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As AI systems increasingly shape decision making in creative design contexts, understanding how humans engage with these tools
has become a critical challenge for interactive intelligent systems research. This paper contributes a challenge to rethink how to
evaluate human–AI collaborative systems, advocating for a more nuanced and multidimensional approach. Findings from one of the
largest field studies to date (n = 808) of a human–AI co-creative system, The Genetic Car Designer, complemented by a controlled
lab study (n = 12) are presented. The system is based on an interactive evolutionary algorithm where participants were tasked with
designing a simple two dimensional representation of a car. Participants were exposed to galleries of design suggestions generated
by an intelligent system, MAP–Elites, and a random control. Results indicate that exposure to galleries generated by MAP–Elites
significantly enhanced both cognitive and behavioural engagement, leading to higher-quality design outcomes. Crucially for the wider
community, the analysis reveals that conventional evaluation methods, which often focus on solely behavioural and design quality
metrics, fail to capture the full spectrum of user engagement. By considering the human–AI design process as a changing emotional,
behavioural and cognitive state of the designer, we propose evaluating human–AI systems holistically and considering intelligent
systems as a core part of the user experience—not simply a back end tool.
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2 Walton, et al.

1 INTRODUCTION

Despite increasing sophistication of automatic design algorithms there is limited uptake of state-of-the-art techniques
within the engineering industry. When asked the reason for this limited uptake, engineers report a lack of trust towards
automated design algorithms along with a strong desire to remain a core part of the design loop [37, 38]. Mixed-initiative
tools which aim to assist humans and computers to collaborate during design tasks [8] are a natural solution to the
trust issue expressed by engineers.

Various fields have approached the problem of human–AI collaborative, or mixed-initiative, design independently.
Interestingly, the two domainswhich arguably have contributed themost to this area, HCI and video games research, have
approached the problem from opposite directions. In video games research mixed-initiative tools began as procedural
content generation tools (PCG) designed to replace human designers and fully automate design tasks [5, 26, 32]. Over
time the PCG community shifted emphasis onto how generative tools could be used to support the design process [9]
leading to a wide range of mixed-initiative algorithms and techniques [5, 8, 13, 20, 32, 39]. In contrast, research into
mixed-initiative systems within the HCI community began by considering how to build tools to support designers as part
of the creative process. These tools often involved new methods of presenting existing human crafted designs as useful
examples [18, 29]. More recently, the proliferation of generative AI has led to a number of researchers exploring the use
of algorithms to generate examples in tools which support creativity, instead of using existing human crafted designs,
resulting in mixed-initiative systems [21, 35]. Although there are a range of approaches to building mixed-initiative
design tools, there continues to be a significant gap in our understanding of how these tools impact the design process
and experience of designers [6, 10]. This knowledge gap makes improving upon, and therefore adapting, techniques to
new contexts challenging [22] and is the core focus of our work herein.

The key contributions of this work are:

• Rigorous evaluation of a human–AI collaborative design tool based on galleries of design suggestions. This
evaluation is based on (to our knowledge) one of the largest field studies of a mixed-initiative tool (n=808)
complemented by a smaller controlled lab study (n=12).

• Evidence that exposure to galleries of examples generated by AI leads to increased engagement in the design
process and this leads to better quality design outcomes.

• Findings that the value of using a MAP–Elites algorithm to generate example designs changes based on the
approach of the designer. Furthermore, a designers’ approach may change throughout the process, which opens
up a potential avenue for research into human–AI collaborative environments which adapt to user preference.

• A challenge to rethink how we evaluate human–AI collaborative environments. Specifically, we found that
the act of simply viewing a suggested design has an influence on the design process, and therefore current
evaluation methodologies which focus on quantitative measures of how often users edit or copy suggestions do
not tell the full story.

2 RELATEDWORK

2.1 Galleries of Examples Support Creativity

It is well understood that designers use examples for inspiration, and there is a long history within HCI of developing
systems to aid designers to explore galleries of existing examples. For example, Lee et al. [18] designed the Adaptive
Ideas web design tool which, based on the elements the designer is interested in, presents a gallery of designs from a
pre-selected set of existing web applications. The examples presented in the galleries were selected based on several
Manuscript submitted to ACM
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Rethinking Evaluation in Human–AI Collaborative Design 3

metrics adapting to the current state of the user’s design. User studies (n=30) showed that the Adaptive Ideas web
design tool improved both the quality of designs and the experience of the designers.

In their work Ngoon et al. [29] designed a system, CritiqueKit to support reviewers in providing useful feedback,
which in itself is a creative task. As reviewers wrote feedback, the system used a text classifier to indicate in real time
what aspects of effective feedback was missing from the in-progress review. In addition the system offered suggestions
of previously provided feedback for reuse in a list; it was this adaptive set of suggestions which had the most impact on
helping reviewers in their task during a user study (n=8).

Another example of a tool which uses a gallery of suggestions is GUIComp [19]. Designed to be a companion for
GUI design a key element of GUIComp is a recommendation panel which is a subset of a large corpus of screenshots of
existing GUIs presented as a gallery. The authors of GUIComp made the decision to firstly present a number of examples
which are identified as being similar to the current state of the users’ design, along with some random examples to
increase diversity in design choices. Users were also enabled to "keep" some of the recommendations as templates,
pinning them into the gallery. In their user study (n=30) it was found that the recommendation panel was useful for
inspiration at the beginning of the design process but because less useful later on, mirroring the findings of Duan et
al. [12] with respect to generated feedback. They also found that users desired explanations of why recommendations
were suggested to them.

2.2 Galleries of Examples can be Generated by Algorithms

In contrast to CritiqueKit and GUIComp, Scout [35] does not use existing designs as suggestions but instead generates
alternative designs based on constraints defined by the designer. Using a quality metric designed by the developers the
highest quality designs generated are presented to the designer in a gallery. Through their user study (n=18) they found
that Scout can aid designers in producing designs they otherwise would not have thought of and can help them avoid
the fixation effect where designers focus in on an early design.

Louie et al. [21] took an alternative approach and used a gallery of examples to facilitate the human giving feedback
to the AI. They developed tools to enable composers to influence the music generated by deep neural networks. These
AI-steering tools included example based sliders whereby composers could control the similarity of the generated
music to pre-existing examples. In their user study (n=21) they found that the steering tools increased the sense of
collaboration with the AI and contributed to a greater sense of ownership over the composition relative to the AI.

In video games research approaches where designers are presented galleries of suggestions or recommendations are
referred to as mutant shopping approaches [17]. This is in reference to the evolutionary algorithms which often drive
the generation of designs. For example, Alvarez et al. [1] use a mutant shopping approach in their evolutionary dungeon
designer. An underlying evolutionary algorithm generates a collection of candidate dungeons based on computer
calculated fitness functions and offers these as suggestions to the human designer. In their user study (n=5) participants
reported that the suggestions acted as useful sources of inspiration.

2.3 Methods are Required to Select the Set of Examples to Show the Designer

As noted by Swearngin et al. [35] when generating designs using algorithms an essentially unlimited set of examples
could be created (within the constraints of the problem). Developers of gallery based human–AI collaborative tools
must then decide how to select which examples to present to the designer. Some approaches select examples based on
the current state of the design created by the human designer, for example Ngoon et al. [29] select example feedback
statements based on the semantic aspects of the current feedback from the user, and in GUIComp [19] a number of
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157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

4 Walton, et al.

examples are selected which are measured as similar to the designers current design. Other approaches simply generate
a large number of designs and present those which are deemed highest quality, such as in Scout [35].

Increasingly the video games research community has turned towards using quality-diversity algorithms, such as
MAP–Elites [28], to create a diverse set of high quality examples [31] to present to the designer. Quality-diversity (QD)
algorithms are a subset of evolutionary algorithms which aim to create a diverse set of high quality solutions to a
problem [31]. Modern QD algorithms have roots in methods developed to solve multi-modal function optimisation
problems, such as niching [23], where it is important for the algorithms to maintain the quality and location of multiple
solutions throughout the domain. One of the most common QD algorithms, which has spawned numerous variants, is
MAP–Elites [28]. Algorithms based on Multi-dimensional Archive of Phenotypic Elites (MAP–Elites) create a map of
high-quality solutions throughout a space whose dimensions are user defined and may not directly correspond to inputs
and outputs of the function being optimised. Crucially, for the context of creating algorithms to support designers,
MAP–Elites allows the designer to specify a meaningful ‘design possibility’ space to map. Once the dimensions of
interest are defined, a number of bins are generated for each dimension and the best design found so far for each bin is
stored in an archive. The current set of best designs for each dimension can then be used as a set of example designs to
present to the human designer.

MAP–Elite algorithms have been increasingly applied to gallery based mixed-initiative systems. An early example of
this is presented by Alvarez et al. [2], in an approach they call interactive constrained MAP–Elites (IC MAP–Elites)
applied to dungeon map design. IC MAP–Elites allows the designer to select from a set of predetermined dimensions to
use for the MAP–Elite algorithm. The underlying evolutionary algorithm then runs for a set number of generations and
presents the elites to the designer as suggestions. MAP–Elites have also been applied to the design and balancing of the
card game Hearthstone [14] illustrating their potential wide application to many aspects of design and creativity. The
MAP–Elite methodology can also be used to assist in the exploration and expansion of crowd sourced content. For
example, in Baba is Y’all users can submit level designs which are then allocated to a cell in the MAP–Elites matrix [8].
Users are then guided towards designing levels which would fill gaps in the MAP–Elites matrix.

2.4 Our Understanding of how the Method of Selection Affects the Human Experience is Limited

There has been increasing interest in developing and performing user studies to evaluate the effect of mixed-initiative
systems [4, 6, 40]. Much of the research within the video games community focuses on evaluating the performance of
the algorithm without much consideration of the human designer experience. For example, Alvarez et al. [4] focus
on evaluating the effect the human has on the stability of the MAP–Elites algorithm used to select example designs.
In contrast to the video games community’s focus, much of the research in HCI focuses on evaluating the human
experience using a single predetermined method to select example designs to populate a gallery, such as in [19, 35].
Both communities leave a gap of understanding in the effect of the method used to populate the gallery on the human
experience [6, 10] which our work in this paper aims to explore.

3 METHODOLOGY

To better understand the effect of gallery based mixed-initiative tools on the creative process we created and evaluated
The Genetic Car Designer. A common challenge faced by researchers investigating human behaviour is participant
recruitment. Secretan et al. [33] solved the challenge of recruitment by designing a system which was interesting to,
and understandable by, the general public and building a community of self-motivated participants. We adopted a
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Rethinking Evaluation in Human–AI Collaborative Design 5

similar approach and designed a gallery based mixed-initiative design tool based on a popular web toy HTML5 Genetic
Cars [24], where users observe an evolutionary algorithm design and simulate simple cars in real time.

3.1 The Genetic Car Designer

The Genetic Car Designer, available online1, is a mixed-initiative tool for designing a simple 2D approximation of a
car, based on a gallery of designs approach. Users can select the course for which they will be optimising the car’s
performance, along with the number of design variables which define the car (see Figures 1b and 2 and Section 3.1.1).
Once the design objective is explained (see Figure 1c) the user is presented with a live gallery view (see Figure 1d
and Section 3.1.3) of the current generation of designs being simulated and evaluated simultaneously as part of the
evolutionary algorithm explained in Section 3.1.2. In the background of all views is the live simulation of the current
generation of designs. The camera locks onto the design which is currently leading. In the bottom right is a percentage
indicator showing the progress of the current simulation, and controls for starting the next simulation. By default the
simulation is set to auto advance meaning that as soon as one simulation ends the next begins. The user can then select
one of the specific views using the interface at the top of the screen. The available views are discussed in detail below,
offering functionality to create and edit designs (see Section 3.1.5) and examine suggestions from the AI in various
gallery views (see Section 3.1.4).

3.1.1 The Design Task. Users are given the design task (see Figure 1c) which is to design a simple car to travel as far as
possible, within a fixed length of time, on a selection of courses. To encourage users to spend longer periods of time
with the artefact, we provided four different ‘courses’ to design vehicles for an example of which is shown in Figure 2a.

An example of a car design is shown in Figure 2b. Each car body is defined by a closed polygon with 𝑁𝑣 vertices, for
a given design task 𝑁𝑣 is fixed and user specified, where 3 ≤ 𝑁𝑣 ≤ 24. Each vertex 𝑖 ∈ 1...𝑁𝑣 is positioned at the polar
coordinates (𝑟𝑖 , 𝜙𝑖 ) where: 𝜙𝑖 = 360(1 − 𝑖)/𝑁𝑣 in degrees and each radius, 𝑟𝑖 , a degree of freedom. A closed collision
mesh is generated using the vertices which, depending on the relative values of 𝑟𝑖 , may be convex or non-convex. This
mesh will collide with the course geometry but not the wheels of the car. A centre of mass is calculated for each car
depending on its shape which, along with the car body mass,𝑀𝑏𝑜𝑑𝑦 , will affect the dynamics of the vehicle.𝑀𝑏𝑜𝑑𝑦 is a
degree of freedom. Each car has 𝑁𝑤 wheels which is fixed and user specified for a given design task, where 1 ≤ 𝑁𝑤 ≤ 12.
Wheels are implemented using the wheel joint 2D component in the Unity3D game engine2 which simulates a motor
powered wheel connected to a body via a suspension spring. Every wheel has 5 degrees of freedom associated with it:

(1) The location of the wheel. This is defined by the vertex 𝑖 to which the wheel is attached. More than one wheel
may be attached to the same vertex.

(2) The radius of the wheel.
(3) The mass of the wheel.
(4) The target speed of the motor attached to this wheel. A torque is applied dynamically during the simulation in

an attempt to reach this speed.
(5) The oscillation frequency of the suspension attached to this wheel, which controls the stiffness of the spring.

Participants in the large-scale study were given the option to change 𝑁𝑣 and 𝑁𝑤 before attempting the design task. The
total number of degrees of freedom (or dimensions in the design problem), 𝐷 , can be calculated using: 𝐷 = 1+𝑁𝑣 + 5𝑁𝑤 .
Each degree of freedom is constrained within defined bounds selected to ensure the designs created are physically valid.

1https://pillbuginteractive.itch.io/genetic-car-designer
2https://docs.unity3d.com/Manual/class-WheelJoint2D.html
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Fig. 1. The user journey when first launching the genetic car designer. Firstly, the user is asked if they consent to their data being part
of the research (A), then the user selects the course or level they wish design a car for along with the number of design dimension
they will have (B), they are then given a design brief (C) before being presented with the live view (D). In the main view there is a
toolbar at the top of the screen to allow the user to navigate through alternate views.

Designs were tested numerically using the real-time two-dimensional rigid body physics simulation in Unity3D3. To
evaluate a design it is dropped onto the course and released to freely travel based on the physics simulation. Cars are
dropped from a height above the course and the quality metric, or objective function, is the signed distance, along the

3https://unity.com/

Manuscript submitted to ACM



313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

Rethinking Evaluation in Human–AI Collaborative Design 7

(a) The hill climb course. (b) A car with 6 vertices and 2
wheels.

Fig. 2. An example of one of the courses participants can select from when starting the task. Cars are dropped into the course at the
far left and simulated for 30 seconds. The quality of a design is then measured by the signed distance travelled along the horizontal
axis from the designs initial contact point with the ground and the final resting point. The colours of each wheel and the car’s body is
mapped to the mass of each component. Figure colours have been inverted for clarity.

Fig. 3. A flow diagram illustrating the optimisation algorithm and the decision making roles of the human and the algorithm. Here
the algorithmic decision of which designs to populate the galleries with is highlighted since it is the core focus of our study.

horizontal axis, from the first point the car hits the course to the final position at the end of a 30-second run. Using the
signed distance ensures that cars which move in the wrong direction have a negative quality. The quality metric is
given the term "Score" when presented to users in the gallery views.

3.1.2 Mixed-Initiative Evolutionary Algorithm. Figure 3 presents an overview of the underling algorithms which drive
the Genetic Car Designer. A central concept in the system is a generation of designs, each design defined by the degrees
of freedom and quality metric defined in Section 3.1.1. The system runs a simulation of the current generation in parallel
to measure the quality of each design, then through a combination of human and algorithm decisions a new generation
is generated ready for simulation. The process iterates for as long as the user wishes. In our implementation the number
of designs in a generation is kept as a constant 12, this value was selected to ensure that the live and gallery views did
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8 Walton, et al.

not take up too much of the screen space (see Figure 1d). The initial generation is generated by randomly initialising
each degree of freedom for 12 designs as described in Section 3.1.1.

To generate the next generation after the current generation’s simulation is complete the optimiser uses designs from
the elite and breeding pools of designs. The pools are first emptied and then the optimiser requests designs from the
design editor, live view and all gallery views which have been marked by the user as "Test" or "Use Design". In Figure 4b
the two check boxes the user can use to mark designs are shown. When mousing over these check boxes a tool tip
describes the functionality as "Tell the computer to test this design in the next simulation" and "Tell the computer to
use this design to come up with new ideas" for "Test" and "Use Design" respectively. When the user first launches the
application all individuals in the Live View are marked as "Use Design", but no other check boxes are checked.

Designs marked as "Test" are entered into the elite pool, these designs are entered into the new generation without
any modification. The optimiser then generates new designs using the breeding pool, which is made up of designs
marked as "Use Design", until the next generation has 12 designs. Two mutually exclusive pairs of designs are selected
from the breeding pool and the two best quality designs from these pairs are selected as parents. In the case there are
fewer than four designs in the breeding pool the algorithm adds random designs from the last generation until there
are four. A new child design is generated through crossover and mutation operations performed on the two selected
parents. Firstly, for each degree of freedom the child is given a uniformly random value between the parents’ degrees of
freedom. Secondly, there is a 10% mutation chance of a degree of freedom to be randomly initialised. Once 12 designs
have been added to the next generation, the next simulation starts.

3.1.3 The Live Views. The first view presented to the user is the Live view which is shown in Figure 4a. It is made up
of 12 individual views (see Figure 4b) showing the current live position of each design in the current generation along
with its current score (the fitness value).

3.1.4 The Gallery Views. The Gallery Views are presented to the human designer in the same style as the live view,
the key difference being that the designs presented are not currently being simulated, and a snapshot of the design at
the end of a simulation is presented. The same controls are given for each design in a gallery as in the individual Live
views, but by default no check box is selected.

For the MAP–Elites based galleries a metric is defined and 12 bins between the minimum and maximum values for
that metric are defined. The minimum and maximum values for each metric are initially estimated, then updated if
designs are found which fall outside these values. There are three galleries which are controlled by the MAP–Elites
algorithm: speed insights, wheel insights and geometry insights. The metrics, which were not revealed to participants, for
these MAP–Elite galleries are as follows:

• Speed insights: The mean speed of the wheels on the car.
• Wheel insights: The mean radius of the wheels on the car.
• Geometry insights: The mean signed distance (along the position vector of the vertex) from each vertex to the

centre of mass (centre of mass calculations include the wheel masses)

Each generation the optimiser replaces a design in a MAP–Elites bin if a design of better quality in that bin has been
found. In summary, MAP–Elites organises the design possibility space into a grid of diverse and high performing
designs. Presenting a wide range of design possibilities to users in this structure affords exploration by supporting
designers to overcome fixation on a narrow area of the design space.
Manuscript submitted to ACM



417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

Rethinking Evaluation in Human–AI Collaborative Design 9

(a) The Live view which was the default view for participants.

(b) Zoom of a single design in live view.

Fig. 4. The default live view which shows each design in the current generation as they are being evaluated. From here the user can
select which designs to use to create the next generation and which to test in the next generation. They can also click edit to edit any
design in the edit view. This is a real time camera showing the actual position of the design in the current simulation. Figure colours
have been inverted for clarity.

In addition to the views which use MAP–Elites to generate suggestions, the tool also included a view labelled historic
insights which acts as our experimental control. Designs presented in the historic insights are designs selected at random
from all designs tested. The order in which these views are presented to participants in the navigation bar, which can
be seen at the top of Figure 4a, is randomised each time the software is launched.

3.1.5 The Editor View. The editor view, shown in Figure 6 allows the human designer to edit existing and create new
designs. In the Live and Gallery views a user can click the edit button on an individual design to open it in the editor,
but the user can also simply select the editor from the toolbar at the top of the screen. Each degree of freedom is edited
using a list of sliders, when the user mouses over the slider handle the numerical value of the degree of freedom is
displayed. The current design updates as the user interacts with each slider and at any point the user can click a button
to run a simulation of the design. During a simulation if the user edits a degree of freedom the simulation stops. When
happy with the design the user can include the design in the next generation of the genetic algorithm by checking the
labelled box.
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Fig. 5. An example of a Gallery View. This is showing the Speed Insights, note that there are three blank gallery thumbnails which
indicates part of the search space where designs have not been tested. Unlike the live view, the thumbnails here are static images
from the last time step in the simulation where these designs were tested. Figure colours have been inverted for clarity.

Fig. 6. The editor where a user can modify existing designs and create their own. A list of sliders allows the user to change each gene,
with the image on the left updating in real time. The user can then export the design, add it to the next generation or simulate it
without adding it to the generation. Figure colours have been inverted for clarity.
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3.2 Experimental Approach

To understand the benefits and limitations of gallery based mixed-initiative design tools, and to examine what impact
(if any) the algorithm used to generate the gallery of examples has on the human experience, we conducted two
within-subjects studies: (1) a large-scale quantitative field study and (2) a small-scale mixed-methods lab study. Our
studies were designed to answer the following research questions:

• RQ1: Do galleries of examples influence user engagement with the design process?
• RQ2: Do galleries of examples have an influence on the quality of designs produced?
• RQ3: Do galleries of examples generated using MAP–Elites have a different utility compared to a random set of

suggestions?

3.2.1 Defining Engagement. To answer RQ1 we need to define what we mean by user engagement, which is less straight
forward than defining quality of designs (RQ2) and the comparative utility of the galleries (RQ3). For the purposes of
this study engagement is defined as a variable state of the human designer which can be categorised as Cogitative,
Emotional or Behavioural. Although Sidner et al. [34] define engagement as a process by which two or more entities
maintain a connection, it is more practical to consider it as a variable state [11] characterised by of a responsive dyadic
form of interaction. To operationalise the concept of engagement, and identify suitable proxies/measures, Doherty et
al. [11] suggest asking if the engagement of interest is Cognitive, Emotional and/or Behavioural. Cognitive engagement
is focussed on conscious aspects such as attention, awareness and effort. Emotional engagement is focussed on the
subjective experience, such as expressions of boredom, interest and feelings. Behavioural engagement emphasises
action and participation, which can also include physical behaviour. Throughout the presentation of the results we will
identify proxies for the different aspects of engagement defined above.

4 FIELD STUDY

Our primary aim with the field study was to collect a large data set to help answer our research questions. To meet
our target of a large sample size the conditions were less controlled than a typical user study. Ethical approval was
given to carry out the field study by the Swansea University Faculty of Science and Engineering Ethics Committee
(SU-Ethics-Staff-030822/505).

4.1 Procedure

An unmodified version of The Genetic Car Designer was made freely available to the general public on itch.io4, an
online marketplace for hosting a wide range of video games and related artwork. Recruitment was carried out via
several social networks, with the majority of participants coming from Reddit. Participants were asked if they were
willing to take part in the study when launching the tool, if they agreed then analytics data from each design session
was uploaded to our server for analysis; otherwise no data was recorded.

Upon launching the application participants were given the design task shown in Figure 1c. Participants were free to
spend as long as they wished on the task and could perform the task multiple times with different courses and different
numbers of degrees of freedom. Data uploaded for analysis was done on a per session basis, and to ensure anonymity
and compliance with data protection laws we are unable to detect a single participant uploading data from multiple
sessions.

4https://itch.io
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To compare groups of data we used a Mann–Whitney U test, rejecting the null hypothesis that there is no difference
between groups if 𝑝 < 𝛼𝑎𝑑 𝑗𝑢𝑠𝑡𝑒𝑑 with adjusted significance level 𝛼𝑎𝑑 𝑗𝑢𝑠𝑡𝑒𝑑 = 0.002. This significance level was
calculated using the Bonferroni correction for multiple comparisons with 𝛼𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = 0.01 and five comparisons. To
evaluate correlation we use a Spearman rank-order correlation coefficient, rejecting the null hypothesis that there is no
correlation if 𝑝 < 0.002. Data distributions are presented below using kernel density estimate plots, which show the
distribution of data by plotting the probability density with a set smoothing kernel [36].

4.2 Results

4.2.1 Participants. Data for the large scale study was collected within a predetermined time period between 4th August
and 4th September 2022. In total the tool was launched 2,493 times during the data collection period. Only data from
participants who consented to take part in the study was uploaded to our server to make the initial data set. Data was
then removed from this set for one of the following reasons:

• The version of the tool used was not the most recent version. Prior to 4th August a number of bugs were
identified with the software and subsequently fixed.

• An upper bound on the maximum distance a car could travel was calculated. Any data point which had a
final fitness greater than this value was removed. Unrealistic fitness values could be caused by divergence and
inaccuracies in the physics model, or by users who modified the tool to create false values. Since this study was
not conducted in lab conditions it is possible that users could reverse engineer the software and post modified
data.

• Data entries which contained NaNs were also removed, this indicates errors in the physics engine as discussed
above.

Once invalid data was removed we were left with a data set of 808 sessions. In 50% of these sessions the participants
were simply passive and let the evolutionary algorithm run without offering any suggestions or input to the algorithm,
showing zero behavioural engagement (i.e. no action or participation). In 36% of the 808 sessions, participants only
offered feedback to the algorithm by suggesting designs they created in the editor, and in 14% of the sessions participants
offered feedback to the algorithm using both the editor and gallery views. In the 404 non-passive participant sessions,
54% of cases participants only opened the editor view and 46% of cases participants viewed at least one gallery in
addition to the editor.

Passive participants selected more complex design problems. As detailed in Section 3.1.1 participants could select the
number of degrees of freedom, or dimensions, in the design task. The mean number of dimensions was 25 distributed
between the minimum of 9 and maximum of 85. There was no statistical difference between the number of dimensions
selected by those who interacted with only the editor and those who interacted with at least one gallery view. However,
participants who did not engage behaviourally with the tool on average selected more degrees of freedom when starting
the task (𝑝 < 0.002) than those who did.

4.2.2 Engagement. Since the design task had no fixed end point and a participant could exit at any time, an assumption
is made that the length of time each session lasted can be used as a measure of attention and by proxy cognitive
engagement. Sessions lasted between 1 minute and 4.3 hours, with a mean time of 12 minutes. The full distribution for
each group of participants is shown in Figures 7 and 8a.
Manuscript submitted to ACM
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Fig. 7. A kernel density estimate plot showing the distributions of session length for each group of participants based on viewing
behaviour.

Table 1. Mean session length by participant group. The error presented is the standard error in the mean.

Group Session Length (s)

No interactions 439 ± 50
Only interacted with Editor 728 ± 71
Interacted with at least one gallery 1652 ± 222

Did not view any gallery 562 ± 60
Viewed at least one gallery 1351 ± 140

Participants who collaborated with the algorithm were more cognitively engaged in the task. Passive participants were
the least cognitively engaged with the task, followed by those who just interacted with the editor, and finally the
participants who interacted with the editor and gallery views were the most cognitively engaged in the task (𝑝 < 0.002
for all comparisons). If we consider this collaboration with the algorithm as a proxy for behavioural engagement, then
these results show a connection between behavioural and cognitive engagement.

Participants who viewed the galleries were more cognitively engaged in the task than those who did not. When comparing
participants based on their view behaviour, participants who viewed at least one gallery spent significantly (𝑝 < 0.002)
longer cognitively engaged with the task than others.

4.2.3 Design Quality and Effectiveness of Design Sessions. We wanted to understand if providing galleries of examples
would influence the quality of the designs produced. The quality, or fitness, of a design is the signed distance travelled
along the horizontal axis—this raw value is hard to compare between two sessions, however, due to the random
initialisation. Instead, to measure the effectiveness of a particular design session, the improvement from the best
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(a) A scatter plot showing participants’ session time against their
improvement.

(b) A scatter plot showing participants’ number of selections made
against their improvement. The size of the data indicates corre-
sponds to session length.

Fig. 8. Scatter plots of session length and number of selections compared to total improvement. Respective kernel density estimate
plots are shown above with the performance improvement kernel density estimate plot shown on the right.

design in the initial randomly generated set of designs to the best design found during the session was calculated as a
percentage. The mean improvement from all sessions was 208% and improvements ranged from 0% to 13,241%.

The higher the initial design quality, the harder it was to make an improvement. The fitness of the best performing
design in the first generation of the evolutionary algorithm was recorded for each session. Initial finesses ranged from
2.95 to 467 with a mean of 142. We found no relationship between the initial design quality and participant behaviour.
There is, however, a negative correlation (𝑝 < 0.002) between initial design quality and overall improvement, the
correlation coefficients are presented per group in Table 2, using Fishers z-transformation no statistical difference
between these correlations is found. This difference in starting design introduces a potential confound into the field
study, which we eliminate from the lab study by introducing a fixed set of starting designs. When investigating the
distributions of initial design quality we found no statistically significant difference between the different groups of
participants based on their behavioural engagement. The lack of statistical difference in initial design quality between
groups gives us confidence that comparisons of percentage improvements are not significantly affected by the confound
identified.

Longer design sessions were more effective. Figure 8a shows the percentage improvement in design plotted against
session length. There is a positive correlation between session length and improvement (𝑝 < 0.002) for all groups of
participant.
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Table 2. Spearman rank-order correlation coefficients for fitness of the best performing design in the first generation vs percentage
improvement. Negative correlation implies that overall improvement (as a percentage) decreases as the quality of the initial design
increases. p<0.002 in all cases.

Group Correlation Coefficient

No interactions −0.616
Only interacted with Editor −0.599
Interacted with at least one gallery −0.504
Did not view any gallery −0.575
Viewed at least one gallery −0.565

Table 3. Mean percentage improvement in design achieved in each session separated by participant group. The error presented is the
standard error in the mean.

Group Mean Improvement (%)

No interactions 124 ± 19
Only interacted with Editor 243 ± 30
Interacted with at least one gallery 420 ± 140

Did not view any gallery 197 ± 35
Viewed at least one gallery 373 ± 77

Sessions where participants collaborated with the design tool were more effective than the tool working independently.

Table 3 shows the mean improvement in design quality for each group of participant. Sessions where participants
engaged behaviourally with either the editor and/or a gallery had significantly (𝑝 < 0.002) higher improvements of
quality than those where participants were passive and let the evolutionary algorithm drive the process.

Sessions where participants viewed at least one gallery were more effective than those where participants just worked

with the editor. When considering sessions with active participants, we found that participants who viewed at least one
gallery performed significantly better than those who did not (𝑝 < 0.002).

Sessions where more designs were suggested to the algorithm by the designer were more effective. The tool keeps track
of the number and type of design selections made from each view and the editor, i.e. selecting a design to be entered
into the elite and/or breeding pools. Participants made between zero and 3,862 selections per session, although this
maximum value was an outlier as the mean was 24 selections. This metric indicates the number of actions taken by
the human designer and therefore is a proxy for behavioural engagement. Figure 8b shows the full distributions for
each set of groups; all distributions are statistically different from each other (𝑝 < 0.002). There is a positive correlation
between number of selections and improvement (𝑝 < 0.002), this correlation is stronger for participants who interacted
with the editor and galleries (Rank coefficient = 0.567) compared to those who just interacted with the editor (Rank
coefficient = 0.445) but this difference is not statistically significant.

4.2.4 Differences Between Galleries. We wanted to understand if the algorithm used to generate the gallery of sugges-
tions had an effect on the usefulness of the suggestions, or if simply a random set of suggestions was good enough. To
assess this we provided participants access to four galleries, three based on MAP–Elites (i.e. the intelligent algorithm)
and one a random selection of designs (i.e. the control). The order in which these galleries are presented to the user
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Table 4. Overview of data comparing the time spent and selections from each view in the tool. The difference columns refer to the
result of a Mann–Whitney U test. Values in bold are significant (𝑝 < 0.002). The error presented is the standard error in the mean.

View Mean Total Selec-
tions (%)

Difference to Control Mean Time Spent in
View (%)

Difference to Control

Control 8.87 ± 2.0 – 3.16 ± 0.5 –
Geometry 15.0±2.0 Higher 3.35 ± 0.6 None
Speed 23.2±3.0 Higher 6.31 ± 1.0 None
Wheel 17.3±2.0 Higher 3.59 ± 0.5 None
Editor 32.2±3.0 Higher 59.5±2.0 Higher

(a) Violin plot showing the distributions of total number of selec-
tions from each view.

(b) Violin plot showing the distributions of relative time spent in
each view.

Fig. 9. Violin plots indicating in which view participants made their selections and how much time they spent in each view.

is randomised, however we were concerned that the names of the gallery may introduce bias. For each session we
recorded which gallery the user first viewed and, upon analysing the data, found that no gallery was statistically more
likely to be opened first compared with the others. This gives us confidence that no significant bias was introduced.

Participants spent the same amount of time in MAP–Elite based galleries as the random control, but selected more designs

from the MAP–Elite galleries. The number of selections from and time spent in each view in the tool was recorded. In
this part of the analysis we only consider the group of participants who interacted with both the editor and at least
one gallery. Table 4 gives an overview of the data and shows the results of Mann–Whitney U tests comparing each
gallery to the control. The distributions are also presented in Figures 9a and 9b. Most selections were made from the
Editor, followed by the Speed, Wheel and Geometry MAP–Elites galleries (𝑝 < 0.002 in all cases when compared to the
control). Participants spent the most time in the Editor (𝑝 < 0.002) and there was no observed differences between
the time spent in the remaining views. Putting this in the context of engagement, we observe that participants gave
equal attention (cognitive engagement) to the MAP–Elite and random galleries but took more actions (behavioural
engagement) from the MAP–Elite galleries.
Manuscript submitted to ACM
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Table 5. Spearman rank-order correlation coefficients for the time spent and selections from each view in the tool vs percentage
improvement. Values in bold are significant (𝑝 < 0.002).

View Number of Selections vs Improve-
ment

Time Spent in View vs Improvement

Control 0.146 0.156
Geometry 0.246 0.244
Speed 0.291 0.318
Wheel 0.464 0.358

Control + Geometry + Speed +Wheel 0.385 0.301

Editor 0.497 0.353

Greater cognitive and behavioural engagement with the galleries resulted in more effective design sessions, and that

correlation is stronger for MAP–Elite based galleries than the random control. Table 5 shows correlation coefficients
calculated when considering the time spent and selections from each view and performance. The more selections
participants made from the wheel, geometry or speed galleries, the more designs the participants suggested from the
editor, and the more selections participants made from the all gallery views combined led to increases in performance
(𝑝 < 0.002). There was a significant positive correlation between the total proportion of time spent in the non-control
gallery views, time spent in the speed and wheel gallery views, and the editor and performance (𝑝 < 0.002).

5 LAB STUDY

To enable an in-depth investigation into the trends observed during the large scale field study a small scale lab study was
designed. The lab study procedure was designed following the data analysis of the field study allowing us to account
for potential biases and confounds identified. The lab study procedure and questionnaires are based on a framework
proposed, and validated, by Knijnenburg et al. [16] for evaluating recommender systems using a user-centric approach,
an overview of the framework is presented in Figure 10. Ethical approval was given for the lab study by the Swansea
University Faculty of Science and Engineering Ethics Committee (SU-Ethics-Student-140323/6255).

5.1 Procedure

The study took place in the User Experience Lab and Legacy Lab in the Computational Foundry building at Swansea
University. During the study, only the researcher and a single participant were in the room. Consent was given by
participants prior to any study related questions.

5.1.1 The Modified Genetic Car Designer. In the lab study participants completed their task using a modified version of
the genetic car designer. Modifications were made to account for the smaller sample size and to control the potential
biases and confounds identified in the field study. The modifications are explained below.

Only two gallery views were available, one generated using MAP–Elites and the other containing random designs as a

control. Limiting the choice to two galleries reduces the study to an A/B test more suited to a smaller sample size.

The gallery views were labelled "Insights 1" and "Insights 2". to eliminate any bias introduced by the name. Galleries
were randomly labelled in a double-blind fashion, and which insight corresponded to which gallery for which participant
was only revealed during data analysis. Although in the large scale study we found no gallery was more likely to be
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Fig. 10. Framework for evaluating recommender systems proposed by Knijnenburg et al. [16]. The framework acts as a model of the
system, using this context we can pose questions to participants and evaluate their responses.

selected first than the others, the gallery participants interacted the most with was the Speed Insights. It might be the
case that since the task was to travel as far as possible participants would be naturally drawn to the Speed Insights.

The Geometry Insights gallery was selected as the MAP–Elites generated view. Since each view populates its list of
selections using a different algorithm the number of unique designs each view presents to the user over a session is
different. This different number of unique designs may introduce a confound when comparing the number of selections
from each view. In the large scale study there was the smallest difference between the number of selections from the
Geometry view and the control, therefore minimising the likelihood any differences we may observe are due to the
confound identified.

The course, number of degrees of freedom, and random seed were fixed for all participants. Fixing these variables
ensured that the task difficulty was uniform across participants. Furthermore, fixing the random seed ensured the first
set of designs was the same for all participants eliminating the confound between initial design quality and percentage
improvement over the design session.

Participants were given a fixed end point for the task, which was when the evolutionary algorithm has completed 40

generations. In the large scale study we found that longer design sessions were more effective, in terms of percentage
improvement over the session, and therefore time is a variable we need to control.

5.1.2 Participants. Participants were recruited from the student population of Swansea University under the following
two criteria:

(1) The participant had not used The Genetic Car Designer before (ensuring uniform situational characteristics
(SC) among participants [16]), and
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Table 6. Participant responses for the pre-task personal characteristic statements.

Agree: ✓ Disagree: ✗ Indifferent: – A B C D E F G H I J K L

I prefer to do calculations by hand. ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓

I have no problem trusting my life to technology. ✓ ✓ ✗ – ✓ – – ✗ – ✓ – ✓

I always double-check results from automated methods. ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ – ✓ – ✓

I am confident using most technology. ✗ ✓ ✓ ✓ – ✓ – ✓ ✓ ✓ ✓ ✗

The usefulness of technology is overrated. – ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ –

(2) the participant had completed or is working towards an undergraduate degree in engineering and therefore
familiar and practised in the concept of engineering design (to reduce variability of personal characteristics
(PC)).

Demographic information was collected to inform us of PC [16] of participants. A total of 12 participants were
recruited, 8 of whom self identified as male, 3 female and 1 non-binary. At the time of the study 8 of the participants
were postgraduate students and 4 undergraduates. The mean age of participants was 24 ranging between 20 and 28.
Participants were remunerated for their time and given a £20 shopping voucher; the rate of remuneration was in line
with the policies of our institute.

Pre-task Survey. In addition to the demographic questions, participants were asked a series of questions to gauge
their attitudes towards technology, which further informs us of participants’ personal characteristics. At this stage
in the experiment the participants are unaware of the task and tool. Table 6 shows the participant responses to the
pre-task survey. Generally the group of participants is pro-technology and confident using technology, with the main
differences of opinions in the group related to trusting technology and preferring to do calculations by hand.

5.1.3 Design Task. An explanation of the Genetic Car Designer and task was given to participants including:

• The design goal;
• How to start the software;
• How to interact with each feature in the tool;
• The duration they have to complete the task; and
• What to do if they get stuck or have a question.

At no point during this explanation is the difference between the two insights views discussed or revealed. The insight
views were described as lists of previous designs that had been simulated during the design session which could be
interacted with in a similar way to the live view. After the explanation participants started the task, during the task
participants were encouraged to use all the tools available to them. During the study the same analytical data collected
in the large scale study was recorded, which enables us to evaluate objective aspects [16] of the system.

5.1.4 Post-task Survey. Once the task was complete the participants were given two sets of questions. The first set is
presented in Table 7, these are designed to evaluate the subjective system aspects [16] by asking participants to compare
Insights 1 to Insights 2. Finally a set of open-ended questions were given to participants to evaluate the experience and
interaction aspects of the tool [16], these questions are presented in Table 8.
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Table 7. Questions presented to participants to complete post task. Participants could answer Insights 1, Insights 2 or Neither.
Questions are presented in the order they were given to participants.

Aspect Statement

Subjective Accuracy Which presented better solutions?
Which allowed you to select more optimal recommendations?
Which showed too many poor recommendations?

Subjective Diversity Which presented a variety of choices?
Which showed a bigger difference in recommendations?

Subjective Satisfaction Which list was more valuable with respect to your time?
Which had more satisfying recommendations?
Which would you trust more to provide you with recommendations?
Which made finding a new solution easier?

Subjective Novelty Which gave you more recommendations you would not expect?
Which gave you recommendations you would not have thought of yourself?
Which allowed you to explore new ideas better?

Table 8. Open ended questions given to participants at the end of the lab study. Questions are presented in the order they were given
to participants.

Aspect Question

Interaction How easy or difficult was the car designer to use?
Experience How easy or difficult was it to make a decision from the lists?
Experience Was the decision process frustrating for insights 1 or 2?
Interaction & Experience How much effort did you need to invest while using insights 1 and 2?
Experience Do you trust the results from the car designer?

5.2 Results

5.2.1 Objective System Aspects.

Most participants spent more time viewing and selecting designs from the MAP–Elites gallery, but there was no significant

correlation between this level of cognitive and behavioural engagement with the galleries and design quality. Figures 11
and 12 respectively show the time each participant spent in the control and MAP–Elites gallery views and the number
of selections they made from the two galleries. The overall performance in terms of improvement is also shown on these
figures and participants are ranked by that performance. Most (75%) participants engaged cognitively more with the
MAP–Elites gallery compared to the Control gallery, and all participants who behaviourally engaged with at least one
of the galleries selected more from the MAP–Elites view. Three participants (A, G and F) did not make any selections
from either gallery and only interacted with the editor. No significant correlation between improvement and either
time spent or selections from each gallery is observed.

5.2.2 Subjective System Aspects.

Despite objective behavioural evidence suggesting that the MAP–Elites gallery was most useful, participants had overall

mixed subjective opinions on the relative usefulness of the two galleries. Table 9 shows the responses from participants
for the post task comparison style questions. Using a Chi-Square Goodness of Fit Test for each question, with the null
Manuscript submitted to ACM
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Fig. 11. A stacked bar chart showing the time participants spend in the MAP–Elites (blue) and Control (red) galleries alongside the
overall improvement (white). Participants are sorted by overall improvement.

Fig. 12. A stacked bar chart showing number of selections from the MAP–Elites gallery (blue), the Control gallery (red) alongside
overall improvement (white). Participants are sorted by overall improvement.

hypothesis that the frequency of responses is equal, we were unable to reject the null hypothesis at (𝑝 < 0.1) for any
question. The responses show a mix of opinions regarding subjective performance of the two views and allow us to
identify three groups of participants:

• Participants who considered the MAP–Elites view to perform better overall
• Participants who thought the Control view performed better overall
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Table 9. Participant responses for the post task comparison questions. In the table M-E, C and N refer to MAP–Elites, Control and
Neither respectively. In the actual survey participants answered Insights 1 or Insights 2 these have been mapped to the correct view
here.

A B C D E F G H I J K L

Which presented better solu-
tions?

N M-E C N C M-E M-E C M-E M-E C M-E

Which allowed you to se-
lect more optimal recommen-
dations?

C M-E C C C C M-E C M-E M-E M-E M-E

Which showed too many poor
recommendations?

M-E C N M-E M-E C C M-E C C N C

Which presented a variety of
choices?

C M-E C N M-E C C M-E M-E C M-E C

Which showed a bigger differ-
ence in recommendations?

N M-E C M-E M-E C C M-E C C C M-E

Which was more valuable with
respect to your time?

N M-E C C C C M-E N M-E M-E N M-E

Which had more satisfying rec-
ommendations?

C M-E C C C N M-E M-E M-E M-E N M-E

Which would you trust more to
provide you with recommenda-
tions?

C M-E C C C N M-E C M-E M-E N M-E

Which made finding a new so-
lution easier?

C M-E C M-E C C M-E C M-E M-E C M-E

Which gave you more recom-
mendations you would not ex-
pect?

M-E M-E M-E C M-E C C C C C M-E M-E

Which gave you recommen-
dations you would not have
thought of yourself?

C M-E N M-E M-E C C N M-E M-E C N

Which allowed you to explore
new ideas better?

C M-E N C M-E C M-E C M-E M-E M-E M-E

• Participants who had mixed opinions on the subjective performance

These feelings give insight into participants emotional engagement. Participants were placed in relevant groups
if a majority of responses indicated a positive opinion of the relevant view, those participants who did not have a
clear majority opinion were then placed in the mixed group. The groupings of participants are shown in Tables 10
and 11 alongside their objective behaviour with respect to which views they engaged with the most cognitively and
behaviourally.

33% of participants perceived MAP–Elites gallery to be more effective overall and this perception matched their behaviour

in terms of time and number of selections. Participants B and I gave short responses to the free text questions with
Participant I simply describing the task as easy, and Participant B saying most of the designs performed well "without
any input from me". Participant J was "not clear how [either insight view] were affecting the car design" and had to put
effort (cognitive engagement) into "figuring out how the insights were helping". Participant L found the insights useful
Manuscript submitted to ACM
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Table 10. Table showing the grouping of participants based on their opinions’ of subjective performance of the views and their
objective time behaviour. Participants who prefer to do calculations by hand are written in bold.

Participants who spent more time in
the MAP–Elites view

Participants who spent more time in
the Control view

Participants who considered the
MAP–Elites view to perform better
overall.

B, I, J, L —

Participants who thought the Control
view performed better overall.

C, D A, F, H

Participants who had mixed opinions
on the subjective performance.

E, G, K —

Table 11. Table showing the grouping of participants based on their opinions’ of subjective performance of the views and their
objective selection behaviour. Participants who prefer to do calculations by hand are written in bold.

Participants who selected more sug-
gestions from the MAP–Elites view

Participants who did not select any
suggestions from either view

Participants who considered the
MAP–Elites view to perform better
overall.

B, I, J, L —

Participants who thought the Control
view performed better overall.

C, D, H A, F

Participants who had mixed opinions
on the subjective performance.

E, K G

to compare their own designs to "better performing cars" noting that they found insights more useful towards the end
of the task "once the edits I made were no longer yielding better results".

25% of participants perceived the Control gallery to be more effective overall but this did not match their behaviour in

terms of number of selections. Participant C found that the "numerous designs" presented by the insight views made it
easy to select designs with potential viability. Participant D described their approach as "experimental" with their focus
being "more on what was going on in the live screen than insights". Participant H found that the insights worked well
"in tandem with one another" and picked poor performing designs to explore new ideas, they also noted that their own
preconceptions made the task challenging to begin with.

25% of participants had mixed subjective opinions on the effectiveness of the two views. Participant E only discussed
how the fitness values displayed assisted decision making and did not refer to either set of insights. Participant K had a
similar approach of using the fitness values as the primary support for decision making, adding that "it wasn’t obvious
what insights 1 and 2 represented". Participant G however was the only participant to directly compare the two insight
views saying that "[Control] seemed more random and messy. [MAP–Elites] less choices but seemed better designs".
Interestingly, participants E and K used selections from the MAP–Elites insights view more than most other participants
despite their mixed views.

17% of participants perceived the Control to be more effective overall, did not make any selections from either view, but

did spend most time in the Control view. Participant A focused on optimising a single design, finding that some of the
Manuscript submitted to ACM
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designs in the insights were much better than the rest, which helped make decision making less frustrating. However,
Participant A noted "there was limited information on what I was actually looking at [in the insights]". Participant F
found that the insights "provided variations on the designs I was using to copy" and that both insights provided a series
of "visually distinct" variations.

5.2.3 Qualitative Analysis of Interaction and Experience. We used Qualitative Content Analysis [25] to analyse par-
ticipants’ free-text responses, as the structured nature of our questions lent themselves to a deductive approach. SW
and JV independently reviewed the data and proposed initial coding categories. After discussing and refining these,
they agreed on a final codebook (Table 12). Both then coded the data independently, resolving discrepancies through
discussion until full consensus was reached, with the coded responses shown in Table 13.

Most (58%) participants found the genetic car designer easy to use and some (42%) found it got easier to use the longer

they used it. Only Participant H described the designer difficult to use, saying that “finding an optimal design was harder
than expected”. Six participants related ease of use to the user interface (UI). For example, Participant G “Struggled to
figure out which numbers corresponded to which part geometry at the start” and Participant K said “There were a lot
of cars so it wasn’t clear where the car you had edited was”.

The majority (75%) of participants reported that the decision process was not made frustrating by the insights. The
main frustration point, which was raised by Participant L, was that the gallery “list changed so regularly”. Similarly,
Participant A found the system “A little difficult as insight recommendations kept changing”.

Half the participants described the effort needed to use the insights to be minimal, many of those (4 out of 6) relating
this lack of effort to simply selecting the design with the best score. For example, Participant H states “Not much effort
was used, in the process of evaluating using the insights. Simply looking for the highest values.”. Only Participant A
described the amount of effort as high saying “More effort than what I expected to need. There was limited information
on what I was actually looking at.”. Some participants gave some detail on their understanding of what the insights
were. For example, Participant F stated that the insights helped “as they provided variations on the designs I was using
to copy the success of” and Participant J was unsure “how the insights 1 or 2 were affecting the car design”.

Most (75%) of the participants reported that they trusted the results from the car designer. Reasons for trusting the
designer largely were related to the performance of designs. For example, Participant C said “I do, there were a lot of
viable designs generated that with a little tweaking performed very well.” and “The final designs (about 3 different
configurations) were consistently the highest scoring, and looked the most sensible”. Conversely Participant A was the
only participant to state that they did not trust the designer because “although some changes made sense, I couldn’t
easily rely on a certain configuration or change I made”.

Most (58%) participants reported focusing on the numerical value in their design approach, whereas two participants

reported focusing on the visual aspects of design. For example, Participant E found “The scoring system helped make the
decisions much easier.”, conversely Participant H stated “I tended to use my instinct for which design aligned best with
my idea for what it should look like.”.

6 DISCUSSION

6.1 RQ1: Do galleries of examples influence user engagement with the design process?

A significant, and striking, result from the field study was that participants who viewed at least one gallery were more
cognitively engaged in the design task compared to those who did not. The average session length for participants who
viewed at least one gallery was more than twice that of participants who did not. This finding adds significant strength
Manuscript submitted to ACM
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Table 12. Codebook used for analysing responses to the free text questions asked post-task.

ID Category Code Definition

D1 Difficulty Easy A participant found one or more aspects of the car designer easy to use.
D2 Difficulty Neutral diffi-

culty
A participant found it was neither easy nor difficult to use one or more
aspects of the car designer.

D3 Difficulty Difficult A participant found one or more aspects of the car designer difficult to use.
D4 Difficulty Easier with time A participant found one or more aspects of the car designer easier to use as

time went on.

F1 Frustration Not frustrating A participant did not find one or more aspects of the car designer frustrating.
F2 Frustration Neutral frustra-

tion
A participant was somewhat frustrated with one or more aspects of the car
designer.

F3 Frustration Frustrating A participant did find one or more aspects of the car designer frustrating.
F4 Frustration Equal A participant found the same level of frustration with both insights.

E1 Effort Minimal effort A participant used little to no effort when using one or more aspects of the
car designer.

E2 Effort Some effort A participant used some effort when using one or more aspects of the car
designer.

E3 Effort Lots of effort A participant used lots of effort when using one or more aspects of the car
designer.

T1 Trust Trust A participant trusted the results of the car designer.
T2 Trust Neutral trust A participant trusted some of the results of the car designer, but had reser-

vations.
T3 Trust Distrust A participant did not trust the results of the car designer.

S1 Design Seeing + Under-
standing

A participant expressed interest in finding the correlation between changing
parameters and the car’s performance.

S2 Design Preconceptions A participant’s preconceptions were mentioned as an influence on the design
process.

S3 Design Score based A participant used the scores provided to direct their design process.
S4 Design Vision based A participant used visual information to direct their design process.
S5 Design Time A participant mentioned time as a motivating factor in the design process.

U1 UI Sliders A participant mentioned aspects of interacting with the editor.
U2 UI Clutter A participant mentioned separating out cars while the car designer was

running.

I1 Insights Insights un-
known

A participant was confused about the role of insights in the design process
or how to use it.

I2 Insights Insights known A participant identified one or more characteristics of the insights and/or
used the insights in the design process.

to existing claims [27, 40], based on much smaller studies than ours, that algorithm-generated galleries of examples
increase engagement in design tasks. Our conclusion is built on the assumption that the length of a session (in our
field study) is a measure of cognitive engagement, we believe this is a fair assumption, but recognise that rigorous
small-scale investigations into engagement are required.

Participants who interacted with at least one gallery in the field study, by selecting designs to offer as suggestions to
the evolutionary algorithm, spent the longest on the task. This indicates a strong relationship between behavioural
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Table 13. Coded responses from each participant for the post task free response questions.

A B C D E F G H I J K L

How easy or difficult was
the car designer to use?

D1,
D4

D4 D1 D1,
U2

D4,
U1,
S1

D1,
U1

D1,
U1

D3,
S2

D4 D1 D1,
U1,
I1,
U2

D4,
U2,
U1

How easy or difficult was it
to make a decision from In-
sights 1 and 2?

D3,
S3

D1,
S4

D1 D3 D2,
S3,
S2

D1,
I2

D1,
S3,
I2

S2,
S3,
S4

D1 I1 S3 D1,
S3

Was the decision process
frustrating for Insights 1 or
2?

F2,
S3

F1 F1 F1 F1 F1,
I2

F1,
S3,
S4

F1,
I2

F1 F1 F4 F2,
S5

How much effort did you
need to invest while using
Insights 1 or 2?

E3,
I1

E1 E1,
I2

S4 E1,
S3

E1,
S3

I2,
S5,
U2

E1,
S3

E1 E2,
I1

E1,
S3

E2

Do you trust the results
from the car designer?

T3,
S1

T1 T1,
S4

T1 T1 T1,
S3

T1,
S3,
S4

T1 T1 T2 T1,
S2

T2,
S1

and cognitive engagement which is challenging to untangle due to limitations of our approach. In future work we
recommend taking care in designing a methodology to isolate these two aspects of engagement by, for example, using
methods such as eye tracking as a proxy for cognitive engagement.

Throughout the responses from participants in the lab study there is evidence of emotional engagement, in terms
of positive and negative feelings, with the galleries and task. Using these responses to assess participant’s emotional
engagement with specific galleries we found that their opinions and feelings did not always match their behaviour
in terms of actions. Only 33% of participants in the lab study expressed positive emotions towards the gallery they
engaged the most with behaviourally and cognitively. This suggests that behavioural and cognitive engagement are not
predicted by positive emotional engagement, and vice versa, which is important to consider when designing studies to
evaluate engagement in design tasks.

6.2 RQ2: Do galleries of examples have an influence on the quality of designs produced?

Our results show that increased cognitive engagement in the design task resulting from galleries of examples leads
to longer design sessions and, hence, better quality designs. The results from our field study showed that sessions
where participants selected designs from the galleries to be entered into the breeding and elite pools resulted in the
highest improvement of design quality. In other words, higher levels of behavioural engagement resulted in better
quality designs. Furthermore, although this difference in correlation was not statistically significant, we observed
that the negative correlation between initial design quality and overall improvement was lowest in sessions where
participants interacted with at least one gallery. These results could be entirely algorithmic in nature since we would
expect that providing the optimiser better designs to generate the next generation could lead to improved performance.
What is interesting, and initially indicates an effect beyond the algorithm, is that the act of viewing a gallery resulted
in increased performance. However, our results also show that the amount of time spent in a session was positively
Manuscript submitted to ACM
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correlated to the quality of designs produced, and simultaneously that participants who viewed galleries spent longer
on the task.

In the lab study, which had a fixed session length, we found no correlation between design quality and amount
of behavioural engagement with the galleries. It follows that the positive correlations observed between amount of
engagement with galleries and quality of design observed in the field study could be due to the increased cognitive
engagement in the task, leading to longer design sessions, which gives the algorithm and human more time to improve
designs. In our lab study, participants did report that the recommendations were improving the quality of their
designs, evidence of emotional engagement. When asked to pick the best insight view based on the quality/accuracy of
recommendations only 3 of the 36 responses were "Neither". Further to this, many participants detailed that the insight
views were helping them in the design process in free text responses.

6.3 RQ3: Do galleries of examples generated using MAP–Elites have a different utility compared to a
random set of suggestions?

Our results show that there is indeed a difference in utility when comparing MAP–Elites driven galleries to the random
control and that neither is necessarily more valuable than the other to the design process. The results from our field
study show that participants selected significantly more designs from the MAP–Elites driven galleries for inclusion in
the elite and breeding pools of the evolutionary algorithm compared with the random control. This finding holds despite
participants not spending significantly more time viewing MAP–Elites driven galleries. This finding carries over to our
lab study where we found that all participants selected more designs from the MAP–Elites driven gallery compared with
the control. Many participants from the lab study noted that the MAP–Elites gallery provided better quality designs
than the control. When asked their subjective opinions on the relative usefulness of the MAP–Elites and random control
galleries in the design process, neither gallery was highlighted more than the other by participants. Interestingly, 25%
of participants reported that the random control was the most useful gallery despite making more selections from the
MAP–Elites gallery, indicating that number of selections from a gallery (i.e. behavioural engagement) is not a good
measure for utility. The range of perceptions observed during the lab study is potentially due to the varying approaches
detailed by the participants. Some participants explained how they took an experimental or exploratory approach
to the task, not simply focusing on the best performing designs but also gaining understanding by identifying poor
performing designs. Several participants, who perceived the MAP–Elites view as more effective, expressed a desire to
understand the effect each degree of freedom had on performance, indicating that they were building a mental model of
the system (cognitive engagement). Participants who, conversely, perceived the control insight as being effective tended
to report a more exploratory approach compared to those who perceived the MAP–Elites insights as more effective.
This suggests that the structured diversity provided by the MAP–Elites galleries supports a more systematic exploration
of the design space than a non-intelligent system. Interestingly, the participants who focussed solely on the fitness
scores of each design to make decisions reported making more use of the MAP–Elites view, suggesting that this gallery
facilitated a more satisfying user experience. The only difference between the MAP–Elites gallery and the random
control is the diversity of suggestions, based on our results we posit that diversity of suggestions is a crucial aspect
perhaps enhancing the user’s perception of informativeness or reducing decision fatigue through visual diversity. In
conclusion, MAP–Elites should not be considered as a back-end tool for design optimisation but instead core part of the
user experience in computational design.

Manuscript submitted to ACM



1405

1406

1407

1408

1409

1410

1411

1412

1413

1414

1415

1416

1417

1418

1419

1420

1421

1422

1423

1424

1425

1426

1427

1428

1429

1430

1431

1432

1433

1434

1435

1436

1437

1438

1439

1440

1441

1442

1443

1444

1445

1446

1447

1448

1449

1450

1451

1452

1453

1454

1455

1456

28 Walton, et al.

6.4 Limitations of our Approach

A key aim with our approach was to attract a large pool of participants and therefore increase the statistical power
of our findings. The cost of designing a study which is approachable by a wide audience is that our findings may not
generalise to engineers in a professional setting. To mitigate this limitation we recruited student engineers, with design
training, for our small scale lab study. However, clearly it would be useful to carry out a focused study with design
engineers within a professional setting. It is our hope that the findings and recommendations we present here can be
used to design an effective study involving engineering professionals.

A number of participants in the lab study discussed issues with the user experience (UX) of the design tool which
may have effected our findings. For example, a number of participants expressed that the insight views were difficult to
use because they updated too frequently. This highlights the importance of UX design which is often overlooked when
designing research software. In future studies care should be taken to ensure the UX/UI does not get in the way of
testing the core algorithms which are part of the research questions.

One limitation of our approach is that it is challenging to separate the effects of the control gallery and MAP–Elites
gallery views. Many participants in our lab study expressed that they used multiple galleries in tandem with one another.
This raises questions of whether or not the effectiveness of the different algorithms used to generate galleries would
change if they were considered in isolation. A study is needed where participants only view galleries generated by a
single algorithm to answer this question of dependence.

6.5 Implications and Future Work

The results of our studies provide strong and compelling evidence that galleries of example designs enhance both user
engagement and the quality of designs produced in human–AI collaborative environments. Our findings align and add
strength to previous research highlighting the benefits of mixed-initiative tools in fostering creativity and improving
design outcomes [18, 29, 35]. In this subsection we detail key implications and directions for future work.

6.5.1 Opportunities with Citizen Science. In half the sessions recorded in our field study participants were completely
passive and simply observed the algorithm or left it running. This provided a useful baseline for algorithm performance,
but it is worthwhile considering what caused participants to be passive. After completing data collection we discovered
that a small number of older browsers initially hid the view controls from view, which may explain some of the passive
participants. We found that passive participants were more likely to select more complex problems with much higher
numbers of degrees of freedom, this could be an indication that they were playing with the tool. It could highlight
the growing interest in the general public towards algorithms which exhibit creativity [30] and may represent an
opportunity to conduct more research using citizen science.

6.5.2 Human–AI collaborative environments may not save time. When answering RQ2 we found that galleries of
examples led to increased engagement and longer design sessions, which yielded better design outcomes. There is an
open question of what causes this effect, is it that giving the optimisation algorithm longer to solve the problem leads
to better design quality, or that giving the human designer longer does the same, or a combination of both? We found a
similar result in a previous study [40] when comparing the use of an AI-based tool to a non-AI based to design five levels
for a video game. To our surprise the participants who used the AI-based tool took significantly longer to complete the
task, when digging into the qualitative data we found this was because their emotional engagement in the task was
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higher. Gallery based human–AI collaborative tools should not be seen as tools to save time and money [5, 26, 32] but
instead tools which lead to better outcomes by enhancing human creativity.

6.5.3 Evaluating gallery based Human–AI collaborative environments. A key finding from both studies is that simply
viewing suggestions in a gallery has a positive influence on the design process, it is therefore important that time
viewing galleries is a key metric used when evaluating algorithms. In contrast, current assessment methodologies
for mixed-initiative systems are typically based on measuring how often users select and edit suggestions from the
algorithm [40, 42], and as such can only evaluate behavioural engagement. Although responses from participants
in the lab study confirm that viewing recommendations did have an effect on the design process, and supports our
assumption that view time is a proxy for cognitive engagement, a limitation of our approach is a lack of eye tracking
or other physical engagement measures. A future study including some form of eye tracking, to determine which
specific design suggestions participants are looking at as they make decisions, would allow a more rigorous comparison
between different methods for generating galleries. Furthermore, it may be fruitful to explore more modes of physical
engagement measures, such as using electroencephalography devices [41].

6.5.4 Rethinking the evaluation of generative systems. Whist our study does not directly consider generative AI, our
findings have implications for the design and evaluation of generative systems. Notably, the observation we present
in the introduction, that HCI and videos game research have historically approached human–AI collaboration from
opposite directions—one emphasising supporting the design process, the other emphasising emergence and automation—
becomes increasingly relevant as generative AI systems become more prolific in both domains. Future work may explore
how structured diversity, afforded by techniques such as MAP–Elites, might complement or contrast the open-ended
emergent nature of generative models. Convergence of these various areas invites consideration of new evaluation
frameworks which account not only for task outcome quality, but also the engagement, agency, creativity and trust of
the human user. For example, in video games research, significant effort has been placed into measuring and defining
the experience of immersion [15] which is historically linked to engagement and may be relevant for human–AI system
evaluation.

6.5.5 Adaptive mixed-initiative algorithms. In the lab study we found that depending on participants’ approach to
design they perceived the relative value of the control and MAP–Elites gallery differently. This suggests there may be
some fruitful avenues in tailoring algorithms which generate suggestions based on the varying approaches of designers.
As reported by many of our participants, their approaches changed throughout the design process so perhaps the
algorithms which are used to generate suggestions also need to change as the design process continues. There has
already been some work [3] on techniques to learn preferences of designers during the design process which could be
valuable here, allowing the AI to adapt as time progresses.

6.5.6 Encouraging engagement through trust. The positive correlations between user engagement with the galleries and
design quality underscores the need to build transparent and intuitive interfaces that encourages the human designer
to engage with the AI. A number of participants in our lab study stated that they were trying, and in some cases failing,
to understand what the AI was doing and what the gallery views meant. Arguments have been made [7] that humans
and AI should be seen as teammates for effective mixed-initiative systems, and for an AI to truly replicate a human
collaborator it must be able to justify its decisions to build trust [43]. As we have previously found [37, 38] the only way
to increase the uptake of new methods within engineering is to make them trustworthy. Interestingly, some participants
in our lab study linked trust in the algorithm to how much the designs it suggested matched their preconceptions, only
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trusting the algorithm when things "made sense". Therefore, an important future avenue for work is to investigate
how preconceptions affect the design process and how we can design tools to support designers to move beyond their
preconceptions without breaking their trust.
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