P11)

Participants described a variety of research methods that they used during the validation
stage. The research methods used here are a combination of qualitative and quantitative. In
terms of the qualitative methods, some participants described doing A /B tests, and sending
out questionnaires to users. For the quantitative methods, around half of the participants
mentioned conducting user tests with a prototype.

4.3 Machine Learning as a Tool

This theme illustrates the way participants characterize ML. While in literature the concept
of ML as a design material has emerged, participants discussed ML as one of the tools in
their problem-solving toolkit, rather than as a material.

“I see machine learning and data science as a means to an ends. So there is a
problem, and machine learning could be the solution to that problem.” (P20)
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Several participants described seeing ML as one of the tools that can potentially be used
to solve a user problem. However, it is also described specifically that it is a tool that should
only be used when it is an appropriate solution to user problem, in other words, when it is
meaningful.

”This amount of effort, this amount of technology is as powerful as the use case
behind it is. So I think that’s the biggest factor here is to find the right use case
for making AT work in a meaningful way, and a valuable way” (P0O5)

The concept of meaningful ML use was present throughout the interviews. Several par-
ticipants emphasized the importance of using ML in a meaningful way. They characterized
meaningfulness in relation to the user: meaningful ML solutions solve user problems. They
highlighted the importance of ML solving user problems, but also mentioned how it is im-
portant to be mindful that the use of ML does not cause any additional effort on the users’
part.

"The danger is you just start a project, which is just a gimmick. And then
everyone says, yes, it works, but what’s the impact?” (P17)

Several participants commented on how they often see a different approach to using ML,
where ML is used without it directly solving a user problem. In these cases, ML is not a
tool or material, but rather an end goal. A number of participants commented negatively
on seeing ML as an end goal, recounting how adding ML to a product without considering
whether it solves a user problem is the wrong approach.

The notion of ML as a tool in the designers toolkit was also apparent in the particular
way participants talked about ML.

”And so understanding that, what had to go into the model, and then what came
out of it, with pages and pages of different charts and interactive text things. It
was understanding what went into it and what comes out.” (P14)

Rather than approaching it from a technical perspective, and talking about ML in tech-
nical terms, several participants talked about ML in terms of input and output. As far as
their discussions on input went, they talked about needing to know and understand what
data goes into the model. When talking about output, the participants user-centered per-
spective became apparent in the way they discussed it mostly in terms of the output that
is presented to the user.

This is in line with the idea of ML as a tool to solve user problems with, as the input and
output are much more important to a problem, than the inner workings of the technology
are. Closely related to the way designers talk about ML, is the way they seem to understand
the technology.

”I don’t think all the designers need to really understand the technical processes.
But you need at least to understand the machine learning potential, the basics, to
understand which technology is best, suits the problem you have the best” (P15)

Throughout the interviews, several participants mentioned how their technical under-
standing of ML is quite limited, they only need to know the fundamentals. However, some
also emphasize how it is very important to have a good understanding of the boundaries of
the technology. In terms of ideation, they need to know what is and is not possible in order
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to come up with new ideas. In terms of working with existing models, they need to know
what the model can and cannot do to make decisions surrounding, for example, prototyping.
Rather than following the traditional, technical understanding of ML, designers have
formed their own designerly understanding of the technology. This understanding is more
concerned with the potential of ML. In other words, where ML can be used as a tool mean-
ingfully. Aside from the way participants described understanding ML, they also discussed
ML knowledge more broadly during the interviews. Their discussion of ML knowledge, and
particularly the value of this knowledge, are in line with the notion of ML as a tool.

”[ think it was important to understand the concepts like you said. I didn’t work
with them directly but I think it’s an important aspect of designing it.” (P14)

” Actually, before this project this kind of topics weren’t like very interesting to
me. I was always aware of these kind of situations and all of the things that are
happening in the world and it .. amazing for me but it wasn’t like interesting.
But after this project and shows me how flexible is working with this kind of
features in our product that we used.” (P03)

Several participants specifically stated that they think it is important for designers work-
ing on ML products to have a basic level of ML knowledge. Additionally, quite a few par-
ticipants shared that they are interested in learning more about ML. A couple mentioned
specifically how they initially were not very interested in ML, but upon starting to work
with the technology realized that they want to learn more about it.

”[ think that my knowledge around the machine learning, data science, artificial
intelligence is pretty basic. ... But the amount of knowledge that I have gives
me an opportunity to think broader than just a designer about the constraints,
the tech opportunities that we have on hand, something that we can really use
out of the box without any additional effort involved.” (P05)

The concept of ML as a problem solving tool is especially present in participants’ discus-
sion of the value of ML knowledge. Several participants mentioned how they feel it makes
them a better designer; they feel like they have an advantage compared to designers without
ML knowledge. Additionally, a handful of participants discussed how having a good ML
knowledge, in particular of the possibilities and limitations, helps them to see more oppor-
tunities. In other words, ML knowledge helps designers to see appropriate contexts where
they can use ML as a tool, in a meaningful way.

Participants described not only the value of ML knowledge, but also the way they go
about acquiring that knowledge.

”I have tried to take a machine learning course on Udacity, but that didn’t work
out” (P02)

” Especially the data science stuff, I'm interested in that and actually my partner
happens to be a data scientist so when I had questions it was really easy to be
like, question about how that works.” (P14)

Rather than focusing on a formal education and technical specifics, participants de-
scribedr various informal ways that they use to improve their machine learning knowledge.
Various participants described asking personal relationships to help them understand cer-
tain ML techniques, while others mentioned learning through personal projects. These

42



approaches are in line with the designerly understanding of ML, and go to show how de-
signers’ interest does not seem to be primarily with the technical details of ML, but rather
the possibilities that the technology offers.

4.4 Advocate for the User

This theme illustrates the main role participants described seeing for themselves in the ML
projects they worked on. The primary role participants discussed is being an advocate for
the user perspective. While the importance of this perspective is clear to the participants,
many remarked how the main focus often seems to be on the technical perspective in the
projects they described.

" And I feel in this case I'm more a translator, or more someone that is a mediator
between the user needs and the engineer needs.” (P01)

Over half of the participants mentioned feeling like they have to advocate for a more
human, or user-centered perspective. What is really interesting is how multiple participants
discuss their position in relation to users and their data worker colleagues. They described
seeing themselves as positioned in between these two groups, translating the language of
user needs to the technical language of their colleagues, and vice versa. These participants
describe themselves as a bridge, or integrator between the two groups.

What is also clear from the majority of participants is that they see a very minimal role
for themselves on the technical side of things. Over half of the participants described very
little involvement in the technical, data-centered side of the projects they worked on.

”But how it works in detail, to be honest I don’t care about that very much. If
it works, it works. I trust a data scientist or engineer to have taken care of it.
How they did it, I don’t really care about that.” (P20)

Multiple participants stated they did not feel they needed to be involved on the technical
side of things, because it was not their expertise. Additionally, some participants explicitly
reported feeling content with their minimal involvement in the more technical side of their
projects, citing lack of interest or, again, their lack of expertise as the main reason.

Participants specifically mentioned having little involvement in data collection and the
creation of algorithms. They mentioned how they rely on their data worker colleagues to take
care of the technical side of the process. The minimal technical involvement of participants
shows again how they are primarily concerned with the user perspective.

Though several participants recounted minimal involvement in data collection, others
cited they were involved specifically to fulfil their main role: to represent the needs of the
users.

?Well, I think I don’t manage the data myself, but I’'m in constant alignment with
the people who do it. Because we need to know how to create the experience. How
we made the product, the interaction, that they need to collect the data in a way
that is the middle point between user needs and what the product needs.” (P19)

Multiple participants specifically discussed involvement on the account of being able to
better understand the user than their technical colleagues might be able to. Additionally,

43



some participants discussed being involved in data collection on a level of domain under-
standing. For example, as part of their research they interview users or subject matter
experts and therefore help clarify the context that the data is gathered from. Once again,
the focus remains primarily on the user perspective.

The need for a more user-centered perspective is clear from the accounts of several
participants describing how design is often seen as an afterthought. Several participants
detailed how they felt design was not a priority in the ML projects that they worked on,
but merely a finishing touch to a technology that is already taken care of. Specific instances
that demonstrate this perspective happen throughout all stages of the development process,
on all levels.

”Other times you’ll get a team that’s like, UX is here to make the mock ups so
the developers can put pretty pictures on top of our amazing technology.” (P10)

On a general level, several participants, most of them UX designers, described how their
colleagues see their work as no more than creating user interfaces. The UX designers are
reduced to Ul designers, and are not expected to be involved with any other parts of the
development process. The implication here is that the product is good to go, and only needs
visual final touches from designers before being fully completed. .

"And there was one project where I was introduced to fix things after the en-
gineering team had already implemented a big chunk of the product. I think
what happens in that case is, the friction between you and the engineers, because
they ve invested in this, time. People don’t see the vision, they don’t see the whole
piece. They probably just implemented something kinda quickly and as a designer
you come in fresh and with your user research or whatever it is you’re doing to
understand what the root problems are, how you of course correct things.” (P12)

Another example of being seen as only visual designers was shared by multiple partici-
pants. They explained how they were brought on to do a mostly visual redesign of an already
existing project. Designers are not involved from the start, but only when the technology
is already up to a certain level. This once again illustrates how design is not a priority in
these projects.

”The company, before I came on, had tried to launch that anyway, as a beta
product. So they invited a handful of people to use it. The feedback was pretty
negative. Everyone used it basically one time, and then was like, this is too hard
I don’t wanna do it.” (P14)

A handful of participants share several accounts of being brought on to projects that
had bad user experience, or starting research and unearthing UX-related problems in the
products. This goes to show that the lack of design intervention early on can have negative
consequences.

"What was not given the opportunity here, is we were not able to use design
thinking, or design strategy. And also, when I say that, I mean, the design
structure around how do you do problem definition.” (P13)

A very specific problem that is a direct result to only being involved later on in projects
is the lack of design thinking in the stage of problem setting. A few participants describe
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noticing the lack of design thinking at this point in the process, particularly the lack of
difference between knowing the problem and finding the solution.

Quite literal evidence for the notion that design is not a priority is how multiple par-
ticipants described having a hard time to get design prioritized over technical progression.
They describe how it’s challenging and frustrating to be on a different page then technical
leadership or colleagues, and continuously having to advocate for the perspective of the user.

Conversely, a number of participants shared positive accounts where they were able to
get the user perspective prioritized on the roadmap of a product. Participants describe
how prioritization is primarily handled by product managers, and how they often have a
close relationship with product management and are therefore able to help shape decisions
on prioritization. Their work in getting design prioritized is another way in which the
designers are able to represent the user in their projects.

”So it was like, to me it was great. I came in right as that conversation with
the team was being identified. And they turned to UX, they turned to me do the
prototyping to kind of... We have a pain point, we think we can solve it, we think
it can be useful for our customers. But we really need UX to do prototyping, to
visualize it, to see it, before we really invest in the engineering piece. So it was
really perfect.” (P12)

Nearly half of participants commented positively on being involved in early on in projects,
either at the initiation, or early enough that there is still some leeway in the direction of
the project. They feel fortunate to be involved early on as it allows them to bring in a
user-centered perspective from the start. More broadly it allows them to steer the project
in a design driven direction. Additionally, being involved early on also helps the designers
to grasp a more complete grasp of the ML aspects of the product.

”But what will often happen is, there is a very defined process for how features
arrive in product, and that is something that has been followed for a number of
years, and is something where design contributes at various stages of that and
offers everything that they have to input.” (P0O7)

”And, for example, the process would be, if I see that the user is taking too much
time answering something on the bot. And this is something that I will bring to
my boss and say, you know, maybe we need to check the content there” (P18)

As mentioned, participants describe having some influence on the roadmap through their
close relationships with product managers. They are able to influence the roadmap especially
when they have conducted research and have the data to back up their suggestions for next
steps.

4.5 Need for Close Collaboration

This theme describes the efforts required to create a close collaboration between design-
ers and data workers. Several participants explicitly acknowledged the importance of this
close collaboration, and how it’s a two way street: both parties need to put in the effort.
Throughout the interviews, the participants described various ways that they try and make
collaboration with data workers easier.
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”One thing I've been having at work for the past couple of years is to train, to
educate people about, the power of design, beyond just colours and how things look
and lay out. But try to communicate with them, the power of design thinking,
the power of for example the double diamond model.” (P11)

"My colleague, who’s the data scientist and machine learning specialist, she’ll
actually kind of, if we’re talking about a specific, I don’t know, machine learning
algorithm, she’ll actually explain that to us. And so this is what happens, this
is what I'm doing. This is good, the outputs we get and the inputs we need. So
that we get a general sense of what’s going to be happening there, and how that’s
going to influence our work as well.” (P18)

Some of participants discussed using education to improve collaboration. They describe
both the education of their colleagues, as well as their own education. They detail trying to
educate their data worker colleagues on the value of design, for example through workshops,
or by joining meetings that are not design-related, but that they feel could benefit from
a design perspective. Designers also try to educate themselves on ML, in order to better
understand their colleagues’ work. They close the gap between themselves and data workers
even further by using their colleagues to improve their knowledge. Over half of the partic-
ipants described asking data worker colleagues to explain ML concepts to them. Multiple
participants also mentioned using data workers to fully understand how the products that
they work on work, especially when they just start working on the product.

Participants discussed issues in communication between themselves and data workers
that could be addressed specifically by improving ML knowledge. Participants framed the
struggle in communication in terms of languages; they feel they speak a different language
from their data workers colleagues.

”Because it was hard to communicate with [the developer]. When he was trying
to work with this kind of features and he was trying to explain it to us. But none
of us would understand it. So the lack of expertise, not expertise, the lack of
knowledge that we had about this kind of project was wasting a lot of our time
during the project.” (P03)

7And I see that it’s very important to a UX working a lot with IT, to know all
that for example, the glossary. I think that’s absolutely necessary. If you don’t
have the glossary, you can not understand, what are they doing and what are
they talking about.” (P06)

Participants describe how they feel that they need to learn the data workers’ language in
order to fully understand what’s going on. Specifically meetings with data workers were men-
tioned as a point of struggle, with designers being unable to participate in the conversation.
Some of the participants talked about communication in close relation to understanding of
ML. They need to know common terms and concepts in order to follow and add something
to conversations.

”I think another thing that we all realized in the team, that having tangible
screens, and step by step flows, brings the team and common understanding to
the point, we don’t go off the engine discussing something that everybody might
interpret it differently when reading the text.” (P16)
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Rather than tying to speak the language of the data workers, a handful of participants
brought up a reverse approach: using designers’ visual skills to improve communication.
Some describe creating visuals specifically with the purpose of communication, while others
discuss using common visual artifacts, such as mock ups or design flows, to support conver-
sations between designers and data workers. It is interesting too see how designers use their
unique visual skills to help them navigate the ML landscape.

Aside from fostering mutual understanding of each others fields, and in turn improving
communication, participants also describe efforts to close the gap by actively involving data
workers in the design process.

”I also did a lot of co-design sessions with the engineering team. So I would come
with a general idea of what I thought it looked like, and then to really extract out
of them what in their minds it needed to look like” (P10)

A few participants mentioned facilitating co-design sessions with data workers. The ses-
sions have a dual nature, they help to come up with new ideas to improve the product,
but they also help to the mutual understanding and communication. A couple of partici-
pants also described how they would bounce ideas of data workers, or vice versa, in general
conversations.

”Because as a designer you can make very different suggestions about how it
would be better to create an Al in this field, but you are not clear at most times
about the feasibility check. So how real is this model to become available for the
cost, for the budget that we have, is it really something that we can build?” (P05)

Participants also actively involve data workers in the design process by using them
to check the feasibility of their ideas. Nearly half of the participants mentioned needing
data worker colleagues to check whether their ideas are possible, as they lack the technical
judgement required to decide this for themselves. Sometimes this meant getting a general
understanding of what is possible, at other times bringing up a specific idea and checking
whether that would be feasible.

4.6 Real Data, Real Complexities

This theme illustrates how the data-centered nature of ML puts significant limits on the
prototyping and validation stages of the design process. Participants repeatedly brought
up how the close relationship between ML and data causes complexities especially in those
stages.

Participants emphasize how prototyping is especially well suited to determine the quality
of a ML product beyond just it’s technical accuracy. However, at the same time they
acknowledge that data is such a substantial part of the experience of ML products, that
does need to be taken into account.

"So Al, you’re probably quite familiar with the terminology, they have basically
their training set and their testing set. But there are also a lot of external factors
eventually in the user experience to take into account. Like how does the user
see it, how is it being delivered to them. And that’s where my prototyping comes
in.” (P08)
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Several participants brought up the need to prototype ML products. This is another
instance of the designer representing the human perspective, as prototyping, and in partic-
ular testing those prototypes, covers the entire user experience, going beyond just technical
accuracy. Some designers address specifically how having realistic interactions in prototypes
is especially essential to ML products, as interactivity is key to how the user will eventu-
ally experience the product. They express how they are able to learn a lot about how the
user interacts with the product and unearth real challenges by just having potential users
interact with realistic prototypes for a couple of minutes.

”So when you just sort of click a text input and it gives you all these outputs,
it doesn’t really connect with like, the user didn’t really have to think about what
they’re looking for and then if the results are what they expected to get when they
had typed in whatever. Since it was all kind of hypothetical.” (P14)

Aside from making prototypes realistic in terms of interactivity, several participants
also indicated that it is best to create prototypes with data that is as close to real data
as possible. Using fake data, such as dummy data, can make the prototyping experience
less realistic. A couple of participants described how they felt their validation results were
negatively impacted by the use of fake data.

Although the participants expressed a preference for using real data in prototypes, this
is not always an option.

”So, a lot of times developing these intelligent systems, we don’t have the data
available, we don’t have a clue of what the data looks, so we need to fill in the
gaps in some way.” (P09)

”So I can only test with fake data, and that really limits me in getting accurate
feedback” (P20)

Some participants describe the general lack of availability of data throughout the entire
design process, which especially impacts prototyping and testing. Other describe particular
issues with data regulations related to security and compliance, which limits the use of
data in prototypes and especially in testing with external users. Both issues limit designers
particularly in how much realism they can add to prototypes and in turn validation.

Only a few participants described prototypes that use the same data that the final
product would use. Due to the issues surrounding data availability and regulations, many
participants described alternative solutions. Depending on the data that is available for use
in prototyping and validation, they described different levels of realism in terms of the data
used in their prototypes.

7So what I did is I actually used o data set that the data science team had used.
So I used a real data set, it was definitely not... I mean it was dummy data
in the sense that there was nothing you could drill in on. But I made sure that
in the mocks I had, the things that were being derived were actually things that
were being derived.” (P12)

A common alternative to real data mentioned by several participants is using one specific
example from real data throughout the prototype. Though this approach does of course
come at the cost of interactivity, participants were positive about it in consideration of its
constraints.
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”We found some website that was like, top 100 movies of all time, so then I went
to Wikipedia, downloaded all of their HTML files, which of course comes with
PNGs and image files and other file types. So that allowed us to test not only the
search capabilities, but also the sync capabilities, to test the report, the settings

page. ... So that gave us a bit of a little testing ground to work with some sort
of real data, even though obviously you’re not going to have movies in there.”
(P10)

Another approach used by several participants who had no access to real data was to
use dummy data. This data is similar to real data in structure, but not grounded in actual
data that will used in the product. While participants were positive about certain aspects
of this approach, such as the ability to test certain interactions such as producing reports,
they were concerned with the lack of realism impacting testing results.

”We took some users from the office, this person always arrives at 7 am. We’re
going to put a picture of them, we’re going to open the door, and we leave a
message. Welcome message, no message, no pictures. We started that way. No
technology.” (P06)

A handful of participants indicated that they used a Wizard of Oz approach to pro-
totyping. They were positive about being able to quickly test mostly small parts of an
interaction, without needing help from technical colleagues. They did mention downsides of
the approach as well: a real machine learning model can act differently than your Wizard
of Oz protocol, so you cannot be sure that the experience your delivering is fully realistic.

What becomes apparent from the way participants talk about data in prototypes is
that the type of data used in prototypes is not a design choice. The general consensus
is to aim for realism both in terms of the data included. However, the exact choice of
data can also depend on the nature of the prototype and validation. Due to the issues
surrounding data availability or data regulations, designers are limited in how they can
take those considerations into account. As illustrated by the approaches described by the
participants, it may be necessary to make a trade off between data and interactivity realism.
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Chapter 5

Discussion

This chapter discusses important aspects of the findings presented in this study. First,
the findings will be interpreted in relation to the wider context of ML design practice.
Then, implications of the findings for research and design practice are discussed. Finally,
limitations of the current study are provided.

5.1 Data Complicates Design

The theme ’real data, real complexities’ highlights a challenge that is caused by MLs de-
pendency on data. This theme demonstrates how the data-centered nature of ML limits the
creation of prototypes and the user validation of those prototypes. The issues with proto-
typing ML projects present in these theme are in line with earlier findings on ML design
practice by Browne and Diego (2019).

The theme ’real data, real complexities’ establishes a two-sided discussion on prototyp-
ing ML products; on one hand designers realize the importance of using prototypes for user
testing beyond technical accuracy, but at the same time they also acknowledge the impor-
tance of data and technical accuracy to the overall experience. The latter issue has been
pointed out before by Bratteteig and Verne (2018), who state that parts of experience such
as the statistical approach used, or the training data set, can be hard to incorporate into
prototypes.

Contrary to past research, that poses that the fidelity of prototypes does not impact
usability results (Walker, Takayama, & Landay, 2002), 'real data, real complexities’ shows
that designers need highly realistic prototypes in order to get accurate results. The de-
scriptions of prototyping ML in this theme are in line with Yang (2018), who reported that
the limitations of ML prototyping prevent designers from fully uncovering the validity and
usability of ML products in their real context before release. Though designers acknowledge
the need for realistic prototypes, they also describe issues in accessing and using real in
prototypes, mainly due to the unavailability of data, or strict regulations concerning data
security. Dove et al. (2017) and Yang, Scuito, et al. (2018) also describe issues surrounding
data availability in prototyping for ML design practice.

The theme ’advocate for the user’ also emphasizes a challenge of ML design practice
that is related to MLs dependency on data. The data-centered culture in the field of ML
that stems from this dependency makes it difficult for designers to bring a user-centered
perspective to bear onto ML projects. In the theme, designers describe experiencing design
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being an afterthought rather than a priority. Past research also supports the notion brought
up in this theme; Fass et al. (2019) report similar findings, describing how design is seen as
an end goal in the development process of ML products.

The data-centered culture in the field of ML is also apparent in the way designers describe
their collaboration with data workers in the theme 'need for close collaboration. This theme
illustrates that designers are aware of the need for a close collaboration with data workers
in order to succeed on ML projects. This sentiment is echoed by Girardin and Lathia
(2017), who state that collaboration between designers and data workers is a condition for
successful practice in the field of ML. The current study also shows that there are still issues
in collaboration between the two parties, this is in line with the findings by Yang, Scuito,
et al. (2018).

The themes ’advocate for the user’ and 'meed for close collaboration’ both highlight
phenomena that are not unique to ML design. The lack of design prioritization is also
present in non-ML projects. Past research suggests that developers see designers’ role solely
as the creation of Uls to put on top of technology (Xu, 2012). The close collaboration and
corresponding friction between designers and data workers also stretch beyond the field of
ML to software development more broadly (Ferreira, Sharp, & Robinson, 2011). However,
both issues can be aggravated by the data-centered culture in the field of ML.

5.2 Meaningful Use of Machine Learning

Previous authors have repeatedly brought up the concept of ML as a design material (Yang,
Scuito, et al., 2018; Dove et al., 2017). Contrarily, the theme ML as a tool’, reveals that
designers working with ML see it as a tool, rather than a material. This study is the first
one to introduce this concept. This implies the presence of a gap between of what Gray et
al. (2014) calls the projected practice and lived practice.

The underlying concept of ML is a tool is that ML should be applied meaningfully.
Although the concept of ML as tool is novel, the underlying view is present throughout
past research. Yang (2017) state how it is one of the primary roles of UX designers in ML
projects to promote the purposeful use of ML to solve user problems. Ceconello, Spallazzo,
and Scianname (2019) argue that through design, the field of ML can be moved from com-
plicated systems that do not address user problems, towards design innovation in the form
of meaningful ML products. Luciani et al. (2018) affirm that innovation in the field of ML
is fully dependent on the meaningful human use, rather than technical continuation.

Throughout the theme "ML as a tool’, it becomes clear that designers define meaningful
ML use in relation to the user: ML is meaningful if it addresses a user problem. The
importance of the user perspective is clear to ML designers. This is also apparent in another
theme: ’advocate for the user’. In this theme, designers describe how the main role they see
for themselves in ML design projects is to be an advocate for the users. This corresponds
to previous research on design practice: Dove et al. (2017) also report on designers’ wish
to make work in the ML field more user-centered. However, the same study also argues
that UX designers should also consider a statistical perspective, and more importantly the
interplay between these two perspectives. In contrast, the theme ’advocate for the user’
suggests that designers feel they do not need to be involved in most of the technical aspects
of ML projects. Only data collection was mentioned as a technical aspect that designers
felt they could contribute to, but again their main contribution would be to represent the
needs of the user better than data workers are able to.
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5.3 No Need for Machine Learning-specific Design Meth-
ods

Past research suggests that common design processes and methods such as participatory
design and journey maps are not well suited to design with ML (Bratteteig & Verne, 2018;
Yang, Banovic, & Zimmerman, 2018). More generally, Van Allen (2017) highlights the need
to create ML-specific design methods to successfully design ML products.

In contrast, the first theme introduced in this study, ’design process & methods’, suggests
that there are few differences between ML projects and non-ML projects in terms of design
process and methods. In the theme, four stages of the ML design process are introduced.
These four stages show overlap with existing, popular approaches to design processes, such
as the User Centered Design Process (International Organization for Standardization (ISO),
2019), or the British Design Council Double Diamond Process (Design Council, 2005).

Furthermore, the theme also describes the use of various qualitative and quantitative
methods throughout ML design processes. The use of both types of methods accords with
the previous findings on ML design practice, as does the use of traditional UX methods
such as user studies and usability testing (Yang, Scuito, et al., 2018). The specific methods
mentioned in the theme also match design methods described in general design practice
studies (e.g Gray, 2016), design method taxonomies (e.g.Alves & Jardim Nunes, 2013), and
reference books (e.g.van Boeijen et al., 2014). This further supports the notion that on a
process and method level, ML design does not differ much from non-ML design.

5.4 Implications

The themes ’design process & methods’ and "ML as a tool’ present implications for research
on ML design practice. Several authors have previously suggested that the ML design
practice research community should work on the creation of design methods specific to ML.
The theme design process methods suggests that designers are doing fine with methods that
are not created specifically for ML. Rather than focusing on the creation of methods specific
to ML, research on ML design practice could instead address the challenges of working with
ML that designers are experiencing.

The concept of ML as a tool being present in this study but not in previous ML design
practice research implies the presence of a gap between the academic understanding of
practice, and the lived practice. As the presence of such a gap prevents researchers from
creating solutions that improve the practice, it is vital that the ML design practice research
community works towards closing the gap first.

The remaining three themes, ’advocate for the user’, 'need for close collaboration’, and
'real data, real complexities’ have clear implications on practice. All three themes high-
light challenges that are aggravated by MLs dependency on data, which is inherent to the
technology and therefore not subject to change. Rather than eradicating the challenges al-
together, designers will have to learn how to work around them. However, working around
these challenges does require additional time and effort on the designers’ part, it may be
that this is preventing the designers from leveraging ML to its fullest potential.

The findings of the current study present one avenue that could be pursued to address
the lack of design prioritization in practice: education on the value of design. By educating
their colleagues and especially leadership roles on the value of design, designers will no
longer have to be the only ones advocating for the user. This may help them devote more
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time to innovation.

The difficulties in collaboration between designers and data workers could also be allevi-
ated through education. By designers educating themselves on the technical aspects of ML,
and data workers educating themselves on design, the two groups might be able to speak
the same language and work together more easily.

The issues experienced when prototyping and validating ML products presents an extra
problem: designers cannot fully validate their ideas before release. This may slow down
or even inhibit innovation from taking place. A potential solution could be the creation of
prototyping tools specific to ML, that consider the need for realistic data and data-based
interactions. Additionally, the findings of this thesis show that designers already use a
plethora of approaches to prototyping and validating ML products. Design practitioners
could benefit from sharing their ideas among themselves, for example in ML design commu-
nities.

5.5 Limitations

There are a number of methodological limitations to the present research that should be
considered. First, the retrospective interviews that were used as the main method of data
collection are subjects to biases. For example, my bias as an interviewer might have caused
me to unconsciously formulate questions as to receive answers that confirm to my views.
I have tried to mitigate this as much as possible by creating an extensive interview guide
with neutral probes up front.

Second, selective sampling was used to recruit participants. Participants’ presence in
AT design interest groups, or mentions of Al or ML on their LinkedIn profiles, could be
indicative of a heightened interest in the subject. The sample might not be representative
of designers that do work with ML, but are not specifically interested in the technology.
This points towards a larger limitation. The results are based on the experiences of a
small sample of design practitioners. The experiences shared might not be universal for all
practitioners. Additionally, the perspectives of data workers and associated roles are not
represented in this study. In order to understand the practice of designers working on ML
more completely, more studies with diverse samples should be performed.

Third, the results of the interviews were analysed by means of thematic analysis. The
thematic analysis was performed by a single researcher. Therefore, the results of the analysis
might be impacted by researcher bias. In order to combat this, the analysis was continuously
revised based on discussions in order to minimize this bias. It should be considered that it is
also the strength of reflective thematic analysis that a coherent representation of the data is
created through active involvement of the researcher. My hope is that researcher bias beyond
this active involvement has been mitigated enough to create this coherent representation.
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Chapter 6

Conclusion

This chapter will summarize answers to the research questions of this study. First, the
subquestions are answered. Then, the main research question is answered. Interesting
opporunities for further research are provided. The conclusion is resolved with a summary
of this thesis.

6.1 Challenges of Working with Machine Learning

The purpose of this research question was to both confirm or contradict the presence of
the eight previously identified challenges, as well as idenfity new challenges beyond the
existing set. The current study confirms the presence of the challenge ’data-centered culture’.
The issues with the data centered culture prevent designers from bringing a user-centered
perspective into ML projects, even though they consider this their main purpose. This study
also confirms the presence of the challenge 'prototyping’. The main cause of this challenge
is MLs dependency on data. Designers use various approaches to prototyping with different
levels of realism.

The findings of this study partially confirm the presence of the challenge ’lack of tech-
nical knowledge’. While the findings indicate that designers indeed have limited technical
knowledge, it also shows that they are not necessarily experiencing direct problems because
of it. Designers mostly experience negative results of their lack of technical knowledge in-
directly as it causes them to struggle to communicate well with data workers. The lack of
technical knowledge seems to be an aspect of a broader, previously unidentified challenge:
collaboration with data workers.

This study also identifies a second new challenge: meaningful ML use. Designers describe
how they see ML as a tool, that they can ideally choose to use when it can be meaningful.
However they also how ML is currently often seen a as a goal. Instead of being used
meaningfully, ML is seen as a must-have, or a gimmick.

This study somewhat contradicts the presence of the challenge ’design methods and
tools’. Designers describe using common methods and do not mention struggling with the
use those methods.

The current study does not provide consistent evidence for the presence of the follow-
ing previously identified challenges: ’black-box nature of ML’, 'system changes over time’,
'personalized solutions’, and ’incorrect mental models’.
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6.2 Facing the Challenges

Throughout the five themes, designers describe approaches for how they deal with most of the
challenges. Only for the new challenge 'meaningful ML use’, participants do not describe a clear
approaches to how they face this challenge.

Although the way designers deal with a challenge is of course different for every single one,
there are overarching . Designers describe how addressing challenges in ML design practice
really needs to be a team effort. They often describe working closely with product managers,
data workers, or developers in order to face design challenges.

Designers also use their design skills to work around the challenges of designing with ML. They
use their skills as a designer to come up with creative solutions to problems, this is for example
clearly present in the creative approaches designers take towards prototyping. Additionally,
designers use their visual skills to create visuals that support them in facing a challenge.

6.3 Familiarization with Machine Learning

Designers mention one main strategy that they use to familiarize themselves with ML: they learn
about the possibilities and constraints of ML technology. Although designers have limited tech-
nical knowledge, they acknowledge the importance of knowing the boundaries of the technology.
Only when they have a good understanding of what is and isn’t possible with ML, they are able
to see where and how ML can make a meaningful impact.

6.4 The Lived Practice of Designers Working with Ma-
chine Learning

The five themes presented in this research highlight different characteristics of designing with
ML that make it a unique practice. Rather than working with ML as a design material, designers
view ML as a tool that should only be used meaningfully; to solve user problems. However, in
the field ML is still often seen as a goal or gimmick instead. The lack of focus on design is present
throughout the development process, even though designers try to actively advocate for the user
perspective as much as possible.

MLs strong dependency on data aggravates common issues for designers in software devel-
opment, and also introduces entirely new challenges. A common challenge that is aggravated in
ML projects is the collaboration with data workers. Designers have to devote more effort into
collaborating smoothly. A more unique problem is that MLs data dependency combined with
data limitations makes it hard for designers to create realistic prototypes and perform realistic
user tests. This impacts designers’ ability to determine the quality of products before release.

Though the practice of designers working with ML is unique, there are also similarities to
non-ML design. Especially in terms of the design process and methods used, working with ML
is not so different from working with other design materials. To conclude, designers who work
with ML face a uniquely challenging practice. A lot of what makes ML so challenging to work
with is inherent to the nature of the technology, and therefore something designers will have to
learn to work with.

6.5 Future Work

The current study identifies various areas that could benefit from further research. First, this
study identified a gap between projected practice and lived practice, especially concerning the
way designers view ML as a tool rather than a material. Further work on the lived practice
of designers should be conducted to minimize this gap. It would be particularly interesting to
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further investigate the concept of ML as a tool, as this study is the first one to introduce the
concept. It would be interesting to see if other studies are able to identify a similar sentiment
across the population of designers working with ML.

Second, though data collection was brought up as a specific part of the ML development
process that designers can contribute to in the current study, there does not seem to be further
evidence for this idea. The way designers can be involved in and positively influence data
collection processes is an interesting avenue for further research.

Third, both the current study and previous studies show that designers collaborate closely
with data workers. However, as of yet no work has been done specifically investigating this
collaboration in the field of ML. An interesting direction for further research to pursue would be
to investigate this collaboration, both from the perspective of designers and data workers.

Finally, though prototyping and validation is an important part of the design process, and
various studies have identified that it is a problem area, no work has been done on the challenge
specifically as of yet. As prototyping and validation are phases of the design process that depend
particularly on the use of tools and methods, it would be interesting to pursue the creation of
those tools specifically for ML design.

6.6 Summary

Although ML undergoing rapid technological innovation, designers seem unable to leverage the
material to its full potential. This thesis presents a interview study conducted with design
practitioners who have experience working with ML to characterize their practice. Through
thematic analysis of the interview transcripts, I constructed the following five themes: ’design
process & methods’, "ML as a tool’, ’advocate for the user’, 'need for close collaboration’, and
'real data, real complexities’. The findings show that while ML design practice has similarities to
non-ML design practice, there are challenges that make designing with ML uniquely complicated.
I expand on these findings to determine what these challenges are, and how designers face them
in their daily practice.
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Appendix A

Pre-interview Survey

Thank you for taking the time to fill out this survey! It won’t take more then 5 minutes, but will
save us some time during the actual interview. In my email to you, you will find a participant
ID. Please make sure you provide the right participant ID, so I can connect your answers to you.

Your participant ID
Your age

In which field(s) did you complete an education? (multiple answers allowed)
e Design
e Computer science
e Information science

e Human-computer interaction

Cognitive psychology
e None
e Other...

How many years of experience in designing for ML products/features do you have?

Less than one year

e 1-2 years

2-4 years

4-6 years

6-8 years

8-10 years

Over 10 years
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Important note Please answer the following questions on the project (or design case) we will
use to guide the conversation during the interview, i.e. not your current situation (unless it is
the same of course).

What best describes your role during the project?
e UX designer
e product designer
e design manager
e interaction designer
e experience designer
e service designer
e other...
What is the approximate size of the organization that you worked for during the project?
e <100 employees
e 100-1,000 employees
e 1,000-10,000 employees
e >10,000 employees

Participants were asked to indicate their familiarity with the following concepts on a scale of 1
(I know nothing about them), 2, 3, 4 (I have heard of them but have no hands-on experience),
5, 6, 7 (I work with them in my day-to-day work).

e Correlation and causation
e Model training

e User flows

Training set, validation set test set

Wireframes

e Personas

e Model validation
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Appendix B

Interview Guide

Goal

I want to create an understanding of how designers actually work and compare that to the ex-
isting academic understanding of practice of designers in the field of ML. The goal for today’s
session is to generate knowledge on how you work as a designer on ML products or features.

Project Description

e Can you give a brief description of the project you selected?
Project Initiation

e Explain how this project was initiated

e Explain when you got involved in the project

e What are your thoughts about when you got involved in the project?
Project Process

e Walk me through your work on this project

e What was your next activity in this project?

Why did you do that activity (at that point)?

How did doing the activity work for you?
Further Challenges

e Are there any other challenges or issues you've experienced working on ML products as a
designer that we haven’t discussed yet?

The following topics were discussed as they came up or at the end if there was sufficient time left.

Data Collection
e Explain how you were involved in data collection for this project
e What are your thoughts about how you were involved in data collection?
e Tell me about relating data collected to domain knowledge in your project

ML Knowledge
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Explain how your level of ML knowledge impacts your work

What are your thoughts about your current level of ML knowledge?

Explain why you think it’s important for a designer to have some ML knowledge?

Tell me about about things you do to learn about ML
Familiarization to ML as a design material

e Tell me about about things you do to think of new ways or places to apply ML technologies?
Design methods

e Describe the overarching design methodology you used for this project

Explain why you decided to use this methodology

Tell me about how this methodology worked for you

What design methods did you use for this project?
e Explain why you decided to use this method
e Tell me about how this method worked for you
Prototyping
e Describe what kind of prototypes you created during the project

e Explain why you chose this method of prototyping/this type of prototype

Tell me about how this prototype worked for you

Explain how you used data in these prototypes

Tell me about how using data this way worked for you
Mental models

e Tell me about how the incorrect mental models that many have of ML impact your work
a a designer

e Describe how you deal with this challenger
System changes over time

e Tell me about how the fact that you’re designing something that changes over time impacts
your work as a designer

e Describe how you deal with this challenge
Personalization

e Tell me about how the personalization opportunities that ML provides impact your work
as a designer

e Describe how you deal with this challenge
Black box nature of ML
e Tell me about wow the black box nature of ML impacts your work as a designer

e Describe how you deal with this challenge
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Appendix C

Recruitment Email

Hello [name],
Thank you so much for expressing interest in being a participant for interviews for my research!
In this email you will find some additional information.

Goal

I am studying the practice of designers who work on machine learning enhanced products in
order to close the gap between the academic understanding of practice, and the actual work of
designers in this field. Therefore, the goal of the interview is to generate knowledge on your
perception of your practice as a designer.

Profile
In order to be a good fit for my thesis interviews, you must meet the following two criteria:

e Are a designer (UX, product, interaction, design manager etc) with experience in working
on products that use ML technologies (including ML-based features in larger products)

e Have at least one (nearly) completed design case in the field of ML to discuss during the
interview to guide the conversation

If you are not sure whether you meet (one of) these requirements, please let me know and we
can figure it out together.

Confidentiality

The focus is on your experience of how you work, not what you work on, it is not necessary
to disclose anything confidential about the project you are describing beyond a very general
description (for example: a health coaching app, an intelligent feature in a social media app).
Results (in the form of direct quotes) will be used in my thesis, which will be published in the
Utrecht University theses archive. However, I will ensure that results cannot be linked to your
person.

Practicalities

Because I don’t want to waste your time during the actual interview, I will to ask you to fill
out a short survey (5 min) in advance. This survey contains some basic demographic questions
and questions on your familiarity with certain concepts. I will send you the survey before the
interview. The interview itself will take 60-75 mins and will take place through Google Meet
during a time that is convenient for you. The interview can be conducted in English or Dutch,
based on your preference. The audio of the interview will be recorded.
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Scheduling an interview

If you would like to participate in an interview, please send me 3-5 potential timeslots that would
work for you (+ if you are not on CET time, please also include your timezone). I will get back
to you to schedule an interview.

Thanks in advance for your effort! If you have any further questions, please feel free to contact me.

Kind regards,
Lara Zijlstra
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Appendix D

Scheduling Email

Hello [name],

I'm glad you would like to participate in my research! [timeslot] works best for me. I’ll schedule
a calendar meeting and include a Google Meet link there.

I want to ask you to think of one project or design case where you worked on a ML product that
we can use during the interview to guide the conversation. I’'m interested in your experience in
general, but this one project will serve as a kind of red thread throughout the interview. I also
want to ask you to fill out this quick survey before the interview. Your participant ID for this
survey is [participant ID].

If you have any further questions, please let me know!

Kind regards,
Lara
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Appendix E

Codebook

The codebook describes the initial sub-themes that make up the final five themes presented
in this study. For each sub-theme, the following information is provided: the number of files
(interview transcripts) that the theme is present in, the number of references (segments that
were coded with that theme), and the theme description.

Design Process & Methods

Ref

Description

Sub-theme Files
Design methods used 19
Research methods used 16

127

7

Participants describe using a large variety of research
methods. Some designers discuss having different kinds of
workshops that facilitate design collaboration with users
or with data worker colleagues. For example, having
brainstorming sessions or doing a Google design sprint.
They also discuss many methods that they use to produce
visual artifacts, such as building user journeys, and mak-
ing wireframes. Designers are neutral about the methods
used when discussing them.

Participants describe doing a lot of research as part of
their design work for ML products. A plethora of differ-
ent research methods were mentioned in the interviews,
ranging from qualitative methods, such as interviewing
and diary studies, to quantitative methods, including sur-
veys and A/B testing among others. Research takes place
throughout the entire process, for example starting with
identifying user needs, doing user testing throughout the
development process, and using tools such as Hotjar after
launching the product. It is interesting how the described
methods are common in non-ML projects as well, and how
the designers remain neutral when discussing the research
methods used. It seems ML and non-ML projects do not
differ much in regards to methods used and there do not
seem to be outspoken issues with the discussed methods
in ML products specifically.

Machine Learning as a Tool
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Sub-theme

Files

Ref

Description

Meaningful ML use

Value of ML knowledge

Specific approach to learning

11

14

15

27

41

45

Participants emphasized the need to use ML as a poten-
tial problem solving tool, not as a cherry on top. Some
designers explained how they see ML as one of the tools
in their toolkit, that can and should only be used when
it’s an appropriate solution to a user problem. It is only a
powerful tool when it’s used at the right time and place.
They explain how it should only be used to make the user’s
life easier, and not require any extra effort. The correct
approach is to start with a user problem, and use ML if
it can solve the problem appropriately, not to start think-
ing from how ML could be applied. Some designers are
adamant that ML should not be applied just for the sake
of having ML, but in a way that’s meaningful to the user.
Participants acknowledged the need to have a decent un-
derstanding of ML in order to do good work on ML
projects;. they feel it makes them better designers. They
emphasize how it is not necessary to have a deep under-
standing of the technical properties, but find it very im-
portant to understand what is and is not possible with
the technology. Some designers explain how being aware
of the possibilities allows them to identify opportunities
where ML can make a valuable impact. They admit to
not initially being particularly interested in learning about
ML, but working on ML projects has made them realize
just how valuable the knowledge can be, and sparked their
interest to learn more.

Participants describe what they did to improve their ML
knowledge. Some designers explicitly mentioned that they
do not seek out formal education, or tried it and failed.
Instead, they mention learning through personal relation-
ships, being able to ask for support from their friends or
partners. They learn through doing, by doing personal
projects and dabbling in coding. Some designers men-
tion actively working on acquiring knowledge, feeling the
need to understand how it works. For example, looking up
terms used by colleagues on the internet after meetings.
Some designers also mention trying to learn about ML in
their own language; by creating visual artifacts that help
them understand it, but also be able to educate others
about ML. What is interesting about the ways designers
acquire ML knowledge is two things that stand out: de-
signers actively look to acquire knowledge, in an informal
way. This is interesting because knowing how designers
learn, they can be helped to learn in a way that fits them
well.
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Designerly understanding

13

22

From the interviews it becomes clear that designers have
a very particular way of talking about and understanding
ML. Acknowledging that their technical understanding of
ML is limited, designers talk about ML not in technical
terms, but in terms of input and output. For example,
the data the machine needs, but especially the output
that is presented to the user. Additionally, they describe
not needing to understand the technical aspects of ML,
but instead understanding the material by understand-
ing what it can and can’t do, as that is relevant to their
work. Rather than following the traditional, technical un-
derstanding of ML, designers have formed their own way of
understanding the material. This is interesting because by
being aware of the way designers understand the material,
it is easier to support them in improving their understand-
ing.
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Advocate for the User Perspective

Sub-theme Files Ref Description
Specific Approach to Learn- 13 29 Participants describe what they did to improve their ML
ing knowledge. Some designers explicitly mentioned that they

do not seek out formal education, or tried it and failed.
Instead, they mention learning through personal relation-
ships, being able to ask for support from their friends or
partners. They learn through doing, by doing personal
projects and dabbling in coding. Some designers men-
tion actively working on acquiring knowledge, feeling the
need to understand how it works. For example, looking up
terms used by colleagues on the internet after meetings.
Some designers also mention trying to learn about ML in
their own language; by creating visual artifacts that help
them understand it, but also be able to educate others
about ML. What is interesting about the ways designers
acquire ML knowledge is two things that stand out: de-
signers actively look to acquire knowledge, in an informal
way. This is interesting because knowing how designers
learn, they can be helped to learn in a way that fits them
well.

Design is an afterthought 12 26 Participants discuss how design thinking on a general level
seems to be missing in the development process. Some de-
signers mentioned how their data worker colleagues think
their sole purpose is to design screens to put onto existing
technology. This is also reflected by those who mention
being brought on late in the process to do a mostly visual
redesign of an existing product. They also mention that
those existing products tend to have rather bad user ex-
perience and are not very well designed. Some designers
discuss the lack of design thinking at the start of projects,
in the problem definition phase. They discuss struggles
in getting their work prioritized over that of data work-
ers. Overall, it is clear that design does not seem to be
the first priority in ML projects, only coming in once the
technology is taken care of.

(0]



Represent the user perspec-

tive

Design  should
product roadmap

influence

17

15

64

39

Participants indicated that they feel their role in ML
projects is to be the voice of the user. They emphasize
the importance of considering the user perspective and the
context in which the user interacts with the product, and
their responsibility to represent those parts of the experi-
ence. Some designers self-identify as a ‘translator’ or an
‘integrator’ between the user perspective and the technical
perspective. A translation that goes both ways; allowing
users to understand technical processes and terms, but
more importantly, sharing the user voice in a way that’s
understandable to their data-minded colleagues. They see
this role for themselves in all parts of the process, includ-
ing the more data-minded activities such as data collec-
tion. Even though they are working on an ML project, the
designer’s classical objective to represent the user does not
change.

Participants commented positively on being involved in
determining the roadmap of a project. Some designers
describe positive experiences of being involved in project
initiation, or being involved very early on when little is set
in stone. They feel ‘fortunate’, or ‘lucky’ to be involved
early on, as it allows them to help steer the project in a
design-driven direction, or helps them to fully understand
the context of the project, for example. Some designers
describe how prioritization in projects is handled primar-
ily by product managers, however, designers often work
together with the product manager and are therefore able
to help shape decisions on prioritization. Designers use
user research data to push their agenda. Either at the
start of projects, by initiating projects that address a user
problem or pain point, or using data driven proof of the
necessity to prioritize functionalities to get their work pri-
oritized over engineering efforts.
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Space to Collaborate

Sub-theme

Files

Ref

Description

Create the space to collabo-
rate

Need for a shared language

17

12

61

34

Participants acknowledge that it is important that design-
ers work closely with their data worker colleagues. They
mention various things they try and do to bridge the
gap between themselves and their data worker colleagues.
Some designers are trying to educate their teams on the
power and value of design. Likewise, they also put effort
in educating themselves on ML, and achieving the basic
understanding that is required to successfully communi-
cate with data workers. Some designers mention using
their data worker colleagues to improve their understand-
ing of ML in general or the product that they are working
on. They also try to involve data workers in their pro-
cess, for example passively by scheduling meetings to keep
them updated, or actively by hosting co-design sessions.
Whether it is through education, close communication, or
involvement in design, designers actively work on creat-
ing a space to collaborate closely with their colleagues.
Awareness of how designers currently approach this can
help to facilitate even closer collaboration.

Participants acknowledge the importance of being able to
communicate well with their data worker colleagues. How-
ever, communication remains a struggle, due to the simple
fact that they are not familiar with the vocabulary used
by their colleagues. Not being able to follow conversations
prevents them from asking critical questions, for exam-
ple. Some designers talk about having to make an effort
to overcome this issue. They either try to improve the
communication by trying to speak the language of data
workers, learning about common ML terms and concepts.
Others try to get the data workers to speak their language;
through creating visuals such as mock ups to engage in the
conversations. Regardless of whose language is used, it is
vital that it is a shared one.
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Data Limits Prototypes

Sub-theme Files Ref

Description

Data limits prototyping 9 21

Use real data to understand 16 58
real complexities

Participants discuss encountering difficulties in prototyp-
ing ML products related to the data-centered nature of
ML. In order to properly prototype ML, you need the
data. Designers describe data not being available when
they need it. It is not within their expertise to create data
or algorithms, so it is not a problem that they can solve
themselves. Additionally, designers have to be mindful
of sensitive data and strict regulations. Sometimes these
prevent them from testing prototype with external users,
but at other times the regulations are so strict that they
cannot even use real or seemingly real data in prototypes
or mock ups at all. It is these practical considerations
that determine how data is used in prototypes, not the
designers’ judgement.

Participants discussed the importance of creating a pro-
totyping experience that is as realistic as possible. Real-
istic in terms of both the data included in the prototype,
as well as the interactivity of the prototype. Designers
discussed how this realism is extremely important to ML
products, as you are in a sense also testing the accuracy
of the model through the eyes of the user. Having a real-
istic prototype that users can actually interact with, helps
designers to get good feedback and discover the real chal-
lenges of the product. There’s different ways designers
describe creating realistic prototypes, depending on a va-
riety of factors. Some are able to use a fully functional
model with real data in their prototypes. Others had to
use a sample of the dataset, or used one specific example.
If the designers did not have access to the data, they opted
for Wizard of Oz or dummy data. However, especially the
latter causes problems in terms of getting useful feedback.
Though a realistic prototype is highly regarded, designers
do acknowledge the difficulties that it brings along.
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Appendix F

Comparison of Process Level

Codes
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Comparison of process level codes
Data gathering  Training model
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understanding
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