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Objective Portrait 
A practice-based inquiry to explore AI as a reflective design partner

ABSTRACT
Artificial intelligence (AI) is increasingly being viewed 
as a creative partner rather than as a tool. How to design 
such collaborations is still a subject of speculation. In 
this pictorial, we propose a collaborative role for AI 
to prompt self-reflection. We explore this through a 
practice-based inquiry of whether and how AI could 
help a designer reflect on and relate to their own 
work. Three designers annotate a collection of images 
representing their fascinations, with subjective labels, 
indicating different dimensions of their visual concepts. 
These labels are used to teach an object detection model 
the designers’ perspectives. Then, they used this trained 
model on their own design work to evaluate the AI’s 
potential to prompt self-reflection. By describing this 
process of AI-training we explore how an AI can help 
us become aware of our own implicit perspectives.
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The project showcased in this pictorial was exhibited as an installation during Dutch 
Design Week 2022. This pictorial provides a comprehensive description of the research 
that underpins the installation and serves as a supplement to the work displayed at the 
exhibition
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READING AN IMAGE
If you look at this image on the right, what do you see? 
Hands? An egg? Creases in a sheet? If you look longer, 
deeper, do you notice anything else? Do you wonder what 
the image means? Do you notice irregularities, do you 
find things odd, or even uncomfortable? Or does it give 
you a specific feeling? A feeling of joy, perhaps? Or are 
you rather enticed? What actually pulls you in, and what 
pushes you away? What elements attract, feel warm, and 
what feels rather distanced and cold?

And then, if we zoom in, would you be able to point out 
exactly which element makes you feel this way? How do 
you identify instances in this image? Does that reveal 
something about how you read the image? This hand 
below, is it uncanny? Or is it sensual? 

And this little twirl on the right, does it make you laugh? 
Do you want to pull it, or make it go away? Does it add to 
the image, or do you think it could be erased? What could 
it represent? Is it stubborn, teasing, or merely obsolete?

Or this crease in the sheet, do you want to straighten it, 
therefore, does the discomfort make you want to touch it? 
What word would you give this part of the image, if you 
would have to describe it? 

Would it help you if you had more insight in how you look 
at an image?

DESIGN FASCINATIONS
Our perspectives on images are deeply personal 
and nuanced. Our ‘ways of seeing’ [1] condition the 
feelings we get from gazing at images, and what 
aspects of these images we choose to concentrate 
on: “when an image is presented as a work of art, 
the way people look at it is affected by a whole series 
of learnt assumptions about art” [1, p. 10]. While 
this statement is made about people in general, it is 
especially true for designers, who construct meanings 
from visual information by recognising patterns and 
exploring possibilities beyond what is shown [29], 

which may reflect a combination of their personal and 
professional ‘learnt assumptions’. A designer’s way of 
looking at things is influenced by their perspectives 
and fascinations. These perspectives and fascinations 
can shape the design worlds they construct, as 
described by Schön [28]. Design worlds are the 
environments built by designers when they start 
the design process and represent design knowledge. 
These worlds are built upon personal beliefs, specific 
interpretations of things, spatial arrangements, and 
relationships between elements in their projects. 
Designers’ fascinations play a role in these design 
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worlds and are often seen as tacit knowledge [34]. 
Many of the decisions made in projects stem from 
this tacit knowledge, such as the selection of project 
topics, desired design contexts, and the visual style of 
objects they create. Can we gain deeper insight into 
our personal design worlds and fascinations by making 
them explicit and teaching them to an AI? Can we teach 
a machine our ‘ways of seeing’? If we can spark the 
AI’s interest in our interests, might it shed light on our 
own perspectives and thought processes as designers? 
By teaching a machine about our design fascinations, 
could we get closer to our own design worlds? 

AI AS A REFLECTIVE PARTNER
The integration of AI technology into creative design 
processes is a rapidly growing area of research and 
development. Collaboration between designers and AI 
systems has been commonly discussed in literature over 
the past years (e.g. [5, 30, 31]) as a strategy to enhance 
the creative work of designers and artists. The recent 
adoption of generative models, including DALL-E [23], 
ChatGPT [24], and Midjourney [18] in the creative 
industries is evidence of a strong interest in these tools 
in creative practice, as their outputs now win art prizes 
[33] and photography contests [35]. This increased 
interest, however, still leaves us with many unanswered 
questions, such as what implications the use of these 
tools could hold for the artist or designer’s process. 
While these AI tools can generate fast and high-quality 
output, such as images or text, they appear to automate 
a single isolated step in a creative process. Specifically, 
they generate digital content based on textual prompts, 
offering designers a multitude of outputs. The increased 
use of generative AI happens primarily in specific 
phases of a creative  process; generative phases where 
a range of ideas or design options is being created, 
rather than in the reflective phases of a design project 
where those options are being critically evaluated 
and contextualized. We are interested in exploring a 
different collaborative role for AI, one that goes beyond 

quick generation, and instead provides insight into 
how we as designers work, what we make, and how 
we think. We thus explore the potential of AI to help a 
designer become aware of and reflect on their relation 
to their own work, therefore potentially prompting self-
reflection. 

THE AI-MIRROR
Developments in powerful computational approaches to 
classify, categorize, and label data have created a false 
sense of ‘objectivity’ often associated with computational 
thinking. Recent research has seen a pushback against 
such thinking, emphasizing the inherently interpretive 
nature of actions leading to categorizing and labeling. 
Tanweer et al. [32] provide several examples where 
disregarding context in interpretation leads to incorrect 
understanding of data which in turn leads to incorrect 
generalizations. Instead, they make an argument for 
interpretivist approaches—to “probe the multiple and 
contingent ways that meaning is ascribed to objects, 
actions, and situations” (p. 5). This is not an isolated 
take. New ways are being proposed to integrate 
qualitative methods to augment computational 
approaches (e.g., Baumer et al. [4]) or vice versa (e.g. 
Nelson [21], Pääkkönen and Tlikosi [25]). The work we 
present here is inspired by these approaches: we explore 
how the process of training AI models might play a part 
in the designer’s self-reflection. We take the inherent 
subjectivity of AI not as something to eliminate, but as 
a starting point. By involving the AI training phase as 
part of the designer’s process, we expand the use of AI 
beyond its output, creating a more intimate approach 
that slows down and stretches the use of AI in a creative 
process, while also helping designers gain a deeper 
understanding of themselves. 

In our explorations, we introduce the metaphor of AI as 
a mirror, a device that provides a mediated perspective 
on oneself. This metaphor sparks new ideas on how 
to incorporate AI in our practice [20]. The reflection 

witnessed in this AI-mirror would be shaped by the 
choices we made in building it. If the AI-mirror is 
specifically customized to align with personal values, 
opinions, aesthetic preferences, and desires, could it 
offer valuable insights through the reflection it presents?

To investigate the potential of AI in supporting 
reflection, we adopted a first-person, practice-based 
research approach, focusing on the material qualities 
of AI and Machine Learning. This approach allowed 
us to explore the complexities of integrating this 
technology into actual design practice, particularly for 
studying the subjective concept of self-reflection [17]. 
Furthermore, this approach aligns with the argument 
made by Benjamin et al. [36] emphasizing the need for 
fundamental research on the use of ML technologies as 
a design material in their own right [36, p. 3]. Through 
design inquiry and artistic exploration, we embraced 
AI’s limitations (such as subjectivity, bias, and small 
datasets) and transformed them into opportunities 
for creative practice. By embracing the constraints 
of the technology, we aimed to establish innovative 
designer-AI partnerships [13].

HOW TO READ THIS PICTORIAL
This pictorial traces the AI-collaboration process 
of  three designers, two of whom are also coauthors 
of this pictorial. The designers will from now on be 
referred to as ‘we’/’us’. We trained an object detection 
algorithm to learn how we give meaning to an image, 
and used it to analyze a composition of our own design 
work, which we called object portraits. In other words, 
we tried to capture our subjective way of looking at 
the world, and then mirror that gaze back at our own 
work. Each of us followed a cycle of data collection, 
annotation, and model training/testing, similar to 
standard object detection model training. We describe 
our personal paths, the steps of teaching AI about our 
fascinations, and the questions that arose during this 
process in the following sections. We named the project 
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Dataset of Vera: Surrealistic Art

Dataset specifications
Images: Paintings of artists like Salvador Dali, Rene 
Magritte, among others.
Amount: 378 images
Sourced from: Google Image Search

“In my making practice, I intuitively create and 
collects objects that tend to have surrealistic, strange 
shapes. To understand what could be hidden behind 
this urge or implicit attraction, I used an image 
dataset of surrealistic paintings by René Magritte 
and Salvador Dali.”

1. COLLECTING A DATASET
Can fascinations turn into AI worldviews?

Generally put, AI systems are trained to learn from data 
in order to make predictions or to perform a specific, 
predefined task. The process of training an AI system 
involves exposing it to a large dataset of examples in 
which the system tries to establish a pattern. In the case of 
Object Detection models, these examples are collections of 
images with corresponding labels. The AI ‘learns’ visual 
patterns in the training dataset and associates them with 
the labels. Such a model can then be applied to unlabelled 
images where it can ‘recognise’ the labels that may be 
associated with parts of the images. To teach the algorithm 
our own subjective view we started with collecting a 
training dataset that visually represented an important 
fascination in our making practice.  They were collections 
of images of which it could be expected that we definitely 
would have opinions about them, experiences with, or have 
feelings towards that were relevant to us in our own work. 
As the model we used in our explorations was only able to 
recognize separate instances in visual scenes, the images 
in our datasets depicted visual scenes as well. 

In the following section, you can see a selection of our 
training datasets, accompanied with our motivation for 
selecting these types of images, and the specifications of 
the dataset. 

“Collecting a dataset is a tedious task, because you need a lot images. 
However, collecting a bunch of images that fascinate you feels actually 
less tedious, because I really enjoy looking at them. It feels a bit like 
creating an archive of your interests, which I as a designer tend to do 
anyways in my practice, for inspiration” - Vera

Objective Portrait, both to capture how we tried to portray 
our practice through objects, and to provoke the reader 
to reflect on the apparent objectivity of an algorithmic 
interpretation of a portrait.

It is important to mention that our description of AI in the 
context of this research project is confined to the Object 
Detection Model we used, which was YOLOv5 [14], a deep 
learning model in computer vision that is used to detect 
objects in images or videos. This model identifies and 
classifies separate objects that are part of visual scenes. 
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Dataset of Gijs: Gardens of the World Dataset of Maurik: Art in Public Space

Dataset specifications
Images:  Photographs of artworks in public space in Rotterdam
Amount:  120 images 
Sourced from:  Beeldende Kunst & Openbare Ruimte website [2]

“I am a designer whose work aims to give citizens agency over public 
space. I experience conflicting feelings about the way public space is 
designed from a top-down approach, and appreciating public space as free 
commons. I was curious to learn how I actually perceive public space, so I 
used a dataset of art in public space in Rotterdam.”

Dataset specifications
Images:  Photographs of gardens
Amount:  300 images
Sourced from: Gardens of the world [11].

“I am a design researcher and writer. I study human-plant relations, 
looking for modes of care that don’t rely on control. To train my algorithm 
I used an image dataset of gardens, as a garden embodies the tension 
between care (letting things grow) and the control of giving shape.”
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model [26]) that typically have emotional valence (positive/
negative) and arousal (high/low) on orthogonal axes to form 
four quadrants. We discussed the interpretation of our set of 
quadrants by examining a subset of around 10 images from 
the training dataset that we wanted to annotate, and arrived 
at the questions: “does this element in this image pull me in 
or pushes me away?” and “does this element feel ‘warm’ or 
‘cold’?” Based on these questions, we marked the x-axis as 
‘push/pull’ and the y-axis as ‘hot/cold’ (see Figure 1). This 
allowed us to organize specific feelings and judgments we 
had towards the dataset into two sets of opposites, to make 
sure the labels did not overlap. For example, a label like 
“happy” might be too similar with a label like “content”, 
therefore difficult to distinguish when labeling the training 
dataset.  

Then, we tried to give more specific words to those feelings 
of “hot/cold” and “push/pull” roaming those two axes:“How 
would I describe, or label, this feeling?”

PUSH

PULL

HOTCOLD

State-of-the-art object detection models are trained on 
large datasets containing over thousands of images that are 
annotated by human annotators. Data annotation is a process 
in which annotators mark relevant elements in a dataset 
to train models for tasks like recognizing or classifying 
images. To make sure annotation is done relatively quickly, 
multiple annotators are used for this task, as annotation can 
be a tedious and time consuming task. For our exploration, 
however, we were looking to capture the subjective gaze of 
only one person, therefore only one person was involved in 
annotating the machine’s training dataset. 

Only a small dataset allowed for a machine annotation 
workflow that was manageable for one person to execute, 
and facilitated the ‘quick’ prototyping-nature of our 
explorations. We carefully collected and curated the datasets 
ourselves, which gave us a sense of agency, sensibility and 
control over them. Additionally, we needed to strike a 
balance between what the system needed to function (for a 
model to work, it needs a large amount of data) and what was 
manageable for us as annotators to work with. Therefore, 
we held an average of 300 images per dataset.

To teach our personal algorithms something about our 
subjective gaze, we needed to come up with special labels 
to annotate the training dataset with. These labels were 
the prerequisites of what the algorithm would detect, but 
did not describe what ‘objectively’ was to be seen in an 
image. Rather, they were words that captured subjective 
interpretations:, feelings, opinions or judgments that we felt 
when faced with the image.

We limited the amount of labels we each used to four, such 
that every label would still have a reasonable amount of 
instances in such a small dataset. To choose the four labels, 
we used a representation similar to existing two-dimensional 
representations of emotional affect (e.g. Russell’s circumplex 

LABELS:
Vera: 
Uncanny, Teasing, Excessive, Absurd
Gijs: 
Glorious, Filthy, Lonely, Luring
Maurik: 
Creepy, Inviting, Excluding. Stubborn

Figure 1: The quadrant tool to help decide on the 
subjective labels 

2. CHOOSING SUBJECTIVE LABELS:
How to categorize our subjective perspective?

392
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Since the model we used (YOLOv5) is trained on scenes within which it 
identifies objects and features, we had to appreciate each image in our training 
data as a scene as well. To annotate this data, we thus identified parts of these 
‘scenes’ that conveyed or represented one of our predefined labels. To annotate 
the dataset we used Roboflow [10], an online annotation tool that provided us 
with bounding box tools to segment parts of an image and assign our self-
defined labels to them. The coordinates of these labeled bounding boxes could 
then be used to train our personal model. This annotation process did require 
some getting used to. A feeling may arise from a whole image, but annotation 
requires identifying a specific part. To effectively collaborate with the model, 
we had to shift our perspective and adopt this new way of viewing images. 
Vera & Gijs reserved three to four hours per day for a duration of four days to 
fully annotate their dataset. Maurik spent one afternoon for three hours, which 
resulted in a smaller annotated training dataset (124 images) compared to 300 
images each for Vera and Gijs. 

ABSURD

UNCANNY

UNCANNY

TEASING

EXCESSIVE

TEASING

UNCANNY

ABSURD

LURING

FILTHY

LURING

LONELY

LURING LURING

GLORIOUS GLORIOUS
GLORIOUS

GLORIOUS

LONELY

[DESIGNER X]

STUBBORN

STUBBORN

INVITING

INVITING
INVITING

INVITING

EXCLUDING

3. ANNOTATING THE DATASET
How to annotate a fascination?

“I had to appreciate these images as scenes rather than as a single object 
for the algorithm to learn from. It felt unusual to look at an image as a sum of 
parts, rather than a unified whole. However, if it did open up new ways to look 
at the image” - Vera

“After annotating a lot of images intuitively, you gradually start to understand 
what you mean with a visual concept like “uncanny”, for example, which I tend 
to see in all the body parts, or flesh-coloured elements of these images” - Vera

“I realised my perception of a label, like ‘lonely’, changed while I was 
labeling the dataset. I started to enjoy the raked gardens that I first found 
too controlled, therefore lonely.This pushed me into a choice: Do I adhere 
to my pattern so the algorithm learns better, or do I stay true to the fact that 
my judgment changed and label accordingly to that?” - Gijs

393
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Model training
We trained three individual object detection models on 
labels based on our personal interests and fascinations 
(surrealistic art, gardens, and public spaces). The 
object detection models were trained by establishing 
a pattern in pixels between the annotated images and 
their corresponding bounding box annotations. This 
approximately took two hours per model.   

Creating an object portrait
After training the models, we confronted the challenge 
of how we could make them reflect on our own design 
work. Our models were trained to recognise objects 
in an image that resembled respectively a surrealist 
painting, garden, and public space. So instead of 
simply presenting an existing image of our work, 
we chose to create a new artwork/design/image 
specifically for the models to analyze. We crafted an 
image that represented not only our work but also our 
practices, providing the model with a glimpse into 
our creative identity. We created object portraits, 
which were video recordings of still lifes that were 
composed  in a manner consistent with the models’ 
training datasets. Creating these ‘object portraits’ 
was a way for us to portray our practices through 
showcasing our personal objects. We composed these 
object portraits through a process we referred to as 
‘visual linking’, which involved incorporating certain 
stylistic elements from the training dataset into the 
object portraits to capture the visual style of the 
training datasets. We experimented with variations 
in composition and perspective, and recreated indoor 
and outdoor scenarios. 

4. TRAINING AND TESTING THE MODEL
How to start a conversation with a subjective algorithm?

Iteration 1 Iteration 2
Final version Object Portrait - Vera

“I handpicked several images from the training dataset that I considered to be 
“typical” Magrittes, using them as a foundation for the composition choices in 
the Object portrait. Many of these images played with perspective and shadow 
effects. To establish a visual connection, I aimed to replicate those elements within 
my object portrait. Working in a photo studio gave a lot of creative freedom to 
experiment with layering and perspective” - Vera

“My intention was to select 
objects for the object portrait 
that I anticipated the algorithm 
would successfully identify, as 
that would provide a sense of the 
algorithm “working”. Additionally, I 
deliberately chose objects that held 
personal emotional significance for 
me, as I was intrigued to see if the 
algorithm would also recognize 
them as stemming from my own 
fascinations, as I taught that to the 
model” - Vera
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Iteration 1 Iteration 2

Iteration 3 Iteration 4

Final Version Object Portait - Gijs For Maurik’s Object Portrait, we decided to create 

it outdoors since his dataset primarily consisted of 

outdoor images. We carefully chose objects that not 

only reflected Maurik’s style but also had a connection 

to the training dataset, allowing them to harmonize with 

an outdoor setting. - Gijs, Vera & Maurik

Final Version Object Portait - Maurik

“In making the object portrait I 

encountered my own desire for 

control, wanting to plan the whole 

shoot beforehand. How to let go? 

The structure of the painting provided 

an answer. I could plan the different 

layers, but for every layer improvise 

where to place objects” - Gijs

“How to make a garden-like image with my objects? I 

had to think of the isolated creatures in Hieronymous 

Bosch’ Garden of Eden.” - Gijs
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Object Portrait of VeraObject Portait of Gijs Object Portrait of Maurik

Model Testing 
After the model was trained, we used it to 
analyze our object portraits, of which you can 
see screenshots in the images above. The model 
was capable of identifying a significant number 
of objects and assigning the subjective labels to 
them along with a confidence score expressed as 
a number between 0 and 1. This score referred 

to the accuracy of the model’s predictions. It 
indicated how confident the model was that a 
particular object in the image was correctly 
classified and located within a bounding box. 
What does a score of 0.86 luring, then, mean? 
From a technical perspective, a high score meant 
that the object within the bounding box was 
confidently associated with the pattern that the 

model learned from the training dataset. Our 
main question of this research project was not 
about the technical accuracy of the prediction, 
but rather whether the prediction, regardless of 
score, would assist us in reflecting on the objects 
that we had selected. Was this the reflection we 
were looking for? Did we agree with the model’s 
predictions?

“I was left feeling somewhat unsatisfied 

because the model did not recognize 

every object that I had chosen to display. 

This left me with questions: Were the 

objects I selected not truly reflective of 

my assumed fascination? Or perhaps 

the objects simply weren’t surreal 

enough for the model to detect?” - Vera
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DISCUSSION 
With this pictorial we illustrated the process of training 
three individual object detection algorithms based on 
our subjective view, and utilizing these algorithms to 
evaluate our design work. The aim was to use AI as a 
reflection partner and understand the reflective impact 
of teaching our subjective view to a machine. In the 
sections below, we describe the insights we got from 
how our algorithms helped us reflect on our work. 

Reflection is in the annotation rather than only in 
using the AI
Although it was intriguing to see the AI label some of 
the objects in the final composition with probability 
scores (see image 1a and 2a for an example), the 
implications of these predictions alone were unclear. 
The predictions, however, invited us to go back into 
our training datasets and reflect on how we labeled 
them, to understand where the predictions came from. 
Reflecting on the annotation task, we concluded that 
it was challenging to define concepts like “absurd” in 
specific parts of the images. 

absurd

1a 1b

absurd

In the end, Vera realized that she saw all body parts 
(in the context of surrealistic art) as “uncanny” and 
“absurd” representing a visual joke (see image 1b for a 
labeled example from a training dataset). This process 
of ‘teaching’ the machine our subjective associations 
through the labeling of images helped us understand our 
own visual concepts and we started to notice patterns in 
our intuitive association. 

of the annotation task and the difficulty to provide 
technical support for that. Balancing subjectivity 
with technical constraints was something we all as 
annotators experienced. In some cases, a switch was 
made as shown in the ‘lonely/luring’ example, and in 
some cases we aimed to maintain consistency in our 
annotation tasks by adhering closely to the patterns we 
had initially annotated. While this reveals challenges for 
applications that want to capture subjective judgment 
(i.e.  teach a system affective properties in art through 
affective tagging [16] or labeling of intuitive feelings 
obtained by images done by a group of annotators [22]), 
in our case this friction was productive. It helped reflect 
not only on what our judgments were, but exactly when 
they changed.

Creating the Object Portraits evolved into a reflective 
journey of its own.
To create the object portrait, we carefully selected 
objects using several criteria. One basic criterion was 
the technical capabilities of the model to ensure that 
the objects we select could be detected by the model. 
The more important criteria involved our curiosity, our 
attachment to the objects, and the personal connection 
that we as designers may have with the objects. We 
carefully selected objects to portray that represented 
us and to which we felt a strong attachment - whether 
they were objects we had created ourselves or cherished 
items in our collections. We were driven by curiosity, 
wondering if the model would recognize these objects 
as manifestations of the fascinations that served as 

However, as we used the labels repeatedly, following our 
intuition helped us gradually develop an understanding 
of what we meant visually with a concept like “absurd”. 
For instance, Vera could not fully explain what she 
meant by “absurd” at the beginning of the annotation. 
At times, it was experienced as a ‘joke’, which also 
overlapped with the label “teasing.” Gijs considered 
well-raked and organized gardens “lonely” (see image 
2b) and blooming flowers “glorious”. 

2b2a

lonely

Subjective judgment is dynamic while data 
annotation is static
Gijs found his judgment changed during the labeling 
process, initially labeling something “lonely” (see 
image 3a) but later considering it “luring”. This likely 
meant that Gijs started finding the well-raked gardens 
appealing during the annotation task. As the model 
needs a ‘pattern’ to learn from, Gijs had to choose 
between staying consistent for the model, or being 
honest towards his subjective feeling that gradually 
changed without starting over with his annotation 
task. In his case, he chose the second and started to 
label those instances ‘luring’ (see image 3b for an 
example). This resulted in confusion for the model, as 
the pattern became more inconsistent in that category. 

This inner conflict highlights the challenge of 
incorporating the fluid nature of human subjectivity 
in AI model training, as well as the annotator’s sense 
of responsibility, in this case, to instruct the algorithm 
accurately. This issue is also called annotation drift 
[6], a term that acknowledges the variable nature 

3a 3b
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the foundation for our training. Since we had already 
annotated our datasets and had an idea of what the 
model could detect, we intentionally chose objects that 
sparked a question: “What would the AI perceive in 
this object that is intimately connected to me?” This 
curiosity intrigued us. 

For example, Gijs specifically pondered how the model 
would interpret an object that he felt he had created with 
excessive control. If the model’s interpretation differed, 
what would that reveal about Gijs himself - his style, 
fascinations, or even his judgment? It was a thought-
provoking exploration of ourselves through the eyes of 
the AI model.

The model’s predictions about our design work were 
not challenging enough to prompt deep self-reflection
We were not completely satisfied with the results of the 
AI in facilitating self-reflection when it analyzed our 
design work. At times, we understood the AI’s evaluation 
(see 4a), but to truly understand the prediction we had 
to return to the dataset to examine our annotation 
behavior. Perhaps, the potential for the AI-predictions 
to promote self-reflection could be enhanced by 
exploring different labels for annotation. Did we need 
more stimulation or challenge from the AI’s predictions 
to spark that self-reflection we were looking for? Would 
it be more effective if the labels we used for annotation 
were more assertive and expressed strong opinions? 
Instead of relying on emotional judgment, would it be 
more impactful if we utilized opinion-based judgment? 
These questions opened new perspectives for future 
research in using AI for reflective purposes.

FUTURE WORK
In general, our research confirmed a potential for 
leveraging annotation bias in AI for prompting self-
reflection in a design process. This approach shed 
light on the subjective judgment we brought into our 
design projects. Annotation bias is a well-known side-

effect of data annotation, and refers to the biased 
representation of data in the annotation process [4], due 
to human annotators basing their annotation decisions, 
consciously or unconsciously on implicit stereotypes. 
As data collection and annotation comes from human 
processes, it will inevitably create a biased, subjective 
training dataset [9]. This can affect AI model 
performance, leading to unfair or incorrect predictions 
(e.g. [3, 15]). Looking at our research, however, we 
seemed to have leveraged annotation bias to preserve 
subjective judgment as much as possible. Our focus 
was on individual designers’ personal reflections, so 
we devised a process that encouraged finding the most 
subjective labels.

The absence of a ‘ground truth’ for our data meant 
that there was no relevance for annotation agreement 
[19] with other annotators to justify if our labels were 
‘correctly annotated’. Instead, our detection models 
were set up to reflect what we intuitively felt and 
perceived during the annotation task. Acknowledging 
and recognizing this subjectivity of emotional concepts 
and exploring that in subjectively trained models could 
be an exciting direction for future research. 

Additionally, this pictorial presents a novel approach 
for designers to engage with AI, acknowledging the 
rapid development of AI technologies and the need 

4a

for designers and researchers to respond to them. 
We expected an intentional ‘slowing down’ of the 
interaction with an AI model, fostering self-reflection 
among designers by highlighting the annotation 
process of an object detection model. While limited 
self-reflection was experienced through the interaction 
with the AI model, we recognized the significance of 
the training process - i.e. the image annotation. The 
training process prompted us to pause and contemplate 
the future collaborations between AI and designers. 

Consequently, this work has opened up a promising 
research direction for the future: integrating AI training 
into designers’ processes and exploring qualitative 
methodologies for investigating AI in design and 
creative endeavors. As such, the project also highlights 
the current limitation of generative AI models, whose 
ostensibly simple interfaces belie  the complexity of 
their inner workings, hindering users from accessing 
and understanding the datasets they are trained on. In 
response, the addition of data collection and annotation 
to a designer’s process holds promise. This approach 
allows designers to gain insights into working with AI 
systems, while offering a method for reflecting on their 
own fascinations and interests.
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