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ABSTRACT 
There is much research interest recently in elucidating the 
often termed “black box” nature of Artificial Intelligence 
(AI). Many different mediums have been used to help users 
understand AI systems from algorithms to comic strips. 
Visual languages have been used effectively in other 
disciplines from biology to architecture and engineering 
design, highlighting the potential for an AI visual language. 
This study utilises input from both AI experts and non-
experts through interviews and a sketching workshop to 
highlight the initial underpinnings for a sketch-based AI 
visual language to help mediate conversations about AI, 
moving from the focus of deep understanding previously 
sought in Explainable AI. Results found themes such as the 
use of real-world analogies, creative embellishments, 
anthropomorphism, visuals broad uses and the usefulness of 
diagrams within AI. These are discussed alongside their 
potential in future design considerations in a sketch-based AI 
visual language.  
Author Keywords 
Artificial Intelligence; Explainable AI; Visual Language; 
Sketching; User-centred; Conversations.   
MSc Contribution Type 
Empirical. 
1. INTRODUCTION 
There is much empirical interest surrounding Artificial 
Intelligence (AI) and its seemingly infinite applications that 
will change our everyday lives [21]. Additionally, within AI 
there are many different sub-divisions such as Machine 
Learning (ML) and Neural Networks which all pose their 
own research exploration. Similarly, a growing body of 
research has been developing alongside this looking to 
elucidate the often termed ‘black box’ nature of AI for users 
and global audiences [1]. Furthermore, the pervasiveness of 

AI in everyday life is making understanding such systems 
ever more important [21]. This has given rise to Explainable 
AI (XAI), which explores how to explain complex aspects of 
AI- such as ML algorithms- allowing everyday users to 
understand, work with and control them, ultimately 
providing transparency and accountability [16]. However, 
this is a contested research area due to diverging perspectives 
on what constitutes an effective explanation [20]. There are 
many facets to devising an effective explanation and- whilst 
no formal definition exists- research has tried to highlight 
key elements such as completeness and robustness [18]. 
Furthermore, XAI researchers have taken different 
methodologies to explain AI to users, though most have 
focused on algorithmic-centred explanations which meet 
their own criticisms. Issues such as not being an effective 
explanation for lay users with no previous AI understanding 
often arise [18]. Other XAI applications have instead tried to 
utilise a user-centred approach looking to explain AI in lay 
terms with non-mathematical/algorithmic explanations 
ranging from comics to Q&As [16, 18, 25, 27].  

As mentioned, often the explanations devised for explaining 
AI- such as how a ML algorithm came to its prediction- 
revolve around using another algorithm [16]. This has led to 
an effort in XAI to try to move away from this medium 
towards more user-friendly measures [29]. One possible 
medium for this is a visual language explanation. Rapid 
sketching is cited as one of the simplest, easiest, and most 
effective ways to explain information [14, 31]. Visual 
languages are all around us and have been utilised within 
other fields to effect, such as in engineering and biology [8, 
31].  

Research Focus 
This study focuses on researching the basis for a user-centred 
exploration of a sketch-based visual language for AI to help 
mediate conversations around AI. The focus is thus not on 
gaining a full understanding of an AI concept or model 
through this visual language, but rather providing a new 
medium in the form of visuals to help people converse on 
key AI concepts. Importantly and somewhat novel in the 
area, this includes non-technical aspects such as ethics and 
bias that often pervade the field also alongside traditional AI 
concepts such as ML or neural networks.  

We ran this study in two parts, one involving semi-structured 
interviews with three AI experts to discuss their experiences 
of visuals as well as demonstrating visuals they had used or 
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seen in their field. Subsequently, a sketching workshop 
involving a group of four experienced rapid sketchers was 
run to create visual representations of key AI terms and a 
flow diagram of a short video explaining computer vision. 
We aimed to find themes arising from both AI experts and 
non-experts in the design of visuals within AI and how these 
can inform the design of a sketch-based AI visual language.  

Our main findings were the broad applications of visuals 
within the expert AI community, the usefulness of real-world 
analogies and anthropomorphism in visual representations 
for non-experts and how iconography can be utilised in a 
visual language for conversations about AI. Of particular 
interest, was how participants in the interviews discussed 
themes that also arose in the sketching workshop with non-
experts. For example, real-world analogies and embellishing 
high-level AI diagrams seemed to bridge a particular gap 
between the understanding of the two backgrounds as they 
were understandable with limited knowledge. Moreover, 
diagrams arose as the most common and popular form of 
visual representation among AI experts and Part 2 of the 
sketching workshop highlighted the potential for icon-hybrid 
diagrams in sketching visual representations of AI systems 
for use in conversations around AI with minimal background 
AI knowledge. These findings are summarised, and future 
design considerations are highlighted and discussed.  
2. LITERATURE REVIEW 
An exploration of related work was conducted and is 
outlined including; defining visual language, laying the 
grounds for a sketch-based visual language, outlining 
previous work within XAI and elucidating the differences 
between understanding versus conversation in XAI.  

Defining Visual Language 
There is no universally agreed upon definition of precisely 
what a visual language is within the community. However, 
Erwig et al [10] tried to synthesise both previous definitions 
and visual language research to achieve more clarity in the 
field. They demonstrated how some definitions focused on 
the symbolic aspect of visual languages: “a visual language 
consists of a set of symbols that are, in general, related by 
several relationships”. Whilst others took a broader 
approach: “a pictorial representation of conceptual entities 
and operations and is essentially a tool through which users 
compose visual sentences…visual languages refer to any 
kinds [of] non-textual but visible human communication 
medias, including art, images, sign languages, maps, and 
charts, to name a few” [10]. In terms of this current project, 
visual language can be defined largely following these 
definitions: visual representations of AI systems to help users 
converse about elements of AI.  

Visual languages have been used in disciplines to varying 
degrees, with some exploring highly complex systems such 
as in biology to create adaptable visual languages to provide 
a vocabulary that can be strung together in many different 
forms [8]. Conversely, within AI there is very limited 
empirical research in this area with a wide variety of 

‘degrees’ in the visual representations. For example, the 
highly complex and detailed visualisation of the anatomy of 
AI systems by Crawford and Joler [9], to the minimalist icon 
representations created by Noun Project and Essence [27]. 
Poignantly, an article by researchers at the BBC highlighted 
the lack of simple but accurate imagery within AI, they 
themselves are working to form more accurate icon-style 
representations of AI to be used in discourse surrounding the 
subject [12]. Thus, this is a ripe research area that is missing 
in-depth research and understanding as to the full capabilities 
for a visual language within AI. Of pertinence in this study, 
the ability for such a language to be both simple through the 
form of sketching and to enable useful discussions 
surrounding key aspects of AI that are becoming ever more 
prevalent in our everyday lives. 

Sketch-based Visual Language 
A key purpose for visual representations is to make complex 
systems understandable, perhaps where written word or 
speech is not effective enough [6]. Contrasting to the visual 
languages outlined above, a common technique for this is 
rapid sketching using pen and paper [28]. Sketching has 
many uses from communication (both internally and 
externally), as a form of distributed cognition, an aid to 
memory load, exploration, design and to simply 
understanding something better [14, 24]. Thus, sketching is 
a highly adaptive and flexible mode of visual language that 
seems fitting for exploring AI systems for everyday users 
where the key is to converse easily about a system.  

Interestingly, sketching has not been largely employed to 
explain AI yet, thus providing a ripe area for research 
generation. One example of using sketches to represent 
complex computational systems is Hendry’s [14] research 
where 232 University students sketched how a search engine 
operated.  Hendry received a wide range of sketches, from 
very basic to highly detailed representations and syphoned 
similarities used when describing an algorithmic process. He 
gives examples such as “containers” which are shapes being 
regularly used to symbolize aspects in the system and can 
vary between “organic shapes” to geometric shapes such as 
rectangles representing the Internet or data respectively. This 
research demonstrates how sketches can be used to represent 
computational processes to everyday audiences, thus 
providing insight into how such a technique could be utilized 
to create a sketch-based visual language for AI systems. As 
such, this formed a basis for possible research methods to be 
used in this present study. Furthermore, it highlights the ease 
with which rapid sketching can be used to a wide audience, 
a crucial consideration when generating a visual language to 
mediate conversations about a topic.  

XAI Key Elements and Strategies 
XAI research is experiencing exponential growth within its 
sub-division of AI [21] and- as outlined in the introduction- 
there are many differing approaches to creating and 
designing XAI as well as what constitutes an effective 
explanation. Initial research focused on algorithm-centric 
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explanations that were generated by the researchers creating 
them and deemed effective by themselves [20]. However, as 
highlighted by Miller [20], most of this work relied on the 
researchers’ “intuition” as to what constituted a “good 
explanation” with little grounding in human understanding. 
Furthermore, there can be seen to be different branches 
within XAI, with those focusing on algorithm-based 
explanations and those focusing on user-centered interaction 
design explanations.  

A common issue within the field is there is no set standard 
defining the elements of an effective or good explanation as 
well as how to evaluate an explanation [13, 20, 29]. As such, 
recent XAI work has focused on defining parameters and 
strategies for an effective explanation of AI [29]. Given that 
a common criticism of existing XAI is that it is not grounded 
in any existing theory or research within human 
understanding or psychology, Wang et al [29] set to right 
this. They drew from an extensive literature review of 
cognitive psychology, philosophy, and decision-making 
theories to establish how people reason, make decisions, and 
seek explanations, alongside the cognitive factors that bias 
or compromise decision-making. They proposed a theory-
driven, user-centric XAI framework that focused on the 
differentiation between how people should reason and 
explain versus how they actually reason which involves 
errors/bias and subsequently using this to inform how XAI 
generates explanations and how it supports the mitigation of 
errors and/or bias. Similarly, Miller [20] took inspiration 
from human-human explanations to inform human-computer 
explanation strategies for XAI. Miller focused on how the 
primary goal of much of XAI is increasing transparency and 
trust with an AI agent/system. This is true for a wide range 
of AI systems from justifying autonomous agent behaviour 
[19] to explaining medical decision-making [15].  

Miller argued from his review of social science research, for 
four key elements in human explanation research and 
findings which should influence how XAI is designed. 
Firstly, explanations are “contrastive” as people prefer to 
understand why X happened instead of Y. Secondly, the 
influence of bias, in that we are selective based on our 
cognitive biases which explanations we pick even if there are 
multiple. Thirdly, causes are prioritized over probabilities or 
statistical relationships. Finally, explanations are a social 
phenomenon; they are part of a conversation or interaction. 
Overall, Miller also highlighted how explanations must take 
into consideration their context, as people are often only 
interested in understanding what is relevant to their situation 
currently. As such, Miller highlighted three main points that 
should be part of XAI; a focus on the small subset of 
explanations that are relevant to the context of use, a subset 
of explanations should be selected, and that interaction 
surrounding these is a crucial element. This was poignant for 
this present research, as it highlights the interest and need for 
critical discourse around AI and should be a key element to 
XAI. Whilst in this case, it was refereeing to the 
understanding of an AI system, this is clearly also an element 

in the research of conversation. Furthermore, Miller did not 
recommend what mediums be used for this and thus this 
study aims to demonstrate the plausibility of a sketch-based 
visual language.  
 
Overall, whilst there is still not a definitive set of key 
strategies/elements that classify effective or good 
explanations in XAI, there appears to be some consensus 
among researchers in recent findings. Important elements 
include the context of the explanation, mitigating errors and 
bias as well as being selective. Poignantly, it appears making 
informed designs from what is known in human-human 
explanations is an important consideration. As Miller [20] 
highlighted, explanation is a social phenomenon, as it 
happens as part of a conversation between two (or more) 
agents.  Importantly, a common aspect of learning and 
understanding is a conversation [2]. As such, this can be seen 
as a non-individual task. Kou and Gui [16] highlight in their 
novel research, that XAI must move away from seeing 
understanding mechanics for AI on the individual level, but 
rather as a social task, conducted with others. In their 
research, they investigated how players of a game (League 
of Legends) rationalized and tried to understand the decisions 
made by the AI chat regulator. Often, players were confused 
as to why the AI regulator had made a particular decision and 
so they would discuss it in chat rooms. Their research 
highlighted how understanding is often a social task and how 
we can use discussions with others to understand a particular 
AI agent or model. These findings are important for this 
research as they highlight an important oversight in previous 
XAI work; the focus on the discourse surround AI and the 
social aspect of this and not just understanding through one 
medium individually.  
 
Understanding versus Conversation 
As demonstrated, a primary goal of much of XAI is for the 
user/individual to understand the AI agent or model. 
However, there is much variation in the depth of 
understanding (full or surface level) among work in XAI 
[30]. Indeed, an important aspect is the discussion versus 
conversations debate around AI. Whilst these may not 
achieve a deep understanding, as Kou and Gui [16] 
demonstrate, people can still rationalise or glean some 
understanding of an AI system through simple conversations. 
This posed a key question which formed the basis for this 
current research, moving away from understanding XAI 
towards facilitating and/or mediating conversations about 
AI. Indeed, there is much work within psychology, sociology 
and even interaction design on conversations [23] which 
integrate theories such as Pask’s Conversation Theory [23]. 
Much of this work highlights how important conversations 
or discussions can be in life.  

One of the areas with the most research interest is 
conversation in learning [2, 23]. Research has highlighted 
how conversations facilitate learning and understanding in 
an educational context [11]. As such, it seems an interesting 
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area of pursuit for AI understanding and whilst the goal of 
this present research is not for people to gain a deep or 
informed understanding of AI, it highlights the first step in 
facilitating conversations about AI. In Pask’s Conversation 
Theory, he discussed the elements of a conversation 
including the context, language, exchange, agreement and 
transaction [23]. Thus, in this work we focused on the initial 
stages, i.e. the step of language that comes before and 
initiates the exchange. Language is thus a crucial element in 
conversation (it cannot occur without it) but- as discussed- 
can come in many forms other than verbal or written word, 
it can also come in the form of visual language. Therefore, it 
seemed natural that in pursuing discussion in AI, visual 
language would be an excellent facilitator for this.  

Thus, we conducted a study to qualitatively research the 
basis for a sketch-based AI visual language to help mediate 
conversations about AI. In the interest of being a user-
centred visual language, AI experts and non-experts were 
used as participants to understand the differences and 
similarities between the two. This report will outline the 
research carried out that forms a basis for the underlying 
principles of a sketch-based AI visual language. 
3. METHODS 
As mentioned, the study was divided into two parts, firstly 
focusing on interviews with AI experts. This was to both 
understand what visuals were commonly used and favoured 
among experts to contrast to the non-experts in the second 
part, and to discuss their experience and use of visuals.  

Design 
This was a qualitative study using semi-structured interviews 
with a plan of questions and prompts that were deviated from 
based on participant responses. We wanted to gain a deeper 
understanding of visuals within the expert AI field to ensure 
a user-centred approach to exploring an AI visual language. 
The researchers do not come from an advanced AI 
background; thus this was a crucial element to understand 
both sides of the AI background between expert and lay 
audiences. 

Participants 
Three participants, (2 male, 1 female) took part in the semi-
structured interviews. Participant’s age was not taken but all 
were above 18 years old and were studying or had studied AI 
at a Masters or PhD level. All came from various 
backgrounds in AI, ranging from natural language 
processing, security of ML algorithms and episode machine 
learning to computer vision and medical imaging diagnosis. 
All participants received a £20 Amazon voucher as 
renumeration for participating.  

Materials 
Interviews were conducted remotely via Zoom by a laptop 
due to COVID-19 with audio and video on. The interview 
plan contained questions with a loose structure focusing on 
key elements such as personal work/experience with visuals, 
witnessed visuals from readings, conferences and lectures 

and sharing practices. All questions had prompts to 
investigate potential responses deeper and asked the 
interviewee to create a representation of visuals they had 
used or seen at various intervals (see Appendix 1). A4 paper 
and pens were used for participant’s sketching. Given that 
digital drawing tools can be difficult to use such as on a tablet 
or laptop- and participants may not have access to this- pen 
and paper was the ideal material. Sketches were held up to 
cameras on laptops/desktops and then recorded in the Zoom 
video. Screenshots of these were then taken from the 
recording and anonymised alongside the audio transcription.  

Procedure 
Participants were given a Zoom link to join the individual 
interviews. Sessions were recorded. Firstly, participants 
were given a brief introduction to the study explaining the 
focus of visuals in their personal work in AI. The term 
‘visuals’ was defined to interviewees as any form that was 
not a body of text, thus including; photos, sketches, 
diagrams, small annotations, etc. They were also reminded 
that they did not have to answer any questions if they did not 
want to and to have pen and paper to hand. To start the 
interview, they were asked about their personal experience 
and background in AI, such as what they had done and what 
was their area of expertise. From this, questions were asked 
delving into their use of visuals in their personal work, study, 
and readings. At points, they were asked to create physical 
representations of these or what they would use in a 
hypothetical scenario. These were rapid sketches to 
demonstrate the basics of visuals they had used and/or seen 
and not detailed representations. The questions then focused 
on visuals they had witnessed in readings, lectures and 
conferences and delved into their views of them, use, 
structure, etc. They were asked to create representations of 
these also. Participants were then asked questions focusing 
on how visuals had influenced their work and what made an 
influential visual for them. The interview then focused on 
sharing behaviour with visuals they had mentioned, such as 
if/how these were shared among peers, displayed in 
classrooms or whiteboards, etc. Finally, participants were 
thanked for their time and the Zoom was ended. Audio was 
transcribed and screenshots were taken and anonymised of 
sketches they had created during the interview. All 
interviews lasted roughly 45minutes.  
4. ANALYSIS 
The audio transcript was taken from the interviews alongside 
the sketch screenshots and used for conducting a qualitative 
thematic analysis on. This form of analysis was chosen based 
on criteria from Braun and Clarke’s [5] outlines for thematic 
analysis on qualitative data; particularly from semi-structure 
interviews and to try to understand the underlying themes in 
the transcripts. Much was covered in the interviews, so to 
summarise the three different perspectives (as well as the 
differences) a thematic analysis to establish key themes that 
encompassed the most of the interviews was chosen.  
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After familiarisation with the transcripts, they were read 
through several times to establish a coding scheme. This was 
based on repetitive elements that were seen throughout each 
transcript. These codes can be seen in Appendix 2 along with 
their descriptions. Codes encompassed a wide range of 
recuring elements including; personal use, witnessed use, 
positive influence, negative influence, visual properties, 
sharing behaviour and efficacy of visual. These were 
purposefully broad to enable an understanding of similar and 
different elements within the transcripts. For example, 
personal use encompassed a range of uses from memory 
aiding, understanding or for sharing (see Figure 1). As seen 
in Figure 1, the different instances of a code- as mentioned 
in the example- were recording to understand more of the 
detail alongside the overarching perspective.  

 
Figure 1. Affinity diagram of codes. 

These codes then developed over further analysis to form the 
themes (see Figure 2). Codes were grouped together that 
related to one another such as positive and negative influence 
and witnessed and personal use. However, some overlapped 
in the nuances of the broad codes. For example, personal use 
and positive influence had a strong interactional relationship 
as they seemed to merge. For example, using a visual for its 
memorability (personal use) but this subsequently also 
created a positive influence (memory aid). Similarly, 
negative influence, positive influence, and efficacy of visual 
were heavily related given that they all seemed to contribute 
to how well (or not) a visual was regarded. Furthermore, the 
witnessed use was related to these in that this could help 
determine the efficacy of the visual for its purpose. As such 
these codes were grouped together and given the title of 
“Efficacy of Use”. The code of visual properties did not seem 
to fit in with the other codes as tightly but was related to the 

efficacy of the visuals but in a distinctly sub-theme of a form 
of visual language that was established through the 
interviews. Whilst related to the efficacy of the visuals, it is 
it’s own theme in itself.  

 
Figure 2. Affinity diagram of codes in themes. 

Three key themes were developed as seen in Figure 2, 
encompassing the codes found and these will be detailed in 
the results. It should be noted however, that overall, there 
was mainly a focus on diagram/flow type visuals as these 
were the main visuals used within the field and thus the 
themes centre around simple diagram-type visualisations and 
are thus not generalised to visuals as a whole.  
5. FINDINGS 
Broad Application of Visuals 
All interviewees discussed the varying uses of visuals and 
the elements that made these both positive and negative. 
Interviewees stated how visuals within AI (often ones they 
had read in papers or seen in conferences) helped in making 
model-driven AI concepts more “memorable” (I1). One 
interviewee discussed how, when reading papers detailing a 
model-driven algorithm, there were often simple flow 
diagrams providing the over-arching architecture that was 
written about. Indeed, this was what they often looked to first 
before fully reading the paper to get an initial higher-level 
understanding before delving into the details.  

“If I want to read the paper very quickly, if I want to get just 
the main idea, I go first to the figures” I3. 

As such, these visuals were often simplified versions of the 
model being reported on with minimal text and a short 
caption that could be taken as a standalone basic explanation 
without the need for the text of the paper (though this is 
necessary for a deeper understanding). They also outlined 
how these diagrams helped them to remember the model and 
paper as it was the most memorable aspect of the paper when 
recalled and thus essential for the memorability and 
understanding of the paper. See Figure 3 for examples of 
these diagrams that the interviewees rapidly sketched. 
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“I think they are very useful very, very useful almost 
necessary, in my opinion, in order to bring across what we 
are actually doing, and so I think visuals- even in natural 
language processing- are super helpful when I read other 
papers or listen to talks” I2.  

 
Figure 3. Rapid sketches by interviewees of visuals seen in AI 

literature. 

Furthermore, another interviewee highlighted a further 
aspect to the broad use of visuals within AI; as a form of 
creative expression. They detailed how what added to the 
memorability of some of the visuals in articles they had seen 
were embellished diagrams that were highly creative. Whilst 
the underlying concept was the same, embellishments as 
seen in Figure 4 (which were from papers shared by the 
interviewee), helped to make the information “less dry” and 
they were “encouraged” to do so to make their visuals “eye-
catching” and “really creative”, “interesting” and “really 
funny” (I2).  

People tend to be very creative, which is nice, because it 
makes things more memorable and more interesting to read 
and not as dry” I2. 

 
Figure 4.  Variation of visuals in papers shared by I2. a) [22], 

c) [4], d) [17]. 

Moreover, such embellishments as seen in Figure 4, are 
intended for an advanced AI audience, i.e. those studying at 
a high-level of in the field, in this case in NLP. Therefore, 
such creative flourishes added to the visuals made them more 
engaging whilst not diminishing the intelligence of the 
audience reached.  

“I'm always encouraged to visualize a visual as much as 
possible and make them as interesting as possible as well just 
to make something which is eye catching which pretty much 
underlines the message of the paper in a nice way” I2. 

However, the interviewee noted how such visuals were still 
unusual within the literature, though they believed it was 
perhaps being seen more. Furthermore, these embellished 
visuals were received positively within the AI community 
from peers they knew, and their “unconventional” nature 
aided their memorability. 

“I have a feeling that the community is pretty easy and pretty 
welcoming of those things that are more creative…I also saw 
that people were sketching posters for conferences” I2.  

Additionally, they discussed how such creative visuals could 
help to spark more interest in the AI field. They discussed 
the broad range in visuals that can be seen in AI papers. 

“You see everything, I guess, some really good ones to ones 
that are really confusing” I2. 

Figure 4 shows the paper visuals shared in the interview, 
demonstrating the sliding scale of visuals they had seen, 
although all are for those studying AI at an advanced level. 
Poignantly, this also highlighted what may perhaps inhibit 
the engagement of visuals within the AI literature. Whilst 
such visuals (Figure 4a) are complex by necessity, they are 
perhaps not suited for introductory needs. Indeed, such 
embellished visuals (Figure 4c and d) with increased colour 
and humour- that goes beyond the necessity of the image- is 
something that has been a topic of much discussion and 
research within the data visualisation field also [3] and 
perhaps highlights an avenue within the AI field. Thus, this 
highlighted not only a novel use of traditional flow diagram 
visuals, but the broad application of them. Whilst the visuals 
demonstrated by the interviewee were for an advanced 
audience, perhaps they can at least be partially understood by 
lay audiences due to the embellishments. 

Efficacy of Visuals 
Participants discussed what constituted effective visuals 
within AI based on what they had seen and used themselves. 
As an expert audience, they understand the elements used in 
such visuals in high detail. One interviewee highlighted how 
many visuals were quite small with minimal text often due 
to page limit constraints when submitting a paper to a journal 
etc. 

“It's mainly about space considerations that I'm worried 
about...weight of the arrows shouldn't be too small, it 
shouldn't be too big, and those kinds of things” I2.  

The bulk of text is the more focused on the detail of the 
proposed model for example, and so the visuals within the 
paper are focused on a simplified, higher-level understanding 
of the paper’s concepts. For example, they demonstrated a 
basic NLP model, and this pattern is often the extent of detail 
in such papers (see Figure 5). 
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“You usually use some of these kind of illustrated diagrams 
to just to try to illustrate what we do” I2. 

 
Figure 5. I2 rapid sketch of basic NLP model found in AI 

literature. 

Similarly, another interviewee demonstrated a very similar 
style of visuals as seen in computer vision and for medical-
imaging diagnoses papers (see Figure 6). They also 
highlighted how such visuals were “much better than 
verbally explaining it” (I3). Whilst these are standalone 
visuals, they highlighted how the text is needed to understand 
the deeper level of the paper. As such, it is interesting to 
consider the goal of the visual if it is not to demonstrate the 
in-depth aspect of the paper and is limited to a certain size. 
This demonstrates the efficacy of visuals in AI literature, in 
that they are not measured in terms of the depth of 
understanding in relation to the main body of text of the 
paper, but rather as a condensed and simplified visual of the 
general model/topic area in a small size.  

“My supervisor told me that the figures, the good figures, 
should be able to explain the whole paper” I3. 

 
Figure 6. I3 rapid sketches of basic model found in AI 

literature. 

“I noticed that almost every paper has some sort of 
illustration, every paper that I read has some sort of very 
easy to understand depiction of what they do” I2. 

This theme of efficacy raises an important consideration 
related to the above theme of broader application as the 
creative embellishments on the visuals cannot distract from 
the overall effectiveness of the visual. Though if 
memorability and intrigue is being considered in its efficacy, 
then such creative expressions seem to be highly rewarding 
for efficacy as highlighted by I2.  

Visual Language of Diagram Visuals 
Most visuals participants discussed were diagram-style 
visuals and were highly condensed to fit page limits and to 
gain the basic understanding of a model’s architecture. As 
such, these were almost icon-like in their elements, using 
often very similar, repeated, elements such as squares, 
arrows etc, in a small space with no text. Thus, demonstrating 
a visual language for such diagrams as can be seen in the 
interviewees’ similar sketches in Figure 3. Visuals also 
tended to follow a step-by-step visual flow with elements 
pertinent highlighted.  

“In almost every deep learning paper that proposes a new 
architecture, you will find this form of diagram” I3. 

“These kind of AI papers they explained, like the process of 
like step one step two step three” I1. 

Both I1 and I3 talked through their sketches and highlighted 
elements when explaining. Whilst verbal explanation is 
limited in a paper, the use of highlighting as a visual 
language for engaging the reader in each step formed a non-
verbal guidance of the diagram. 

“Step by step, because they maybe, they use the same picture, 
but they will use different marks in that picture to show the 
steps, so I think most of them are very clear to show this” I1. 

Often simplified representations were used as a recuring 
theme to highlight certain elements as seen in Figure 7. These 
elements suggest a basic visual language within the field for 
diagrams and highlight some key factors for consideration 
with these types of visuals particularly when we consider 
such visuals for lay audiences. 

 
Figure 7. I1 demonstrating highlighting techniques found in 

visuals in AI literature. 
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Summary of Interviews 
Overall, these three themes encompass much of the 
interviews and demonstrate some key elements to visuals in 
AI literature as well as potential design considerations. 
Interestingly, many of the visuals sketched and discussed 
were high-level summaries of models that did not seem 
overly complex (though still required background AI 
knowledge). This also highlighted how establishing basic 
visual representations for key AI terms could be integrated 
into these diagrams to create something more friendly to a 
lay audience. As highlighted by I2, these are already 
beginning in the form of creative embellished visuals using 
alternative designs to a written word diagram. Thus, the 
second part of this study using the sketching workshop could 
help to realise more lay-audience friendly visuals in key AI 
vocabulary that could be integrated with these simplified 
diagrams. 
6. METHODS 
The second part of this study utilised a sketching workshop 
with non-experts in AI to contrast to and find common 
ground with the experts. As conversations around AI can 
involve individuals from a variety of knowledge 
backgrounds, it was crucial to also consider how a lay 
audience would visually represent technical and AI-related 
concepts. Throughout this study, a level of understanding of 
AI models and concepts was gained by the researchers, thus 
using participants with limited-to-no AI knowledge helped 
to avoid this influencing any sketch designs and to explore 
the differences between participants on what resonated with 
them.  

Design  
A within-subjects design was used with all participants 
completing all parts of the workshop. The sketching 
workshop was divided into 2 parts. Part 1 had 27 key AI 
terms and Part 2 involved a short six minute 24 second video 
that described computer vision. This was to both explore 
visual representations of AI elements (both Part 1 and 2) and 
to explore how these could be used in combinations to 
explain a model holistically as opposed to just one key term 
(Part 2). These participants had limited AI knowledge, thus 
this also served to demonstrate how simple sketches could be 
used to visual represent an AI system from lay audiences, a 
crucial element in conversations around AI.  

Participants 
Four participants (all female) took part in the sketching 
workshop. Participant’s age was not taken but all were above 
18 years old and were on the UCL Human-Computer 
Interaction MSc course. All participants were considered 
non-beginner sketchers as they had completed the Interaction 
Design module as part of their education. None had advanced 
knowledge of AI, which was considered as below Masters 
level education in AI and/or no professional experience. All 
participants received a £20 Amazon voucher as renumeration 
for participating.  
 

Materials 
The workshop was conducted remotely via a group Zoom 
call with audio and video turned on. A4 pen and paper was 
used for three of the participants and an iPad with stylus was 
used for one participant. Whatever they felt most 
comfortable rapidly sketching with and had to hand at home 
was used. The key terms list used can be found in Appendix 
3 and Figure 8 shows how this list was devised. Throughout 
the initial literature review and research into the AI field, key 
AI terms were culminated on post-its. These were then put 
into a 2x2 matrix as seen in the Figure based on their 
technicality level and its specificity. 27 terms were then 
taken (to avoid the study running too long) that encompassed 
a range of these, with too technical terms excluded such as 
“Temporal Difference Learning” and “Back Propagation”. 
These were deemed too technical for non-expert participants 
to rapidly sketch and would not be used in an initial 
conversation around AI. 

 
Figure 8. Formation of key words list using 2x2 matrix. 

The video shown to participants was found from YouTube 
[7] and explained the basics of how computer vision worked. 
It summarised how standard algorithms transitionally used in 
programming were not sufficient for computer vision given 
not all images conformed to the same rules. It then 
demonstrated how a basic neural network and machine 
learning could be used to identify and label images such as 
of dogs and cats. However, the video also briefly mentioned 
the issues and errors still made by such networks when 
identifying images and were misclassified as a result. 
Finally, it iterated on the importance of computer vision 
within AI for a variety of tasks including making self-driving 
cars that need to accurately identify objects and such in the 
road.   

Procedure 
Participants were given a Zoom link to all join 
simultaneously during a one-hour time slot with video and 
audio on and recording. Firstly, participants were introduced 
to the overall structure of the workshop, explaining that it 
would consist of two parts. Part 1 involved rapid sketching 
in 60 seconds of 27 AI key terms and Part 2 involved 
watching a short video explaining an element of AI and then 
sketching their take from it. They were told that no previous 
AI knowledge was expected, and they did not have to stick 
to AI related sketches. If they did not understand a particular 



 9 

term or know what it meant, to simply draw what made sense 
to them as a visual representation of that term. Each term was 
read aloud twice and then the 60 seconds was started to 
sketch one or multiple visuals for that term. These were then 
held up to the camera for recording purposes. Then the next 
term was read aloud and so on. The brief for Part 2 was then 
read to participants explaining how they would be watching 
a six-minute video explaining computer vision and how it 
works. It was explained that they did not have to memorise 
any of the video or understand it all in depth, but that after 
watching it, they would have 10 minutes to sketch their take 
from the video. They were free to draw either on a specific 
section of the video or the overall explanation, but the key 
was to sketch more than one element and connect them in 
some way, i.e. a series of related sketches. The video was 
then played via shared screen and audio on Zoom. Once this 
was done, the 10 minutes started. Finally, all sketches were 
help up to the camera for recoding. Participants were thanked 
for their time. Screenshots were taken of all sketches and 
anonymised with no faces in the image.   
7. ANALYSIS 
A qualitative approach was taken to analyse the sketches 
from the workshop. Given there is no official theory/practice 
for the analysis of sketches, a mixed approach was taken 
based on the researchers’ literature review and personal 
experience. Particular influence was taken from Hendry’s 
[14] research on student sketches, namely identifying 
similarities and differences among sketches and categorising 
these. Each sketch for both Part 1 and Part 2 of the workshop 
was annotated identifying key elements such as use of a real-
world analogy, human-like characteristics, deeper 
understanding, and use of arrows/flow diagrams. Unlike with 
the interviews, these were not grouped together in a uniform 
manner, but rather elements that consistently arose and 
‘dominated’ the visual representation were chosen for key 
themes. Annotated examples will be shown in the Findings 
section.  Whilst every annotated sketch will not be included 
as this would require too much space, representative example 
sketches are used to demonstrate examples of the themes 
found. However, Figure 9 shows every sketch for the key 
terms by each participant.  

 
Figure 9. Thumbnails of all sketches from Part 1 of the 

workshop. 

8. FINDINGS 
Iconography 
Contrastingly to the interviews with AI experts, those in the 
sketching workshop with limited-to-no AI knowledge very 
rarely drew diagrams and instead tended to stick to a more 
‘icon’ style of visual representation (in Part 1). Participants 
created icon-like sketches as seen in Figure 9 demonstrating 
all visuals for both the key terms and video (see Figure 10). 
P1 did not want to re-draw any images and decided to show 
all the sketches from Part 1 in an order, as such, these were 
not considered connected sketches as asked for Part 2 and so 
were not used for analysis. Particularly, for the AI terms, 
standalone sketches or two sketches next to each other with 
no connectors such as arrows between were often used for a 
succinct summary of the key term. Similarly, in Part 2, whilst 
connectors were put in (as asked) each element was quite 
iconlike (see Figure 10). Furthermore, as highlighted 
previously, higher-level visuals that provided a basic 
summary of a model/architecture were most common 
practice among the AI experts. However, these become more 
abstract and ambiguous from the sketchers in the workshop, 
presumably due to a more abstract understanding of AI key 
terms. Often ambiguous visual representations were 
provided for demonstrating the key AI terms as seen in 
Figure 11. 
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Figure 10. Sketches from Part 2 of workshop. 

 
Figure 11. Ambiguous sketches from Part 1. 

Real-World Analogies 
Related to the theme above, there was a recurring theme of 
visual representations that used real-world analogies 
compared to those that were technically related to AI (see 
Figure 12). Given that many of the AI terms used are similar 
to the real-world analogies, a form of understanding of the 
term is gained, but most importantly it is an easy-to-grasp 
representation of the term. However, some sketchers did use 
a mix of both as seen in Figure 13. 

 
Figure 12. Real-world analogies used in sketches. 

 
Figure 13. Mix of real-world analogy and explicit AI term 

meaning in sketch. 

Whereas some created representations that were based on the 
technical meaning or close to the AI term as seen in Figure 
14.  

 
Figure 14. Sketches demonstrating technical meaning of the 

AI terms. 

Poignantly, given the objective of this research is in aiding 
discussion of AI among lay audiences and not achieving an 
in-depth understanding of AI systems, using such real-world 
analogies may be a particularly beneficial point. Similarly, 
as highlighted by the AI expert interviewees, embellishments 
and creative visuals can help spark interest further into AI. 
Such real-world analogy was even demonstrated in advanced 
AI visuals as highlighted by I2 seen in Figure 4. As such, the 
use of such analogies is particularly pertinent to both a lay 
and advanced AI audience. 

Anthropomorphism 
Similar to the real-world analogies often used in the sketches, 
anthropomorphism was a common theme among some of the 
participant’s sketching representations. This is perhaps 
unsurprising given how often this is seen in visuals within 
lay AI media.  Computers and artificial intelligence are given 
a human-like quality, most commonly seen through 
humanoid robots or a brain-like structure for a computer 
circuit board [12]. Figure 15 shows early exploration of a few 
key AI terms on a Google image search and highlights the 
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recuring theme of humanoid forms (robots) or human 
analogies such as a digital brain structure. 

 
Figure 15. Google Image search results for AI terms. 

Within this theme there were two distinct sub-sets of 
sketches, those that were technical objects such as a 
computer given a human-like form and those that used a 
human analogy to explain the AI key term. Firstly, with the 
first traditional subset, participants gave humanoid qualities 
to computers to help visually represent the key term. 
Examples are shown in Figure 16. In the second subset, a 
human analogy was used to demonstrate the key term. As 
seen in the examples in Figure 17. Both provide a useful 
element for lay audience to gain a quick grasp of what the 
key term represents. Whilst it may not provide an in-depth 
understanding of the term or its technical details, given this 
human-analogy (similar to the real-world analogies) it 
provides a human relation to the term most lay audiences will 
grasp.  

 
Figure 16. Traditional anthropomorphism in sketches. 

 

 
Figure 17. Human analogy used to represent terms in 

sketches. 

Combining Icons and Diagrams 
Particularly pertinent in Part 2 of the workshop, a form of 
visual language through icons was established and used to 
represent a series of related sketches to demonstrate the 
video in a diagram-style sketch. This was also due to the 
nature of the task. For example, in P2, P3 and P4’s sketches, 
recurring representations are seen (see Figure 10). As 
established in the interview themes, diagram-style visuals are 
a common occurrence and effective for describing an AI 
model’s architecture. However, given these sketchers had a 
less advanced understanding compared to the interviewees, 
they had to create a similar representation of basic computer 
vision architecture but with their limited knowledge of AI. 
This provided both interesting similarities to the 
interviewee’s sketches and differences. The participants in 
the workshop used iconography sketching to represent 
elements of the overarching architecture, rather than basic 
squares with text. They also incorporated the real-world 
analogies naturally into their sketches to demonstrate 
elements as seen in Figures 18 and 19.  

 
Figure 18. Annotated P3 Part 2 sketch. 
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Figure 19. Annotated P2 and P4 Part 2 sketches. 

Similarities and Differences  
Overall, certain trends within each participants sketches and 
between them can be seen. For example, P3 often used real-
world analogies and anthropomorphism in their sketches 
(Figures 12 and 16). Whereas P2 and sometimes P4 seemed 
to have some deeper understanding of the technical meaning 
behind the terms and used thus created more specific 
sketches (Figure 14). Another difference was P1 often 
created some interesting and ambiguous representations of 
the terms such as for Neuron, Ethics and Bias (see Figure 9). 
However, for almost all- aside from one or two diagram style 
sketches from P2 and P4- created icon style representations 
of a single image or two related images side by side but not 
connected. As mentioned, this digressed from the 
interviewees who almost exclusively drew or discussed 
diagrams. The sketchers were free to draw a more diagram 
style drawing if they wished to for Part 1 and this was seen 
occasionally with arrow-directed sketches, but they often 
opted for standalone representations. Furthermore, P2, P3 
and P4 all used a form of icon-hybrid diagram to represent 
the video in Part2, using arrows and the flow of a traditional 
diagram but with limited-to-no wording. These highlight 
interesting considerations and comparisons with the 
interviewees overall and will be discussed further in the next 
section.  
9. DISCUSSION 
This study provided interesting insights into the similarities 
and differences of sketched visuals created by AI experts and 
lay audiences. The themes discussed also demonstrate useful 
prospects moving forward and directions in pursuit of a 
sketch-based visual language to mediate conversations about 
AI. Several elements from this will now be briefly discussed 
as well as future work directions. Additionally, Table 1 
provides a summary of the key findings from this study with 
regards to their potential design considerations going 
forward. 

 
Table 1. Summary of design considerations from findings. 

Key Elements 
Some key elements were established which are perhaps 
pertinent when considering the design of an AI visual 
language. Namely, the use of real-world analogies in the 
visuals created, anthropomorphising and the used of icon-
style or succinct diagrams. As established, these can provide 
useful particularly for a lay audience, but also as highlighted 
are received well by expert audiences also and perhaps 
would help bridge the gap between the two during 
conversations about AI. This is something which has been 
explored in XAI, particularly for technical explanations to 
lay audiences [26]. Given that these analogies are easily 
understandable to us [12], even if a deep understanding is not 
gained through them, they still provide an avenue for 
conversation. Indeed, as stated, often the sketchers visuals 
were ambiguous and required some interpretation, as such, 
they initiate a conversation about the visual that already 
provides a way to mediate a conversation about AI through 
a visual image.  

Indeed, an interesting area of future work that would build 
on this, would be to take these sketches and hold another 
workshop to discuss them. Short videos could be viewed 
explaining an AI system (as done in Part 2) and then the 
sketches are given and used to then describe the video by one 
(or a group) of participants. Following this, a conversation 
can be initiated where participants discuss this resulting 
sketch and can use these images further. Therefore, an 
understanding of how such sketches mediate a conversation 
about AI can be analysed through transcripts and even 
further sketching workshops as participants could sketch 
additional visuals to aid in their conversation when 
interpreting these images. 

Limitations of Anthropomorphism 
Whilst anthropomorphising can provide a useful and creative 
way to represent some of these key AI terms, some of the 
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dangers of this should also be considered. As highlighted by 
researchers at BBC [12] humanoid forms are often used in 
visually representing AI, most commonly in the form of 
robots and thus it is not surprising that participants chose this 
to represent the terms. Indeed, like with real-world analogies, 
this is an easy to grasp representation of terms that convey 
elements when the audience has limited to no understanding. 
However, as highlighted by Ferne et al [12] the use of this 
form of representation can influence a misconception about 
AI, namely the one often depicted in popular media of evil 
robots. The implications of this are twofold. It does not 
accurately convey the current state of AI. AI as a field is 
nowhere near this level of programming in any form and still 
remains highly specialised to certain tasks per algorithm such 
as computer vision for labelling photos in Google Photos or 
as a chatbot [21]. Poignantly, many researchers in AI 
highlight the dangers of over conveying the current abilities 
of AI and the resulting “AI winters” from over-hype [21]. 
Particularly within XAI, where the goal is to explain the 
current standing of an AI algorithm, such misconceptions of 
seeing AI as a sentient human are not effective and indeed 
could hinder understanding. Secondly, this hinders true 
understanding and- importantly for this research- helpful 
conversations around AI. To discuss some of the key 
elements of AI relevant to everyday life, a non-misleading 
visual representation of key AI terms in a discussion is 
crucial. If many of them depict AI in a way that suggests it is 
far more advanced (e.g. through human-like robotics) than it 
actually is, this may lead to conversations using such a visual 
language ‘skewing’ the conversation. Ultimately, this would 
be unhelpful and not increase accurate discourse surrounding 
some of the key elements of XAI as outlined in the 
introduction of trust.  

Conversely, there is nuance to this issue, in that this study 
has highlighted how anthropomorphising of these AI terms 
did create a meaningful visual representation to the 
participants who did not have an expert level of 
understanding as the interviewees. Whilst this could be 
solely attributed to depictions in media and was not possible 
to control for, this may also be indictive of a way lay 
audiences can represent key AI elements and thus does 
highlight still an important form of visual representation to 
be considered. Similarly, it also highlights an important 
conversational topic within AI. Anthropomorphism itself 
within AI and the media usage and depiction of AI (often 
overstating its abilities) is an important conversation topic 
and thus should be encouraged in discussion on AI.  

Due to this nuance in the use of anthropomorphism, future 
research could explore this in more depth. Perhaps future 
studies could explore conversations between two groups in a 
workshop using such visual language representations of key 
AI terms. One group using anthropomorphised images and 
another not to explore how this influences the conversation. 
Furthermore, interviews with AI experts both from a 
programming and XAI research background could explore 
their views on the use of such humanised representations in 

conversations, even exploring how they use such imagery 
among one another. Topics could include exploring the 
‘helpfulness’ of anthropomorphism, the implications for AI 
understanding, the negative and positive influences, how it 
impacts feelings of trust and safety surrounding everyday AI 
use, etc.  

Embellished Visuals Influence 
Another important highlight from the findings, is the already 
burgeoning interest in creative visuals within the AI field. 
Indeed, embellished visualizations are increasingly seen and 
discussed in traditional data visualization for their 
memorability and increased user engagement [3]. As one 
interviewee highlighted, such visuals are highly engaging 
and spark interest into AI. As such, they are useful 
conversation aids and indeed relate to the findings from the 
sketching workshop of real-world analogies and 
anthropomorphising. Again, these would be useful to help 
spark conversations about AI and mediate them through a 
visual language. The beginnings of this were demonstrated 
in the sketches from Part 2 of the workshop. A mixture of 
traditional architecture diagrams was created with the use of 
an icon-style visual language that used real-world analogies, 
thus creating an embellished diagram visual but perhaps for 
a more introductory lay AI audience. An interesting follow-
up study to this may explore AI experts reviewing the visual 
language created in such diagrams and meld the two 
together.  

AI Experts Versus Non-Experts  
There were both similarities and differences as already 
highlighted from the AI experts in the interviewees and the 
non-expert sketchers in the workshop. One interesting 
similarity between the two, was the use of (or interest in) 
real-world analogies in visuals in AI. This was predominant 
among the sketchers as a way to visually represent AI terms, 
particularly when the term was technical and thus an in-depth 
understanding was not present. Interestingly, as highlighted 
by I2, the embellished visuals they had seen, demonstrated 
the use of real-world analogies such as emojis in an NLP 
architecture diagram. Whilst these were not required for 
understanding and could be substituted simply by words or 
crosses, the use of creative expressions such as this added a 
more engaging element to the visual. Unlike in the 
workshop, this did not aid understanding, but did aid in 
engagement and memorability, it also served to be shared 
more with peers. This is important for the design of a sketch-
based AI visual language as engagement is key in 
conversations [2]. It was also suggested this is something that 
may be received well by both expert and lay audiences. As 
highlighted by the interviewee, this was used in advanced AI 
papers and is not viewed negatively within the community. 
Indeed, a challenge of creating an AI visual language is 
designing visuals for different understandings and 
backgrounds in AI. This demonstrates a potential design that 
branches over both.  
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On the other hand, an interesting difference between the two 
studies was the differences in ambiguity of the visuals. 
Visuals both drawn and shared in the interviews focused 
almost solely on a diagram-flow style representation, aiming 
to explain how a particular architecture worked but at a high-
level summary. Contrastingly, particularly for Part 1, the 
sketchers focused on visual representations of key terms in 
an icon style (though some min-diagrams were seen). 
Furthermore, such sketches were ambiguous in their 
representations of AI terms such as a node-link visual to 
represent a neural network. Such a representation offers little 
explanation as to how this architecture works and thus would 
perhaps be difficult to use in conversation. However, some 
understanding was required to understand and converse over 
the diagrams demonstrated by the interviewees. Such 
differences highlight an important consideration in terms of 
ambiguity and the audiences background in AI when 
developing a sketch-based visual language for AI. Whilst 
understanding is not the key goal in this, total ambiguity is 
equally unhelpful for aiding useful conversations about AI. 
Thus, a delicate balance between the two must be struck. 
Whilst generalisations from this one study’s findings would 
be inappropriate, it is an important consideration for future 
developments and research. For example, discovering a good 
level of ambiguity as it may aid in deeper discussions but 
also making it useful for experts within AI.  

Limitations 
Firstly, a very small sample was used due to recruiting 
constraints given COVID-19. Whilst small sample sizes are 
often found in qualitative/exploratory research [5], more 
participants would be beneficial to build upon the findings 
from this study. As such, whilst general design directions 
have been highlighted in this discussion and in Table 1, these 
are by no means generalisations due to the small sample size 
the findings are based upon.  

Furthermore, the interpretation of the sketches from the 
workshop are made solely by the researcher as descriptions 
were not given by participants during the workshop. A 
follow up was not possible due to time constraints and the 
scope of this study but it would have been beneficial to 
interview the participant sketchers to understand their 
reasoning behind their sketches as these may have been 
differently interpreted. However, this is also an important 
consideration for the design of a sketch-based AI visual 
language to mediate conversations about AI. As a sketch-
based language, the elements must be quick and simple to 
draw and thus may be open to different interpretations but in 
doing so provide an avenue for conversation about the true 
meaning of the AI term.  

Going forward, several future research topics and methods 
have been mentioned, namely, to explore the utilisation of 
these sketches and design considerations in a simulated 
conversation on an AI system in a workshop. Additionally, 
exploring the interactions through sketching between AI 
experts and non-experts would be particularly insightful and 

was not done in this study, relying on the researcher’s 
interpretations and conclusions. Of particular interest further 
in the future- perhaps once a standardised set of sketches for 
key AI terms is created- these could be brought into field 
studies at AI companies, Universities, and schools to explore 
its use in conversations between parties.  
10. CONCLUSION 
This study is the first of its kind and provides initial insights 
and design considerations for the creation of a sketch-based 
AI visual language to mediate conversations about AI. 
Furthermore, it highlights an overlooked avenue of aiding 
conversations about AI rather than the traditional focus of 
understanding AI as seen in XAI research. This study 
highlights the possibility of a sketch-based visual language, 
informed by AI experts and non-experts, that will help 
mediate conversations about AI without the goal of a deep 
understanding that has thus far been unattainable in XAI.  
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 APPENDIX 1 
INTERVIEW SCRIPT  

START RECORDING 

Thank you for agreeing to participate in this interview. Just 
to remind you, you do not have to answer any question you 
do not want to and can withdraw from the study at any time 
by notifying me. In this study, we are aiming to investigate 
how AI students and professionals explore visuals within 
their work.  

So, could your first tell me a little bit about your experience 
in AI?  

PROMTS: How do they use AI? What do you tend to work 
with? Background? What focus on? What do you do? 

For the scope of this study we are particularly interested in 
visuals centering around AI and so the questions will focus 
on visuals you have seen or used in your work or education 
as well as how these have influenced you. We refer to visuals 
meaning any form that is not a body of text, this can include 
diagrams, photos, drawings, annotated visuals, and personal 
sketches, etc. You will be asked to draw some examples of 
visuals, so make sure you have pen and paper to hand.  

• Could you describe to me any visuals you have 
used in your work (either personal or 
professional)? 

-PROMPT Can you describe [specific one mentioned] to me.  

Could you create a representation of this/these using pen and 
paper or, if possible, show me the original ones you created?  

Could you please hold the final drawing up to the camera 
clearly for a few seconds?  

• Can you tell me about visuals you have come 
across from others or in readings? 

-PROMPT Can you describe [them] to me.  

What do they tend to represent or demonstrate?  

When seen what do you do with these images? Shared or kept 
for referring back to? When kept, how long for? Take 
photos? Share?  

Specific textbooks or papers?  

Colours?  

Why did you focus on these?  

Do you find there is gaps in the literature of visuals? 

• Using pen and paper, could you create a 
representation or some of the visuals you have 
seen? 

-PROMPT One earlier mentioned? ML, NN? Could you 
please hold the final drawing up to the camera clearly for a 
few seconds? 

• Could you describe the process of creating a visual 
for your work? 

-PROMPT (if not done before) Could you describe how you 
would create a visual for your work if you were to do so? 
Maybe when starting a new project or encountering a 
problem?  

What do you tend to use for these: tablet, paper, whiteboard 
etc? 

Could you draw this and explain to me the process as you do 
so? Can you please hold the drawing up to the camera for a 
few seconds? 

• Can you describe to me how these visuals have 
influenced your work? 

-PROMPT This could be in aiding work, problem solving, 
communication with others, visualising the issue, etc.  

Is there a difference between not using them? 

• What visuals do you think tend to be most 
influential in your experience? What do these tend 
to look like? 

-PROMPT Could you create a representation of these for me 
with pen and paper or show me these if already made/exist. 

• Could you describe how visuals are shared and 
used within a group? 

-PROMPT could you give me an example of how this was 
done in your experience?  

Photos? Whiteboard? Discussions? Add written notes or talk 
about them? 

END RECORDING 

Thank you again for participating in this interview! We are 
exploring people who are experienced in AIs use of visuals 
to gain an understanding of this area and aiming to create a 
sketch-based AI visual language from this. 

If you have any questions, you can ask now or use my contact 
details given in the Information Sheet provided. An email 
will be sent to you in the next few days with your £20 
Amazon gift voucher as a thanks for participating. 
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APPENDIX 2 
 

CODES FOR INTERVIEW TRANSCRIPTS 
 
Personal Use: Any mention of a personal usage of a visual. 
This includes both creating a visual or the subsequent effect 
of viewing one such as for understanding or teaching.  
Witnessed Use: Any mention of a witnessed use of a visual 
from peers to conferences or literature.  
Positive Influence: Any positive impact mentioned of a 
visual, both directly or indirectly and not just personally. 
Negative Influence: Any negative impact mentioned of a 
visual, both directly or indirectly and not just personally. 
Visual Properties: Any mention or showing (through 
sketches) of the elements in a visual such as arrows or 
highlighting.  
Sharing Behaviour: Any mention of sharing with another 
person or group. Also includes behaviour in a discussion or 
in teaching using a visual aid.   
Efficacy of Visual: Any mention of the effectiveness of a 
visual such as what makes it correct or personal opinions.  
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APPENDIX 3 
SKETCHING WORKSHOP SCRIPT DRAFT 

Welcome to this group sketching workshop of key terms in 
AI and thank you for agreeing to take part in this study. 

This workshop will have 2 parts. In part 1, 28 terms 
will be given in total, read one at a time with 60 

seconds given for each for you to rapidly sketch a 
visual representation of this term. There are no right or 

wrong sketches, so create whatever makes sense to 
you. The terms vary in technicality- though none are 
overly technical AI terms- so please do not worry if 

you are not sure what it means, just sketch what 
visually makes sense to you. You can sketch as many 
representations as you like in the 60 seconds for each 

term, though just 1 is also fine. In part 2, you will 
watch a short video explaining how computer vision 

works and then you will be asked to take 10 minutes to 
sketch what you took from the video.  

Please make sure you have plenty of paper and a pen (not 
pencil) with you before we start and if you run out, let 
me know. Please try not to sketch any representations 
too small for screen recording purposes. Are there any 

questions before I start the recording? 

START RECORDING 

1. Data  
-Please hold paper up to the camera clearly.  

2. Intelligence  
-Camera check 

3. Safe 
-Camera check 

4. Unsupervised Learning  
-Camera check 

5. Supervised Learning 
-Camera check 

6. Control 
-Camera check 

7. Explainable  
-Camera check 

8. Test Set 
-Camera check 

9. Training Set 
-Camera check 

10. Pattern 
-Camera check 

11. Neuron 
-Camera check 

12. Ethics 
-Camera check 

13. Algorithm 
-Camera check 

14. Black Box 
-Camera check 

15. Communication 
-Camera check 

16. Transparency 
-Camera check 

17. System 
-Camera check 

18. Reinforcement Learning 
-Camera check 

19. Artificial 
-Camera check 

20. Machine Learning  
-Camera check 

21. Bias 
-Camera check 

22. Privacy  
-Camera check 

23. Computer Vision 
-Camera check 

24. Natural Language Processing   
-Camera check 

25. Neural Network 
-Camera check 

26. Understanding  
-Camera check 
27. Computer 
-Camera check 
 
 

PART 2 

Now for Part 2, I will show you a short 6-minute video 
explaining how computer vision, a division of AI, works. 
(https://www.youtube.com/watch?v=2hXG8v8p0KM).  
Please watch it and then afterwards, sketch your take on what 
you took from the video, such as the system explained, 
implications etc. There are no right or wrong answers but try 
to link the sketches together if you can. You do not need to 
sketch every aspect of the video, focus on what you would 
like to, and you can replicate some of the sketches you did 
earlier if you wish. You will have 10 minutes to do this. 

Please hold your sketches up to the camera clearly. 

END RECORDING 

Thank you again for taking part in this study. We are hoping 
these sketches will aid in the design of a user-centered 
sketch-based visual language for AI. If you have any further 
questions, you can ask me now or send me an email. You 
will all receive your £20 Amazon voucher in the next few 
days via email 

 

 

https://www.youtube.com/watch?v=2hXG8v8p0KM
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