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This report presents the first results of the User Research 

conducted between May-August 2020 as part of the WAYS 

project, with a primary focus on the processes that data scientists 

go through when creating their data visualisations. 

Our goal is to characterise the visualisation workflows that people 

have developed, spanning the initial decision to plot their data, to 

the point where they consider a data visualisation to be finished.

The results presented in this report gather the different 

perspectives the participants have over data visualisation 

processes, aiming to identify characteristics, trends, pain points, 

needs and emotions related to their data visualisation workflows.
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What’s inside:

User Research Method and Participants’ Profile

The Data Scientists’ Visualisation Workflows

What type of projects the participants have told about

How the workflows were analysed

General mapping of data scientist’s workflows

Pre-working phase

Understanding phase

Defining phase

Learning phase

Ideating phase

Prototype and testing phases

Implementing phase

Other perspectives about the workflows

Iterative cycles

Multiple files and visualisations’ versions

The ideal process

Data Scientists’ Learning Process

About Software

How people create data visualisations?
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USER RESEARCH METHODS AND
PARTICIPANTS’ PROFILES

P1

P2

P3

P4

P5

P6

P7

P8

P9

P10

P11

P12

BACKGROUND

Technology and Information Management

Psychology

Computer graphics 

Information, Communication and Social Sciences

Economics, statistics 

Ecology

Graphic Design 

Art, 2D/3D modelling 

Marine Biology and Chemistry / journalism 

Linguistics 

Financial Mathematics 

Psychology, cognitive neuroscience

ROLE

BI Analyst

Cognitive Behavioural Scientist

Associate Professor

Research Fellow

Analyst, Visualisation Designer and Developer

Computational Ecologist

Research Assistant, Data Visualisation Artist

Research Fellow

Assistant Professor, Data Scientist

Research Associate

Data Visualisation and Analytics Manager

Cognitive Neuroscientist

Goal: to characterise data scientist’s visualisation 

workflows, from the initial decision to plot their data, 

to the point where they consider a data visualisation 

to be finished.

Method: Semi-structured interviews + online activity 

to create data scientist’s data visualisation workflows.

Participants: data scientists and visualisation 

designers who create visualisations using the R 

language, or the R language in combination with other 

tools (2 pilot interviews + 10 participants).

3
Participants 

working in 

industry

9
Participants 

working in the 

academia

Participant’s profiles
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PERSONAS

Based in the participant’s profiles, 

we created three personas who 

represent our interviewees.

These personas are fictional 

characters, based on research, 

created to represent the different 

user types that we might help with 

our project. 
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DATA SCIENTISTS’
VISUALISATION WORKFLOWS

WAYS User Research Report 1
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What type of projects the participants spoke about

In the interviews, participants chose one of their most recent projects as a focus, describing it to the 

interviewer, and then recreating their workflow steps using virtual post-its within a shared document. 

The stories behind these visualisation projects have distinct characteristics regarding their public, 

dissemination media, and environment.

Visualisations to 

internal teams 

(same company)

Visualisations to 

external teams 

(clients and/or 

third parties)

Visualisations to 

third parties’ 

stakeholders (e.g. 

client of the 

client)

Visualisations to 

specific public (e.g. 

children, students, 

etc.)

Visualisations to 

disseminate 

information to 

general public

Regarding the public:

Regarding the dissemination media:

Digital / printed visualisations to 

disseminate information in events 

(e.g. expositions, conferences, etc.

Digital / printed visualisations to 

direct usage (e.g. dashboards, 

reports, apps, etc., that will be use by 

end-user)

Visualisations to 

academic 

publications

Regarding the environment:

Visualisation projects in 

industry environment.

Visualisation projects in 

academic environment.

3 9

5 2 5
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How the workflows 
were analysed

The workflows that participants created represent 

their personal views, related to their role in that 

specific project and some project characteristics 

making each workflow individualistic. However, 

there are major phases of the process that 

resemble all workflows. Moreover, although in most 

cases this similarity is not intentional, we can draw 

a parallel between the workflows created and 

different design methodologies in the literature, 

such as the Design Thinking 101 method published 

by Nielsen Norman Group. 

The Design Thinking 101 was used as a starting 

point for analysing the workflows. This method, 

for example, categorizes the processes 

described by the interviewees. With the 

exception of the understanding phase, which 

becomes more complex because it adds data, 

there was good correspondence between design 

stages and workflow.

Different phases were added and adapted 

according to the workflows created by the 

participants, and how they described them in the 

interviews. At first, a general mapping of the 

actions taken by data scientists in their data 

visualisations projects was produced. This 

general mapping is presented in the next page.
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Pre-work .

Understand . Define .

Learn .

Ideate .

Prototype .Test .

Implement .

Design Brief

Grant
proposal

Previous
ideas

Understand
the data

Understand
the user

Understand the
problem

Understand project
requirements

Redefine the problem

Redefine the
data

Define tools and
technology

Search for visual 
inspiration

Learn technical
things

Exploring ideas

Create visualisations
to understand data

Create visualisations
to explore visual design

Create visualisations
to deliver

Co-design w/ users
and stakeholders

Check the visuals

Deliver

Follow-up

Feedback – validate
the final visual

Feedback –
validate ideas

Use Tests

Collect
the data

Check/clean
the data

Process
the data

Analyse
the data

General mapping 
of data scientist’s 
workflows

Comparing all the participants’ workflows, we 

can map the primary phases and respective 

steps that data scientists take over their 

processes. 

These phases are not linear and often include 

multiple, iterative cycles. There was a diffuse 

separation between steps, and many steps are 

carried out simultaneously. So, in this first 

mapping, just the phases and steps were 

drawn, without their inter-relationships, 

correlations and iterations. Each phase is 

detailed in the next pages.
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I think that, for me, I know my working style, I can go off with lots of 

tangents, so I always try to break things up into bite-size, digestible 

chunks that have quite clear objectives, because otherwise, because I'm 

in a field where I find lot of things interesting, I will go off with lots of 

tangents and that can be dangerous when you have tight deadlines.

Participant H

“
“
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Pre-working phase

Every project starts somewhere. In the interviews, three participants 

mentioned that their first step in a project is frequently a formal 

written document, which can be a Project Initiation Document (as a 

Design Brief) or a Grant Proposal. 

Other participants mentioned more informal starting points: an email, 

a conversation with a co-worker, a request from a client, or even a 

personal previous idea that had been shelved. In all cases, the project 

originates by gathering basic information about the project, just 

enough to start. 

“Sometimes it's like very rough information... sometimes is a very 

descriptive but there's a lack of visual information. Sometimes I have a lot of 

visual, but there is no data included, so I don't know how to achieve that 

visual they are asking for.” Participant A

“Once I had the initial idea, then I guess I would typically have discussions, 

early discussions with people who I might call mentors, but could just be 

colleagues... so that would be I guess part of a brainstorming kind of phase. 

Let's call it initial feedback from colleagues.” Participant F

“I would say that I don't like this. I think, the problem with this step it that it 

can be... it can go one or two ways, like people can think it's a great idea, or 

they don't like it. So, you can kind of expose yourself. I think that's typical if 

you are quite a creative person, and this idea particularly was quite unusual. 

I can also call it innovating or hmm... it sounds very outside our comfort 

zone, quite risky.” Participant F

10
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Understand the problem
and project requirements 

In the Design Thinking methodology, the understanding phase includes 

emphasizing and defining stages, which are, respectively, "conduct 

research in order to develop knowledge about what your users do, say, 

think, and feel", and "combine all your research and observe where your 

users’ problems exist, highlighting opportunities for innovation". In the 

processes reported by the data scientists, however, the understanding 

phase is broader, as it also includes understanding the problem, the 

project requirements, and the data.

The "understand the problem" concept appears among participants who 

have an academic background. Five of the interviewees, all of them 

currently working at the academia, mentioned they start with project 

questions: what? for what? for whom?

“I guess these are quite important: who needs the visualisation? Why they 

need it? And then, of course, to understand the visibility of that, what’s the 

data available?” Participant C

“I guess the first thing I did was kind of get to grips with the project, and think 

about who the project is for, what it’s about, why we’re making this project. And I 

find it’s really useful to have it in my head when I’m designing and thinking about 

it.” Participant G

One of the participants mentioned that they always consider if a data 

visualisation would be the best solution for a specific project. 

“I think that’s something that assess in any visualisation project, if is visualisation 

the right solution. Is this what they really need?” Participant C

In projects aimed at clients/companies, these answers are developed with the 

client (who sometimes is also the user). In academic projects, they are mainly 

obtained from theoretical reviews and discussions with colleagues, co-authors 

and supervisors. 

“First I ask some research questions (...) and I discuss these. So, I can just think in 

sort of questions to my supervisor, thinking about what do we want to show? 

How could we represent it? How would he like to see them represented? How 

does the research team want to represent it? Oh, also who is using it? Ok?” 
Participant H

Understanding phase
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Always in mind, but not always present

There was a consensus amongst participants that any data visualisation 

should be clear, easy to understand and appropriate for their audience. 

However, only half of the participants suggested they dedicate a specific 

stage of the process to understand the needs of whoever will use the 

visualisation.

In projects aimed at clients/companies, this “user understanding” step 

usually happens early in the process (but it might be iterated upon). In 

this type of project, the final audience is most likely to be called “users”. 

Data scientists access their users in different ways (most frequently 

through interviews, workshops, surveys or informal conversations) to ask 

them about their needs, difficulties and expectations.

“(…) doing some rapid ethnography, sort of study approaches like go to 

there when they’re working, try to understand how they use the data, how 

they work with the data, where do they need the visualisation in their 

workflow, sort of pipeline whatever they’re doing with that. So that’s sort of 

helps me to understand.” Participant C

Regarding projects with an academic approach, those who are creating data 

visualisations for articles or other academic publications rarely devote a 

specific stage to user understanding. Only two from nine participants who 

described academic research projects mentioned a stage where they aim to 

understand their users. In this type of project, the final audience is most 

likely to be called as “audience”.

The participants emphasize their intentions about conveying the right 

message to their audience in the best possible way, but this audience profile 

is based on the data scientist's knowledge, theoretical reviews and 

discussions with co-authors and co-workers. There’s no direct contact with 

the final audience to investigate their needs, difficulties and expectations.

“So at this point, there was no contact with the specific audience. During (...) a 

conceptualization phase, it was about who is that audience, what's the 

message we, as the researchers, are trying to get to them.” Participant F

Understand the user

12
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They see what they expect to see

In projects for clients/companies, the interaction with the user is a key 

point of uncertainty in the process. Participants mention that users 

often don’t understand what a data visualisation is, and frequently they 

create unrealistic expectations about the data. That's why participants 

consider the user understanding stage so important, as a way to align 

expectations, clarify information and understand users’ needs.

“In this case, he was expecting to have a good story about himself, about 

his team… and it was not the reality. And he said ‘no… we can’t publish 

that… this is very bad”. And then I asked, “what’s bad if the report is 

exactly what you asked me to do?” So, the user can be tricky. Not the user, 

but the expectations.” Participant A

“Because, sometimes people come to you, not knowing what they want, 

what they need, what data visualisation is capable of (…)”. Participant C

Data visualisation, at least in my work, it’s 

quite new for everybody. So, when someone 

ask for a new report, or “try to develop 

something new”, they have no idea what it’s 

going to be exposed. Right? Or how it will be 

when it’s ready. And it causes a lack of 

perception. Hmmm... it means that the result 

will have a big chance to be not as expected.     
Participant A

“
“
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Understanding the user doesn’t mean only directing the data visualisation 

to the end-user. Depending on the project the data scientist is developing, 

the intermediate user, which is the person who is requesting the 

visualisation (usually the client), might have some specific needs, 

preferences or expectations that also need to be attended to.

“So we can make sure that we don't waste too much time with the back 

and forth, because sometimes it can make the stakeholder anxious, it can 

make the message get lost, so the message of what you're trying to 

communicate can get lost, sometimes there are too many people in the 

conversation, and things like that.” Participant L

“In this particular project again, we have to keep it pretty simple, because 

the policymakers and the people who are consuming this data, they don't 

have much time and they want the insights to be very straightforward and 

easy to digest. So, we can't do complicated infographics or anything like 

that. It's just simple stuff.” Participant H

“I've worked for a lot of CEO level people, so I never 

show them a table. I just don't show them a table, 

because they want something super-fast, to like 

consume in like... 20 seconds is too long kind of thing, 

you know. So, they want to be able to see if there's an 

issue here, or if we are doing really well there, and so, I'll 

never going to show them a table. So, I always have to 

consider my audience.

Participant L

“
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This misalignment in expectations makes design iterations in dialogue 

with users to be considered essential, saving time and avoiding errors. 

The benefits of iterated process occur throughout the project and are 

connected to different phases.

“Oh, definitely sometimes when you have an interview, you feel like you are 

at the same page, (...) and then you start presenting it, and then ‘noooooo’ 

and you ‘ahhhhh’... that’s why this whole iterative process came about, 

because I’m not gonna spend all my energy. I’m going to do bit by bit, and 

then bring them along with me.” Participant L

“(…) maybe have a direct interaction with the user in this process would be 

great, because then the user could see what’s happening and give the 

inputs or feedback in real time… ok? Because otherwise we are working… 

like, we are doing a blind job during the day, and then sending the results 

that we think that are correct, but in the next day, when the customer 

answers, they say “nops, it’s not what we are asking for. It’s very 

frustrating sometimes.” Participant A

Projects for
clients/companies

Academic 
projects

Public most likely to be called 
as users. Also called 
customer and client. 

There is interaction directly 
with the user.

User profile is mapped 
through interviews, 
workshops, surveys etc.

User is well-delimited

How the public is considered in clients/companies 
versus academic projects

Public most likely to be called as 
audience. Also called 
consumers.

Tend to not have interaction 
directly with the audience.

Audience profile is mapped 
based on data scientists’ 
previous knowledge, 

Audience is broad and not well-
delimited
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Understand the data

By observing participants' workflows, four distinct steps related to understanding the data were identified: data collection, data checking, data processing 

and data analysis. Whether these stages are included or not varies according with the project type. Also, all stages are not always covered: sometimes 

the data scientist can receive the data and doesn’t need to collect and process it, and sometimes other people might be responsible for some stages. 

These four stages are usually linear but may have back and forth.

Collect the data

Collecting the data is part of the work of only a fraction of the 

participants. Only two participants usually conduct data collection 

themselves for the visualisations they later create. Other data sources 

the participants mentioned were surveys conducted by co-

workers/third parties, public databases (e.g. government websites.) 

and data provided by the client. 

“The data collection is usually, in this case, the survey data and 

secondary resources that might include geographic data, census data, 

health data... so, that's based on the kind of the big picture that we want 

to understand better.” Participant I

Check and clean the data

This step consists of checking the quality of the data. Participants 

mentioned actions such as verifying incomplete data, identifying 

repeated data, finding missing variables, etc. This step rarely include data 

visualisations and, in general, is pointed out as being boring or “not fun”.

“I guess the aim is to find erroneous data, get a first sense of the data, 

missing values, missing variables, etc. Which, in terms of visuals, they are 

important.” Participant E

“I wouldn't say I don't like it, ‘cause I think I really love visualising data and 

this task is important. But comparing with other parts, I'd probably say it's 

the one I like least.” Participant H

Keywords: collect, gather, receive, data load, database, data source, 
data collection.

Keywords: check, clean, organize, complete, quality, quality check, 
data checking, data profile.
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Process the data

The data processing step intends to prepare the data for analysis 

(some participants refer to this step as data preparation). After 

cleaning and checking the data, in this step the participants claim to 

rearrange the data for the analysis step. This step might already 

include some basic visualisations that help to identify missing data.

“So actually, to do this step, I did several things like I rearranged the data 

quite a lot, because I need them in a specific format, because there were 

basically a lot of different variables. (…) And specially to be sure that the 

scales are the same, because this is one of the things that could go 

wrong or that would make people interpret a plot incorrectly when 

comparing different subplots. And that can be sometimes a bit 

challenging.” Participant M

“(...) if there is missing data, the question is what do I do with this 

missing data? Do I just remove the entire case? Or do I try to impute this 

data?” Participant E

Analyse the data

This step is more directly related to exploring and understanding the data. 

Usually, the data scientists create basic data visualisations to help analyse 

the data, often through trial and error, to see "what the data can show". 

Sometimes they use different software than the one they will use to create 

the final visualisations later. While some participants choose other software 

for faster tests (as,  Microsoft Excel, e.g.), others prefer to start the analysis 

using pen and paper. 

“(…) we had a small data set, and then we started to use Excel, right? So, we 

put the data on Excel and start to do the graphics. To analyse it visually, 

because it is a bunch of Engineers...” Participant A

“So, the first thing is to try to understand the data. Coming from my 

mathematical background, it's quite easy for me to try patterns, trends, look 

for outliers. (…) And I make a lot of notes, and sometimes I print stuff out... 

and I literally write all over it, write notes, lots of coloured pens, it helps me to 

understand.” Participant L

Keywords: process, prepare, transform, data shaping, data massage. Keywords: analyse, explore, 
combine, test, trial and error, basic 
visualisations.

Media mentioned: Microsoft Excel, 
pen & paper, tydiverse, Gephi, 
ArcGIS, QGIS.
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“So, when we have all this data, we kind of have to put it together 

and clean it and process it. There's a lot of... a huge amount of time 

is spent on the step of data processing, which is not fun. Do you 

have a symbol for not fun [laughing]? Well, it's time-consuming, for 

sure. So, it's kind of slow and not fun. It's the less interesting part of 

the process because there's not that much creative thought.”
Participant I

“I'd start with reading in data and looking at the variables. So sometimes, 

the data comes in like a horrible way, poorly coded, hard to understand, 

hard to read in because I don't understand the format the data comes 

in... in most cases, is fine. I think the majority of the time, the data comes 

in ok, but I have to be honest, I'm in charge of the data centre, so I dictate 

how the data looks like, in general.”

Participant M

“In this particular project, I'm the person who is in charge of curating 

the data and managing a lot of the project. So, I have to create a 

dataset that all the project members can use for whatever they're 

working on. So, it's just kind of big picture, cleaning up the variables, 

formatting, combining multiple datasets... it's not data processing 

for the specific visualisation, it's just generic formatting of the data. 

Once we get the specific research questions, you get to the data 

analysis that meant to answer these particular questions.”

Participant I

“We need to bring some external research, 

sometimes... uhh… and develop new techniques. 

So, it's very challenging because of that. And It's 

one of the most important parts of this of this job, 

in my opinion… it’s how to prepare the data.”

Participant A

WAYS User Research Report 1
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Which data understanding steps the participants

went through in their projects

While creating their own workflows during the interview, the data scientists 

included or not these four steps to understand the data. The only step that 

was always present in their workflows is data analysing, which is 

necessary to create the visuals. 

P1

P2

P3

P4

P5

P6

P7

P8

P9

P10

P11

P12

Data
collecting

Data checking / cleaning Data
processing

Data
analysing

One image is worth a thousand codes

At the data analysis stage, data scientists create data visualisations 

specifically to explore and understand the data. These visualisations 

are very basic drafts, with no aesthetic concerns. They usually don’t 

include title, legends, or any other element that a final visualisation 

would include. Most of the time, the data scientists don’t intend to use 

them later in the project, as they are not created to their public.

For the participants, when they don't take part in the data collection 

and receive the data ready for analysis, they have no idea what they'll 

find in the data, so they create visuals to explore and learn. For them, 

this step is challenging and revealing, and it's essential to define which 

direction they will take to create the visualisations. 

“One thing that I find quite valuable for me is to do some visualisation for 

myself, not necessarily for them... for myself, to understand the data 

better, understand like the issues with the data, what is possible, what 

it's not possible... so in a way that's not necessarily visualisation design 

to respond to the brief that came up with.”
Participant C
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“It's fun to start digging in, it's exciting, it's my new data, it's like a preview 

what the stats will actually going to show. And it's not necessarily the 

plots I'm going to use.” Participant J

Other times, usually when data scientists have been involved since the 

data collection, they already imagine what they will find, so they create 

the visualisations to test ideas and question their certainties.

“So I started exploring it, there was a lot of like details I could see in the 

plots, and that made me think like "is this correct?", like "do we expect it to 

look like this?", "Is this meaningful?" so it was much more like a dialog, and 

going back and forth and trying to figure out what was wrong in the 

dataset, because obviously was something wrong!” Participant M

“In that phase, I produce a lot of plots. Left, right and centre I'm trying lots 

of things, I correlate things, I do bar charts, I do box plots, I do all sort of 

things just to learn about the data.” Participant E

This step is considered by the participants as an immersion in the data, 

which helps not only to create the visualisations in the following phases, 

but also to put themselves in the users' shoes. 

“When you do interviews and observe people who are working with the data, 

you're mostly an observer to what's going on, so you don't really feel what 

the data is, what the issues of the data, and you don't truly understand what 

challenges they are facing with the data. I think this phase, like… making 

some visualisations to help me to engage with the data directly, that's 

where you take the other individual, you're not an observer anymore, you are 

a bit more immersed in the reality of the data, and the reality of the context.” 
Participant C

Some scientists already have a routine for this step, with predefined types 

of graphs, which will always be created initially for a first understanding of 

the data. They mentioned making primary histograms and scatter plots. 

“(…) you know, you should always have your histogram with the data, 

initially just look at the variable on its own, if there are two variables you 

think you're interested in, always do a scatterplot and they maybe try some 

different logarithmically axis and some different buildings.” Participant D

“I think scatterplots are probably... scatter plots and histograms are likely 

my first default options that I go for.” Participant M

20



WAYS User Research Report 1

After the understanding phase, seven of the twelve participants said 

they usually go through a definition phase, in which they review the 

problem (sometimes even questioning if a data visualisation would be 

the best solution for the specific problem), redefine the data if 

necessary, and define the tools and technologies they will use to create 

the visualisations. This phase is brief and very quick, and is often not 

even considered as a phase, rather as an action, but is considered 

important for defining the next steps.

“So usually at this point, once I know what kind of visualisation I want, I'd 

be asking what tools should I use? It's usually R, but occasionally it's 

other stuff. For this particular project, it actually turned out that R wasn't 

the best thing for us, because there are multiple people collaborating on 

the project. My initial idea was that I would create templates for our 

charts that one could use for this project and kind of collaborate and just 

plug in their data, but there are people who generate the trusted choice, 

it will vary, they weren't uniform... like, they look slightly different 

depending on who created... so in the end, we ended up using 

datawrapper.” Participant I

So, at the end of these activities, I try to come up 

with a new abstraction of the domain and sort of 

needs, gaps and analytical tasks that they want to 

achieve with this visualisation.
Participant 3

This phase tends to include a small report with the generated test 

visualisations and some ideas based on data analysis, which is shared with 

co-workers, co-authors and clients.

“So, I make a mini-report to send to others, which definitely can be time-

consuming, even like the first report can be like time-consuming to make. 

And in the report, I mean, it's like a small document which contains basic 

information of the data, I write what I did to the data very descriptively, not 

too detailed, and some plots, and my thoughts about what I think looks 

maybe a bit odd.” Participant M

Defining phase

“

“
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This is usually the point where we would try 

to write a specific report or try to focus on 

specific aspect, and this is where basically we 

come up with some questions that we wanna

answer, specifically not the big picture set of 

research questions, but kind of find specific 

things what we want to know out of this data 

and share with people.

Participant I

“
“

(there's no visual yet), not yet. But one thing I 

sort of deeply think about within this phase is... is 

this a visualisation problem? Is this a problem that 

a visualisation is good for? I can help with a 

visualisation? I think that's something that... that's 

a realization that happens in this phase, through 

these interviews, looking at the data, what people 

need, what people don't need... sometimes the 

visualisation is not the right solution.

Participant C

“
“

WAYS User Research Report 1
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Data scientists are continuous learners

In many cases, data scientists go through a relevant and necessary 

learning process in each new project. They often need to learn about 

technical issues, about the project's theme, about the client's profile, or 

about how to develop a new type of visualisation they have never done 

before. This learning phase is not linear, it can occur along with several 

other phases of the project, but mainly occurs while data scientists are 

understanding the user, problem, and/or data (understanding phase), 

while they are creating visualisations (ideation phase) and when they are 

prototyping to test (prototype phase). 

“We need to understand what's being shown… because we don't always 

dominate the topic. So, we need to understand what this data means… 

and it takes a lot of time.” Participant A

“The people that we are servicing, they know their markets, they know 

their industry, they know all the things, and you are always... like, every job 

I had is different data, which I like.” Participant L

Learning phase

Pre-work .

Understand .

Define .

Ideate .

Prototype .
Test .

Implement .

Learn .

Mostly topics related to the project's 
theme, client's profile, user’s profile, how 
to develop a new type of visualisation 
aiming to understand the data.

Mostly topics related to the technical 
issues and how to develop a new type 
of visualisation aiming to test visual 
design or deliver.
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This learning process is often connected to problem solving.

In the interviews, all the participants mentioned that, at some point in 

their projects, they had to learn new skills aiming to solve specific 

problems they were facing.

(...) I was teaching myself a new skill, I 

absolutely had to do it, because I was so stuck 

on how to even... I don't know, identify what 

I was missing.
Participant J

“And then, in this particular project, I didn't know a lot about these models, 

I had to learn these models, so I had to look a lot into the literature to kind 

of learn how to create the statistics needed.” Participant B

“I kept working on that for a looooooong time. I then went back to Google 

and I finally figured out how to make dendrograms and do cluster 

analysis, and that finally let me to the last step, which was making a good 

graph 3D scatter plot with all significant clusters in different colours.” 
Participant J

“

“

How do they learn these new skills? There is a strong tendency among 

participants to seek out a solution on their own, and only ask for help as a 

last resort. Google searches were the most frequently cited way of seeking 

out solutions. Participants also mentioned: Stack Overflow, accessing 

colleagues and co-workers, online communities, using Youtube videos, 

ggplot tutorials, searching for software support, asking for help on Twitter, 

and the R-Ladies community slack channel.

“Well, I don't very often go to people or book, usually the first thing I would do 

when I run into a problem is to go online and just check what the internet 

has to say about it. And that usually happens during the data analysis and 

during the initial visualisation if I don't know exactly how to do it.” Participant I

“Pretty much on everything I just Google, and I use Stack Overflow, and 

that's how I do everything. I'm not personally someone who like... I don't 

really enjoy reading books, I find it a bit boring, I don't really go to get advice 

from other people.” Participant D

“The online community is amazing, an amazing resource, because my 

background isn't computing science I self-taught everything to do with R and 

Python, and engineering computer science, so those online resources were 

amazing.” Participant H
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[I access] books about visualisation, books about 

data analysis. And about project management in 

this case. These people, they have a mindset (…), so 

it's very interesting sometimes to see how they're 

used to... how the information usually is showed to 

them. Like, which type of graphic they are used to 

see? It's very interesting.
Participant A

What they need to learn:

Project's theme, client's 

profile, user’s profile, technical 

issues, how to develop a new 

type of visualisation never 

done before. 

How they seek knowledge:

Google, Stack Overflow, access 

colleagues and co-workers, online 

communities, access Youtube

videos, ggplot tutorials, books, 

search for software support, ask 

for help on Twitter, R-Ladies 

community slack.

Inspire me!

Only three participants, all with backgrounds in art and graphic design, 

said they would usually search for visual inspiration during the process. 

This search for visual inspiration usually happens before they start 

creating the final visualisations, and is not necessarily related to the 

project’s theme, rather to the type of visualisation that will be created (e.g. 

maps, networks, etc). 

“I look into Pinterest, make a board... and I look at designs, what other 

people design into maps. So not necessarily dataviz maps, could be like just 

graphic design maps.” Participant G

“I collect lots of different good examples, figure out which I like. So yes, l 

selected the bits that I really liked and then I thought about are they 

appropriate... are they suitable for this project? Can our data be represented 

in this way, to the end-user?” Participant H

This inspiration can also have another function: just reaffirming that the 

idea can be executed.

“Yes. I'll Google for inspirations, and in this case, there were a couple of 

examples online where people have done similar stuff. I wouldn't say they 

are particularly inspiring... I think what I had in mind was something much 

more advanced, but it was reassuring that at least that could be done.” 
Participant F

“

“
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In this case I decided just to jump in, I started playing 

around with the code, and I was reading these textbooks... 

someone who responded to my tweets actually wrote a 

chapter in a textbook on this. And I was reading her chapter, 

working through her examples, but I didn't have her data. 

And so she gave me her data and I was asking her about this 

errors, and ended up it was really difficult conversation, 

because I didn't have the vocabulary to ask for what I 

needed, and she didn't understand what the problem I was 

running into was. And so, it ended up being a while before I 

was able to use this analysis. 

Participant J

“
“

“ “
I don't have a mentor who is a 

visualisation expert, is more being sort 

of... picking up things as I go, I guess.
Participant F

WAYS User Research Report 1
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Considering Ideation as "creative ideas that address the unmet user 

needs identified in the Defining phase" (NN Group), the act of ideating 

or creating things happens at several points throughout the workflow, 

with distinct intentions. It involves creativity, imagination, invention, 

exploration. In the participants’ workflows, we can see three different 

ideation intentions: 

1. create visuals to understand, 

2. create visuals to explore visual design and 

3. create visuals to deliver. 

Each of these creation intentions bring specific actions and 

characteristics.

“(…) there's two ways in which I usually make the visualisations. One is 

just looking at the data and trying to understand that, so I just usually do 

a few different visualisations, just basic ones, and try to see what the 

data looks like along with, in all the numbers. And then, once I kind of 

know what is the story that I wanna tell, or what I wanna show, then it's 

the time I start thinking about what is the best visualisation type to use 

for that purpose.” Participant I

Create visuals to understand

As we explored before, these type of data visualisations tend to be created 

at the analysis stage, specifically to explore and understand the data, 

without the intention of using them later. Therefore, they are exploratory, 

raw and without aesthetic concerns. 

“ I work with such complex data, that sometimes I use entire wall-size 

whiteboards trying to draw the relationships between different subcategories 

in my data. And it's so busy and confusing, and hard to keep it in my head, so 

I find that visualising it is just an easier way of understanding” Participant J

“When I analyse data, I create a lot of plots for exploratory data analysis. (…) 

And these plots, I don't care about this [aesthetic criteria].... you know, 

whatever is written on the axis, in a final plot I would never have my label of 

the variable name on the axis, but in this other stuff, of course, it's random 

stuff that wasn't in the data frame. I wouldn't care.” Participant B

Ideating phase
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Create visuals to explore visual design

These visualisations are created with aim of exploring how the final 

data visualisation could visually look like (considering colours, shapes, 

typographies, etc.). In general, these visualisations will not be ‘finished’. 

Instead, they will be improved and evolved until a final visualisation is 

reached (often based on feedback from colleagues, co-authors and/or 

users). These visualisations tend to be created after the analysis phase 

and before the final visualisations. Only one participant said that 

creating visuals to test a visual design would be the first thing to do in 

their process, even before the analysis, without using real data:  

“I just did like a... on illustrator, I've just made a poster which had like the 

map in it, and just like fake circles. And obviously it had no data 

resource, I hadn't started working in the data yet, it was just how I 

imagine this to be. And I guess in this process I knew it would not be the 

same thing once I had the data, I knew I would have problems so solve, it 

was just a starting point so I had something visual to aim for.”
Participant G

“So, this was primarily about the visual point. So, it's about the look and feel. I 

was sort of interested in whether the visualisation was appealing, whether it 

was entertaining... at this point, I wasn't interested in the message, because 

to create this fast alpha, I didn't have time to get all of those message 

elements into it.” Participant F

Sometimes in this phase, depending on the project type, the data scientist 

also needs to consider where the data visualisation will be disseminated. In 

the case of scientific publications, for example, the data scientist usually 

tries to adapt the visualisation to the journal’s style.

“I kind of have an idea in my head. Like, you know, there is kind of an 

expectation. When you see a paper that uses X, it uses X, it also uses X for 

visualisation, you know. If you use this method, so this is what you show. You 

know, if you do psychology, you plot this kind of map.” Participant B
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Create visuals to deliver

This type of visualisation is the one that demands more effort from 

data scientists, because they need to consider not only aesthetic 

characteristics, but also if the message is being clearly conveyed. 

Moreover, frequently they face technical obstacles and need to pause 

the process to search how to solve specific problems, before 

continuing their work. These data visualisations are created for the 

final public, so they must be finished and delivered (either to the end-

user, the client, or for publication). It's also an important decision-

making phase, because the data scientist needs to decide when the 

visualisation still needs to be improved, or when it's finished.

“My experience is that getting the visuals right is a very labour-intensive 

part of the visualisation process. What is the right font size that 

everything looks very nice? You know, on which screw do I have to tinker 

to do the final getting very beautiful? This is all is very very labour-

intensive. You try, and try again, try again, try again until it looks right.” 
Participant B

“So, once I'm happy with the outputs I've generated on step three, I start 

thinking about how it can be polished... how can be made more professional to 

the end-user. And then, create the final version... and disseminate for feedback.” 
Participant H

This step can involve multiple software. For some participants, the 

visualisation is done in R, but it’s aesthetically refined in another software or in 

another language (e.g. Adobe Illustrator, JavaScript), in an iterative way.

“So R is really used... or Python or whatever tool that I use for the exploration, I 

often just used to explore the data and to draft out the potential final visual. But 

then, I move to the web technologies, and I start to code those visuals in 

JavaScript. Maybe before that, I design in Illustrator, Sketchup, Figma, and 

some sort of better graphic tool. And then build the final visual online.”
Participant E
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Create visuals

to understand

Visualisations to understand are created not 

necessarily in the same software that will be 

used for the final visualisations;

Visualisations are created for data scientists’ 

own use, not considering  the final public;

There’s no concern with aesthetics (colours, 

fonts, subtitles, etc.)

They are exploratory, created by trial and 

error;

They use the real data.

Create visuals

to explore visual design

Visualisations to are created not necessarily in 

the same software that will be used for the final 

visualisations;

Visualisations are created with focus on the final 

public;

They strongly consider aesthetics (shapes, 

colours, fonts, subtitles, etc.); 

They are exploratory, but they are created with 

an idea in mind;

Usually they are created without real data; 

They usually interlayer searches for visual 

inspirations (mainly on the internet, but also in 

books and other publications).

Create visuals

to deliver

Visualisations are created with focus on the 

final public;

They are created with real data;

They strongly consider aesthetics (shapes, 

colours, fonts, subtitles, etc.)

They strongly consider the support media 

(digital, printed, online, etc.)

They strongly consider design principles, 

legibility and accessibility.
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Visually thinking the visualisation

How do data scientists start to create their visualisations? Do they 

have any predefined ideas before the start? It was possible to identify 

two distinct groups: those who prefer not to have previous ideas, 

because they expect the data and the project themselves will define 

the type of visualisation they should produce; and those who idealise 

the visualisation and mentally “see” it before starting to create. 

“I think my experiences taught me to hold very loosely onto initial concepts, 

because you need to be flexible in responding to pilot, responding to people's 

opinions. So, I have sort of loose concept of what I wanted it to be. (…) So, I 

also wanted to make sure I had space to respond and change directions if I 

needed to. So yes, I had an idea, but I held onto it very loosely.” Participant F

In the second group, an idealised visualisation is based on previous 

knowledge and experiences from previous projects. This mentalization can 

be more technical (based on the experiences of visualisations created in 

the past) or more artistic (based on the background of arts and graphic 

design).

“And because, as I said, I'm very visual, that comes very easy, so I don't 

typically sketch it out, I just sort of know that... you know, if these two things 

are the same, they will appear like this, and if there's something in the middle, 

it will be like this... so what I'm looking for is how that maps onto my 

predictions.” Participant J

“It's like, you know, plots with this method always look like this, and then it's 

kind of something along those lines. There's always a visual idea, I always 

have a visual idea in my mind when I wanna plot. And you know, usually it's 

based on how usually these things are plotted in the literature.” Participant B

“I always look at the data first, 

so I try not to have a particular 

type in mind before I start it, 

because I don't think that's 

good. I think, let the data lead 

you to what's the best way to 

show it.” Participant L

Within the first group, one participant prefers not to develop ideas 

beforehand so the data can define the visualisations to be created, but 

also to have more flexibility for changes and adaptations throughout 

the project.

“It's strange because a lot of it 

is done in my mind, so really, 

before I even start... I don't 

know if that's my background 

in art, but I always start to 

visualise things in my mind.” 
Participant H

X
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Two heads are better than one

Visualisation projects tend to be collaborative. Nine of the participants 

described projects in which they worked in partnership with colleagues 

and co-authors. In these projects, collaboration usually means that 

each project participant has well-defined responsibilities (e.g. prior 

theoretical research and hypothesis definition, data collection, data 

analysis, creation of visualisations), and involves working in parallel 

and providing mutual feedback. 

“Some of these steps can be collaborative. So, for example, deciding on 

the specific research question, deciding on the data analysis, 

conceptualizing the visualisation, those we often discuss as a team. 

Sometimes the collaboration can be challenging as well, as part of this 

visualisation process just have multiple people working on the 

visualisation, it's not simple. We're sharing or we're using GitHub, we're 

pushing code, but still, it's not super easy to collaborate.” Participant I

“So, it was really nice working with that, 'cause plots that made complete 

sense to me, for her weren't interesting or weren't really explanatory. So, 

yeah, it was a much more like intense and interesting way of working.” 
Participant M

It is interesting to note that this collaboration has an impact on how 

participants described their workflows, as they tended not to include the 

phases that were someone else's responsibility. Some participants, for 

example, did not include data collection and analysis steps in their 

workflows, but they indicated that this was done by a colleague. The 

perception of how the workflow unfolds depends on the scientist's role in 

the project.

Another interesting point is that although the participants find the 

collaboration positive, they understand that it brings complications to a 

project. One of the participants, for example, reported needing a person 

dedicated only to reviewing the visualisations of a project in which there are 

several people creating them, to make sure they maintain a visual 

consistency. 

“The other thing that is kind of slow and annoying is that for each of those 

charts, we want to make sure that we record the correct number of cases, 

correct time frames, so (…) we have someone in our team who actually goes 

over each chart (…) to double-check the numbers. Because sometimes in the 

report there's like a dozen charts and multiple different people might have 

generated them or worked on their numbers, so just to make sure that charts 

match the numbers and texts…” Participant I
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(Sometimes) the user is a co-creator

Another way of collaborating, but less frequently mentioned by the 

participants, is with the user. Only four participants said they have 

iterative creation and validation cycles with their users, with the user 

having an active role in the project. These three participants work with 

commercial projects for clients/companies. 

“So, we keep like talking and discussing about how to get the 

information he wants on the screen.” Participant A

“I'd go to whoever I think the stakeholders are, (…) I'll have a 

conversation. Sometimes, if it's a video call, I'll type as they're talking, so 

they can like get reaffirmation of what they're saying to me, which I think 

it's quite good for them, because they kind of forget what they told you... 

and then, what's really good with that is you can listen what they think. 

Because sometimes what they think it's actually what's happening, but 

other times, what they think is the opposite of what is actually 

happening. So, it's good for me, it's kind of going and see where their 

minds are. it helps me decide what kind of visualisation I need to think 

about.” Participant L

One of the participants described a more collaborative approach, bringing 

the user into co-creation sessions. 

“In some projects, including this project I mentioned, see organized a small 

workshop to get them sketching themselves around problems that they find 

understanding. So, it's just... this is to get as much as possible from the 

people I work with, in this early design process. And then, after those 

sketches, then you get a fairly good idea of what it's needed, and what could 

be some alternative design to respond to them...” Participant C

The other participants mentioned they take into consideration creating 

visualisations that are suitable for their audience, but they didn’t mention 

having direct contact with the user to know their real needs.
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Although the participants agree that data visualisations must be clear 

and appropriate for their audience, only seven of them described steps 

in which they validate ideas or validate the visuals they have created by 

testing how clear is the message.

Validate ideas and validate visualisations have audiences and a 

different focus. The validation of ideas tends to be done at the 

beginning of the process, with colleagues and co-authors, aiming to 

verify if the idea makes sense and if it’s valid for a visualisation. It can 

be carried out verbally, in a conversation, or as a report sent by email.

“So, my initial feedback on this was ‘hmm not sure it's a good idea, so 

thumbs down’. And I then went to a different colleague who thought it 

was a great idea. So that can sort of go one or two ways.” Participant F

When the data scientist needs to validate a data visualisation, this is done 

at the end of the process, and it varies between being done with colleagues 

and co-authors, and/or with the users. Only the same four participants who 

said they have iterative co-creation cycles with their users (mentioned in the 

previous topic) usually validate their visuals with the users. 

“And then interview or sort of get feedback on the data sketches from who is 

interested. And in some cases, depending on the time, sort of produce like 

two or three of these data sketches, and then have sessions with the 

stakeholders to play around with these data sketches discussing them and 

getting feedback.” Participant C

“Because it needs to be used by multiple people. It's meaningless if just one 

or two people will use it, or only one or two people see value on the 

information, right?” Participant A

Prototype and testing phases
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The other participants usually validate their visualisations with 

colleagues and co-authors, or with people not related to the project 

(but who are not the end-users).

“I mean, we discuss in meetings, or maybe I would show it to someone's 

ask them what do you think of it, would you think these colours work, 

also just trying to see it from a different perspective.” Participant G

“I think it's really quite rare for me to generate something and not ask for 

feedback from somebody. Even people who are not related to my work... 

I remember my mom used to always said to me, it's really good to run 

things through her or other family members that aren't involved in my 

research because they might ask questions that I'm biased, is that make 

sense?” Participant H

This is typical in my process, it would be to 

create a really simple version, even using dummy 

data, something that I can turn around very quickly, 

and get feedback from both the researcher 

scientists, as well as the audience. Because I don't 

want to invest a lot of time in something that is not 

fit for purpose. So, I wanna sort of fail fast, I wanna

create something quickly, get feedback on it, so I 

can then move forward.    
Participant F

“
“
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The validation step is essential in the decision-making process. When the 

validation is completed, either with the end-user or with colleagues, the 

feedback informs the data scientist on whether the visualisation needs to 

be improved, if it’s finished, or even less frequently, if it needs to be 

redone. In the projects the participants described this step might involve 

multiple iteration cycles, until the visualisation is considered ready. 

“I mean, the idea is, in a way, converge to some designs, some of 

alternatives. Here, in the beginning, I would have lots of alternatives in the 

sketches. Then, cut it down to a few ones that are best responding to the 

brief (…) and then get from the users, and then a smaller subset could be 

done as rapid prototypes, to get further feedback…” Participant C

For this participant, until the validation of the project it is, in a certain way, 

theoretical or hypothetical. Only after validating the visualisation is it 

possible to be sure that it is effective and that it works, because it was in 

fact put into practice.

“(...) up until here, it's sort of... it's not exactly completely reality in a way... 

it's just more theoretical... so people just make assumptions of how what 

would work, what would not work... but here it's really just getting 

feedback.” Participant C

Only the same four participants who said they have iterative co-creation 

cycles with their users (mentioned in the previous topic) affirmed they 

usually validate the visuals with users. 

“And then interview or sort of get feedback on the data sketches from who is 

interested. And in some cases, depending on the time, sort of produce like 

two or three of these data sketches, and then have sessions with the 

stakeholders to play around with these data sketches discussing them and 

getting feedback.” Participant C

“Because it needs to be used by multiple people. It's meaningless if just one 

or two people will use it, or only one or two people see value on the 

information, right?” Participant A

36



WAYS User Research Report 1

“Oh, what a difficult question!”

After the validation, at some point the visualisation needs to be 

finished. But how does the data scientist decide that the visualisation 

is ready? This question caused discomfort and intrigued the 

interviewees.

“It's really difficult to know when it’s finished [laughing].” Participant H

“Oh my God. I don't see anything as finished. I see as working for now, 

because business priorities change all the time. So, what is works now, it 

works now. But that might change.” Participant L

“I don't know, sometimes I feel like it's never finished.” Participant C

“It's similar to art, for me, the pieces are never done (…) and I could work 

on it forever and ever and ever and always improve it. And I guess 

sometimes timeframe and deadlines, or end-user deadlines, (…) can be 

really good.” Participant H

When asked about this, the participants were confused, laughed, and 

showed clear signs of doubt, as if they had never thought about it before. 

All of them tried to present some criteria, but clearly the criteria are quite 

subjective, vary from project to project, and many times are not consistent. 

From the answers of the participants, it’s clear that many times data 

scientists make choices without really rationalizing about them, maybe just 

following their intuition. When they need to define rational criteria, they 

return to the initial research questions. Not all the criteria presented were in 

fact tested.

It’s interesting to notice that the broader the audience is, the less direct 

access the data scientist has to it (e.g. the audience for a publication). So, 

any decisions about how the audience would prefer to see certain type of 

visualisation, if they would understand certain visuals, what they don’t like 

to see, etc. are based on the data scientist’s view and assumptions. 

It was possible to identify nine categories of decision-making criteria for the 

final visualisation, detailed in the next page.
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Dissemination 
media

Be printable.

Have the same 
message both in 
printed and 
digital.

Meet the media 
guidelines.

Criteria
(in the data 
scientists’ 
words)

What data scientists 
consider to make 
decisions

Aesthetics 
and visual 
design

It’s pretty.

It’s nice.

What looks 
better.

How data scientists decide their 
visualisation is finished?

User / 
audience

Meet the 
visualisation 
requested by
the client.

Final evaluation 
w/ user is 
positive.

Be useful.

Tell the story.

Be readable.

Be simple.

Be clear.

Business

Be accessed 
regularly.

Encourage 
discussions 
about the data.

Project
goals

Meet the 
preliminary 
questions.

Meet the 
research 
questions.

Data scientist’s 
personal view

Flutter in the 
heart.

It feels right.

This is it.

I’m happy with 
that.

It’s just feeling. 

Data scientist’s 
experience.

Message

Conveys the 
right message.

Doesn't hide 
information.

Message is 
clear.

Best
practices

Have suitable 
colour scheme 
for colour blind 
issues.

External 
factors

Time is over.

Co-workers
says it’s done.

Supervisor says 
it’s done.

Client choose 
one of the 
visualisations 
presented.
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“I think a lot of it it's through the validation of my peers, and also, if 

possible, I will try to get the end-user to have a look at it, and give me 

some feedback, and see if it actually meet those preliminary research 

questions.” Participant H

How data scientists decide
their visualisation is finished?

“When I'm confident that the message is clear and the audience 

understand it. But that's quite nebulous, so that's gonna be driven by 

feedback from my audience, if I have feedback from the researchers that 

I work with, and also driven by how much time I have on a project.” 
Participant F

“In terms of choosing the best option, the best kind of visualisation, it all 

goes back to what the data is saying. So, obviously I try to choose best 

practices, in terms of things like colour (…) but it all comes back to the 

data.” Participant L

“So maybe it's finished when it's like... someone can interpret it, and get the 

right idea from it, and be able to read the data clearly. Yeah, I mean, because 

definitely it's a tricky question.” Participant G

“Well, I don't think we actually ever decided that something is ready, we just say 

‘we have to stop now’. There's always extra things we wanna do, always 

something, but at some point, we just have to say "ok, we are happy with the state 

of this now, we think the plots show what we want them to show, and we are 

gonna leave it there".” Participant M

“It's usually finished in my mind when it is printable, and at the stage 

where I could show it to someone (…) and have it tell the majority of the 

story (…). And, qualitatively, I just sort of get that like flutter in my heart, 

and I know that "this is it!", "I've done!". Participant J

Usually it's just feeling, you know. What looks better. And then 

sometimes you send it out to your colleagues, you reach out to the 

people that you work on with, and they provide you some feedback. (…) 

But this is the maximum. Usually, as long as I'm happy, then I'm done.” 
Participant B

“And it's not only based on the feedbacks, but it’s also on our experience 

as designers.” Participant C

WAYS User Research Report 1
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For the participants, the act of delivery is not always well defined. 

When the data visualisation is created for a publication, for example, 

the article submission becomes the delivery point. As frequently there 

is a long time between the completion and the publication, this point is 

not very clear.

“So, it would be like making changes, stepping back from the poster, 

asking opinions... making design changes accordingly. Finishing the 

project, making small tweaks, and then the final outcome. Yeah. And I 

think things go slower than initially... because now it's the final design.” 
Participant G

For projects developed for clients/companies, the delivery is not 

always the project’s final phase. Sometimes the data scientist delivers 

the project in small parts, so the user can start using the visualisations 

slowly, and get used to them. Other times, the delivery is made but 

there is a follow-up period to check if it is being effective, and if any 

adjustment is necessary.

“After that, I would say more observational phase, and this could be maybe like a 

period... like a few months, I don't know, it depends... like some period where you 

leave the user and the visualisation alone, by themselves, and let them work 

together. And then, you get from them what worked and what didn't work for 

that creation.” Participant C

“Because it's a different setting that just asking... like showing them some 

screenshots or sort of giving them a demo and asking them what they think. So 

this is really giving them this first refined version and seeing whether they can 

use it, what's needed, then I would say this is more like ecological validity of the 

design.” Participant C

I always like, you know, on a cooking show. They 

say you should taste your food as you're cooking. I try 

my best not to just disappear and go and do stuff for a 

really long time.
Participant L

Implementing phase

“ “
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Iterative cycles

In the participants’ workflows, every step that involves creation necessarily 

involves iteration. The participants described micro iterations cycles and back 

and forths that mostly happen when they are starting or finishing a data 

visualisation. This iterations might involve other people (co-workers, co-

authors or end-user) or might involve just the data scientist and the project 

itself. They are not isolated: the cycles can connect and generate other 

iterative cycles.

“I would add more and more arrows, I would say here we have another arrow... 

the arrow from "create another draft of plot" to the "realize what is missing" one, 

there are more circles, it's always in circles and then, at some point, you finally 

realize and be happy with the current situation.”  Participant B

“Usually we go back and forth, it's probably repeated almost indefinitely until the 

paper is ready for publication. Even sometimes, I'd go all the way back and start 

to get new data again, because maybe we found something wrong in the raw 

data and we fixed it.” Participant B

Other perspectives
about the workflows

Main iterative cycles:

Finish a 
visual

Validate the visual 
with co-workers, 

co-authors or end-
user

Analyse the 
feedback 
received

Improve the 
visuals

Process the 
data

Analyse the data

Test some 
visuals

Start 
creating a 

visual

Identify a problem 
(technical issue or 

something to 
learn)

Search for how 
to solve the 

problem

Solve the 
problem

Continue 
developing the 

visual
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Multiple files and visualisations’ versions

The participants tend to keep multiple versions of their data 

visualisations, however they do it in different ways. Three participants 

mentioned R Markdown and Git as their preferred way to keep project 

records. Other participants mentioned just duplicating a file to keep the 

old version and improve the new one, renaming them to Version 1, 

Version 2, etc., and eventually taking screenshots to keep just 

visualisations’ images.

“So, I've only been using R notebooks for a couple of years, but I've been 

using R Markdown to clean my data and do the initial explorations. And 

then, move on to the tidy clean final analysis and visualisations. So when 

I come back to then, I've marked it up with notes, and I can sort of seeing 

the branches attempted to go down that I ended up not going down and 

they're still saved there but I don't have to run that code to get to the final 

code... so I do try to keep records like that, it's not like particularly 

organized, but... sort of the halfway in between a lab notebook and 

sketchbook.” Participant J

“So, because we are working in Agile development, so every time we make a 

change, we have a backup of that, we have a copy of that. So, I have file 

folders on SharePoint of all old versions. So, you know exactly which one 

became before. So, the master version is published, but like here are my 

previous versions.” Participant L

Not all the participants think it’s important to have these documents 

history - one of them didn’t see any point in keeping old versions if the final 

version is good enough.

“Sometimes I save some stuff, but not a lot. Because, you know, I'm happy 

with the final version, and all the other versions don't matter anymore.(...) I 

deleted them because it's an iterative process which I want to go to the end 

goal.” Participant B
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The ideal process

The participants were asked about what the ideal data visualisation workflow would be like, if they could think about 

the best process possible. The answers were very diverse, as each participant thought the ideal process to be the 

one that would not have the problems, pain points and difficulties they commonly have in their projects.

… includes a formal process to understand 

the user (e.g. have a template for interviews 

with clients/users);

… helps to access communities.

… includes more stages to work directly with 

the audience/users that are going use the 

outputs.

… help to preview certain types of graphs at the 

project’s beginning, to be able to collect the right 

data that will help to create those graphs.

… includes automated ways to clean the data.

… includes easy ways to adapt pre-existing 

objects, so the data scientist doesn’t have to 

start everything from scratch.

… helps to experiment more, to be able to create 

innovative visualisations, and not always ends up with 

classic charts.

… includes stages for creative thinking, as sketching 

sessions, brainstorming sessions, etc.

… encourages to not being afraid to show people 

visualisation early on, not being afraid to fail.

… is more linear, with less back and forths, objective 

tasks formulated at the beginning of the process.

RELATED TO PEOPLE RELATED TO TECHNICAL ASPECTS RELATED TO CREATIVE ASPECTS

The ideal process...
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DATA SCIENTISTS’
LEARNING PROCESS
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LEARNING PROCESS

Why data visualisation?

The participants have different stories about why they started working on 

data visualisations, and why they started using R. Most of them consider 

it to be a natural path related to their work or their area of study.

For three participants, the primary motivation to learn data visualisation 

was to improve skills and their work capability inside the organization 

they were working. We can say for them, learning data visualisation was 

driven by business necessity, and they see it as like learning a new field.

For the other participants, the motivations were more related to improve 

the ways they could represent their ongoing work (mainly research), 

aiming to better understand their own data and disseminate results to 

others. We can say for them, learning data visualisation was driven by 

evolving their work and their research, and they see it was like extending 

their knowledge to have new perspectives on their work.

“Well in my case it was very empiric. I was always interested to run 

some reports from the system. So (…) my manager just gave me this 

task: OK, now you are responsible to develop the reports, go on. 

[laughing] It was totally driven by the need on the business. And by 

curiosity, basically.” Participant A

“I think this is a very natural progression. I am primarily linguist, 

psycholinguistic scientist, so when I'm writing up my literature, writing 

my studies, and presenting my data to people, because I'm very 

quantitative researcher, I think visualisations are more communicative 

than tables and numbers. I am a very visual person, so I think you can 

communicate a lot more with your drawing, with your aesthetic 

choices, than you can just by listing numbers.” Participant J
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It’s interesting to notice that while some participants believe that it was 

their background in arts and graphic design (even when not formal) 

that had the strongest influence and helped to learn data visualisation, 

others believe it was their background in statistics, mathematics, and 

related areas that were the strongest base to learn how to visualise 

data. Based on the interviews, it’s not possible to identify a standard or 

any tendencies regarding the paths that lead data scientists to work 

with data visualisations – which indicates how interdisciplinary and 

multiple this field is, and could be.

“I was doing my undergraduate in computer science, and I was working 

in a newspaper as a telecom journalist. And at some point, the 

newspaper got restructured and we started looking more deeply into 

data journalism. So this paper needed at the time a visual editor, 

someone to work with people who are doing the layouts, who have 

background in statistics and visualisation. So that's the first place where 

I had to do a little bit of data. I was mostly not actually doing the 

visualisations myself as much I was conceptualizing... looking at the 

data, and then telling the visual people what we wanna see there. So, 

there was my start.” Participant I

“Pretty much every researcher in my area is going to have to do visualisation, 

but I think what has made me particularly drawn to it and particularly engaged 

to it, before I decided to enter my field I was considering going to art school. 

And art has always been a really important part of my life. My grandparents 

were artists, my father is physicist and an artist, so visual communication, 

composition, colour, have always played a really big role in the way I just 

engage with my world. It seems a nice to combine my interests.” Participant J

Backgrounds the participants mentioned
in their professional trajectory 

information
technology

statistics

mathematics

financial
mathematics

economics

film

journalism

arts

graphic design

architecture

computer
graphics

computer
science

psycholinguistics

cognitive neuroscience

linguistics

games

geography
ecology

environmental science

DATA
VISUALISATION

business information

psychology

communication

social sciences
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How did they learn how to create visuals?

Regarding how the data scientists learned data visualisation, only four 

participants said they had specific training, which was during their 

Masters or Ph.D. All the other participants see their learning process as 

self-taught, primarily “on-demand” (they learned as they needed to do 

something new in their projects).

“No, no. No training, just doing. And I think that's still more or less 

what I do.” Participant M

“I started in statistics, but I would say 95% of my knowledge that I 

currently use is self-learned, or self-educated in the past 20 years.” 
Participant E

“So, I had one module in my final year that was dedicated to teaching us 

about R. It was a whole module based on learning how to use R, how to 

script, using packages, and understanding packages, going on the 

community, that was quite early on during that period of time... 

understanding the correlations and modules, and time-series data and 

all that kind of stuff. So, it was dedicated to that. So, it was the first 

training I ever had.” Participant L

I'm kind of just like learning in my job, if that makes 

sense. So, I didn't have any experience in R, but I've 

been through quite a lot of tutorials, and looking for 

worksheets and other resources, but I hadn't had like a 

formal education in it. So, yes, a lot of self-taught and 

that kind of learning.
Participant G

“I guess it's been more about having a goal, like I wanna create this on R, and 

then just learning this goal specifically rather than like learning the whole 

package.” Participant G

The data scientists’ learning processes also are very diverse. Although most 

of them mentioned, during their workflow creations, that Google was the 

preferred way to search for information while working, books were the most 

cited type of reference to learn (9 participants). Other resources the 

participants use to learn are: people (7), conferences (6), websites (5), online 

communities (5), papers (1), YouTube videos (1) and podcasts (1). 

“

“
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BOOKS

Books are relevant in the learning process as formal and foundational 

texts, but do not provide quick information and “how to” when work is in 

process. 

Mentioned books: ggplot documentation, R Cookbooks, The Big Book of 

Dashboards (Steve Wexler, Jeffrey Shaffer and Andy Cotgreave), Show 

Me The Numbers (Steven Few), Storytelling With Data (Cole N. Knaflic), 

Claus Wilke on data visualisation in R, Elements of Statistical Learning 

(Jerome H. Friedman, Robert Tibshirani and Trevor Hastie), Introduction 

to Statistical Learning (Gareth M. James, Daniela Witten, Trevor Hastie, 

Robert Tibshirani), Information is Beautiful (David McCandless); 

Beautiful Visualization (Julie Steele and Noah P. N. Iliinsky). 

“Well, there are two books, like those classic kinds of visualisation books, 

and I was disagreeing with quite a lot of that [laughing], so that was an 

interesting process.” Participant I

“Show Me The Numbers, which I find really good, because he just like... no 

bullshit [laughing]. He is like "this is terrible", "this is really bad", "don't do 

this"... so I don't look at that book often, but sometimes I look at it, just to 

kind of reminds me best practices and that kind of stuff.” Participant L

PEOPLE

As with books, authors were mentioned as being relevant to learn the basics 

and to help to develop critical thinking about data visualisation. However, 

participants implied that the people closest to them (e.g. colleagues, 

classmates, etc.) Were more relevant in helping them to learn the hands-on 

content. 

Mentioned people: co-workers, undergraduate teachers, undergraduate 

classmates, professional colleagues, authors (Scott Hale, Hadley Wickham, 

Tufte, Stephen Few, Mike Bostock, Scott Murray, Alberto Cairo, Colin Ware, 

Ernst Gombrich). 

“In terms of visualisations, I had a cohort mate as a postgrad who knew how to 

dig into base R visualisations, so in some way, she was sort of a mentor, she 

helped me learn how to manipulate the images to add colours, add layers to 

images, even before ggplot was available (...) .” Participant J

“I follow a couple of people on LinkedIn, the Data Visualisation Society, I've just 

started to read some of their stuff and it's really good... so, yeah. That's a lot of 

things.” Participant L

“(...) because we were being trained by the people from the company, there 

wasn't kind of a need to read, because I could ask anyone, anywhere.” Participant L
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I started to like get involved a little bit, and I 

found, that time at least, the best resources for 

me were people, because there was a lot of 

people there that knew more than I did. So was 

more like being a sponge, and sucking as much 

information as possible. 

Participant L

“
“

“Yeah, so there's a book by Claus Wilke on data visualisation specifically in R, 

but a lot of it you can translate in things to think about when you are visualising 

data. That really helped me a lot, in terms of how to organize my plots in ways 

that are more pleasant to look at, and also more understandable even to like 

novices, 'cause, I mean, complicated graphs or whatever, they can be quite 

difficult to interpret and you need some training.” Participant M

“I was kind of... felt in three different projects and figured out "uhhh that 

visualisation might work for my project, let's have a read" "does that work?" "is 

that appropriate?"... but I'm trying to think in actually individual books....” 
Participant H

“And also team members, so just utilizing my network and trying to remember 

who is doing what and whether or not they could help me out. One-on-one 

basis was good as well.” Participant H

WAYS User Research Report 1
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CONFERENCES

Conferences were mentioned mostly as a way to meet people and 

create networking opportunities, but also as a source of inspiration and 

new perspectives about the area. Most the participants didn’t 

remember conferences’ names, but could tell something about them. 

Mentioned conferences: Meetups, The Tableau Conference, 

conferences from The Turing Institute.

“I went to a conference, about this software. The Tableau Conference. 

So, I was able to see a lot of other people and what they are doing in 

workshops. It was very, very productive. Very interesting. Helped a lot to 

understand what we can achieve, about visualisations and about data 

techniques as well.” Participant A

ONLINE COMMUNITIES

Online communities were mentioned as a good way to search for specific 

questions about how to create certain types of data visualisations, or how to 

solve technical problems.

Mentioned communities: Stack Overflow, GitHub forums, Tweeter 

communities, Stack Exchange, R-Ladies.

“The online community is amazing, an amazing resource, because my 

background isn't computing science I self-taught everything to do with R and 

Python, and engineering computer science, so those online resources were 

amazing. And I really would struggle, I think, if I didn't have them, because 

having to read books and books of the tools and packages would really slow 

down my research.” Participant H

“I wasn't familiar enough with this method yet. So, I had to go to the 

community, and I tweeted for help. The linguistics Tweeter community is just 

fabulous, it's a very open, friendly, and supportive community, and so I asked 

for help” Participant J

“I think having a community is very important, like, a community to ask 

questions like forums or sort of... I mean usually you don't need to ask any 

question because else already asked it.” Participant C
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That was a conference in March, it was Turing 

Institute conference based on New Castle, and there 

was a guy that did an amazing visualisation. (...) it 

was doing in a way that it was interactive, and wasn't 

intimidating, and people could get involved in it and it 

was very playful, which I really like. I find a lot of the 

traditional ways of visualising data are very rigid and 

traditional.. and I wanted to move away from that. 

And sort of this guy who did this type of experiment, 

actually I got really excited about it, and I looked how 

playful it was and kind of moving away from those 

traditional techniques. 

Participant H

“
“

“I did a couple of more like meet-ups, so I'd go and try to get to know 

some people and network a little bit, in terms of the wide audience... ” 
Participant L

“Conferences I remember of... one of the stuff that I like to go to look at, 

quite often, is the biostatistics of Vanderbilt. I think they have, on the 

website they have this... you know, what they call dynamite plots, and I 

found this kind of interesting.” Participant B 

“I mean I've been for like hours definitely using Stack Overflow.” 
Participant G

“And usually either after I Google it or, you know, usually happens that 

the results are fine come from a place like Stack Exchange, or one of 

those community questions and answers sites, or from blogs like from 

one of the r/poggers blog. So, it's usually one of those, and that's 

usually good enough to kind of be able to do what I'm trying to do.” 
Participant I

WAYS User Research Report 1
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WEBSITES

Websites were mentioned as a good way to find visual references and 

search for inspiration, although sometimes they are used to access 

articles and non-academic publications.

Mentioned websites: https://simplystatistics.org/, BBC, The Guardian, 

https://informationisbeautiful.net/, 

http://www.storytellingwithdata.com/blog,  https://flowingdata.com/

“Occasionally I check out some libraries, there are a few places where they 

have examples of kinda JavaScripts visualisations for the web, and I can 

just take a look, see what people are doing... it's not very systematic, it's 

more like... whenever you need something you just check it out.”
Participant I

PAPERS, PODCASTS AND YOUTUBE VIDEOS

These sources were mentioned, but the participants couldn’t recall specific 

names to mention. Podcasts were mentioned as a complementary but not 

frequently used source. YouTube videos were mentioned as a good way to 

access tutorials (although they are not always trustworthy) and learn very 

specific things about how to create certain types of visuals. Papers were 

mentioned as a source to check what kind of visuals usually are published, 

as a reference point for creating new visuals.
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SOFTWARE

Participants have different perceptions over software. Four participants 

believed that R is more suitable for making data analyses than for creating 

final visualisations. These participants use R mostly at the beginning of 

the process, and they tend to work with other software as well, in an 

iterative process.

“I guess R isn't really, at its core, visualisation software, right? It's a 

statistical tool. And it got a visualisation stuff package in it, like ggplot, but 

when you look a professional visualisation software, R it's just... no good. 

(…) So, it's not particularly to create kind of like sexy visualisation, right?” 
Participant F

“The way I use R is for sort of data analysis purposes within different 

projects. If I want to have some quick statistical test on something, and 

there's not available in Python, I go to R.” Participant C

The reasons and moments participants use other software vary. Two 

participants, for example, said they like to export a visualisation file and open 

it using an image viewer software because they feel more confident that 

what they see is the ‘real’ visualisation final result. Also, because they want to 

be able to see the visualisation evolving, comparing multiple versions –

which takes a lot of work and is time-consuming if not done in this way.

“Yes, I mean, I usually have R opened, and then I export the image, as an image 

file, and then I have an image viewer opened with the image file in another 

screen, and then I just, you know, I program in R, I run it and I see immediately 

what is changes, so this is my usual process.” Participant B

Other software/languages used in combination with R: Tableau, Alteryx, 

Windchill, Adobe Excel, Python, JavaScript, C++, Altair, D3, Adobe 

Illustrator, Adobe Photoshop, Sketchup, Figma, Adobe Acrobat Reader.
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“It depends, if I'm using a visualisation within the context of an academic 

publication then I would use Illustrator, or some other things, but... like 

maybe for embellishment or sort of some putting some annotation or sort 

of getting a few screenshots from the visualisation and combining them in 

some narrative. I would use Illustrator.” Participant C

“So sometimes I go to other platforms like Photoshop or Indesign or 

something where I can mess with it, even export it to a PDF file and then 

adjust things manually from the PDF if it's not flat.” Participant I

“I also add like my title in illustrator, images... (…) I mean I know you can a 

lot in R, but I just felt it was too much to learn, the types and things in R... I'd 

say Illustrator was a lot more useful to make it look visually appealing.” 
Participant G

Other participants use other software to alter the visualisations 

produced. After finishing a data visualisation using R, five participants 

usually go to other software to enhance visual elements, mostly to alter 

legends and titles (inserting them or changing fonts and sizes), change 

colours, and/or organize elements (space and distribution). Two 

participants eventually reconstruct the visualisation using other graphic 

tools with a focus on the visual design.

I guess once I had the data working in R, that's 

when I was able to like bring it back into Illustrator. 

So I added it into the poster, and I applied like the 

real text, changed the design again, and solving 

visual problems.
Participant G

“

“
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R is really used... or Python or whatever tool that I use for the 

exploration, I often just used to explore the data and to... maybe to 

draft out the potential final visual or final set of visuals...  but then I 

move on to the online, to the web technologies, and I start to code 

those visuals in JavaScript, maybe before that I design in Illustrator, 

Sketchup, Figma, and some sort of better graphic tool. 

Participant E

“
“
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Whereas those four participants don’t see R as being suitable for all the 

data visualisation process, for three participants, who consider 

themselves 'R fans', the language is seen as ideal for complex 

visualisations and it’s a solved problem in R, especially because of 

ggplot. They don’t use other software to alter the visuals and tend to use 

R for the entire process. 

“I found R is really good for more complex systems modelling. To 

modelling more complex big data problems. And Python was kind of good 

for the initial shell.” Participant H

“(…) maybe visualisation in R, I'd say, it's pretty much... it's solved, it's a 

solved problem almost, because of ggplot, it's sort of like a canonical tool. 

There's no way around it.” Participant E

“I think in the beginning, I was only using basic R for a very long time, and 

must have read something on these issues in some books, but I wouldn't 

remember this. And in the last few years, I switch to ggplot and I looked 

into the ggplot book, and data science book, and then I was already hooked 

by them.” Participant B

How much data scientists trust on software?

When the participants were asked if they trust the software to decide the 

best type of visualisation for each type of data, opinions were quite 

divided. Six participants were quick and had no doubts when answering 

“no”. These participants prefer to make their own choices based on their 

experience and data.

“No. No, I don't see the software as having any sort of valid opinion on that. 

So, I would myself go through several iterations trying to figure out what 

the best type is. (…) I'll go through a lot of different options to see whether 

my data can be explained better in a different visual space.” Participant J

“I wouldn't say so. I don't think that's R strength. I think R strength is in 

analysing the data itself, and the computer power that it has, and you 

know, the ability to help through certain decisions that might take 

longer if you use other programs... so I don't think visualisations are R's 

strength at all.” Participant L
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So, I'm very much in the driver seat in terms

of developing or building that visual, so I have to 

trust my own encoding instincts rather than 

the tool itself.
Participant E

Other participants trust the software partially. They believe the software 

will correctly deliver any calculations and there's no need to check the 

results, but they don't trust the software to define the type of 

visualisation. This level of trust is also related to the project's complexity.

“I mean, I trust the software to like represent what I've asked it to represent 

correctly. Like, I don't ever check. If it says all the X values 100 and the Y 

values 50, I trust that it's true. But I don't normally go... yeah, normally I 

control every single feature, so I think about every part of the visualisation 

and what values I want to separate. (…) I'd never use like an auto-generated 

visual, in fact, I'm normally quite suspicious of auto-generated visuals.” 
Participant D

“No, in general, I don't think I do fully trust them. It really depends on what I'm 

trying to do and what type of data I'm using. If it's a small data source notes, 

all validated, and I kind of have an idea of how it should look like, then I kind of 

trust it, because it's very simple. When things become a bit more complex, I 

think that's when my trust issues arise.” Participant H

On the other hand, those who say they fully trust the software (two 

participants) direct their trust to ggplot and the people behind it.

“I trust ggplot2 a lot. I really do, and that's because I know that the current 

maintainer and the core previous developer, the one who made the package, 

when they developed this package and they continue improving it, it's not... 

they actually are working on visualisation also, like theoretical almost 

philosophical level, like they read a lot of books about visualisation theory and 

ideas of how to develop visualisation software that really is simple enough that 

is applicable across broad domains and brad types of data. I don't know a lot 

about the plotty maintainers, but for ggplot2, I really do trust them, quite a lot, 

to make good design choices.” Participant M

“

“
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The same question was asked regarding colour, typographic fonts, and 

other visual elements. Do data scientists trust the software for visual 

choices? Again, most answered ‘no’.

“I would say the same [I don’t trust it]. It does like to use a lot of red and 

green, I find, and if you are colour blind, that’s useless. So, colouring is very 

basic in R. And I’m sure there’s a customization I’ve never had a chance to 

try, but definitely, from what I remember, it’s quite basic.” Participant L

“I used to just accept what it gave me, but now I tend to define this at the 

start of my script. Because I find that otherwise, you get like 

inconsistencies.” Participant D

“No, I don't usually use the defaults. I use a bunch of websites that give you 

various colour schemes that you can use. I usually go to one of those, and 

kind of pick colours there. And I guess in R, there's something to generate 

colour palettes, but they are pretty limited, the ones that I've seen.” 
Participant I

“No! [laughing] I mean, it's not that I don't trust them, but in science, usually 

the plots are literally not allowed to use very fancy fonts. I never use the 

defaults of ggplot, because I can't. (…) But thankfully (…) they have like a 

classical theme, which is more like the standard way of like a white 

background and Times New Roman font in black. That's what science 

wants because we are boring [laughing], but yeah, that's what journals 

want.” Participant M

Participants don’t rely on software for visual choices when they need:

visual consistency (having a series of visualisations with the same visual 

pattern)

good aesthetics and appearance (having beautiful and innovative visuals)

completeness (having all necessary elements as title, legends, etc)

accessibility (having a visual that is visually accessible).
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I do change the visuals because I think if you just have something from R 

you don't necessarily get something unique, or as visually engaging as it could 

be. I guess because R is... I mean, it's great for getting the map, but I think it 

alone, if I just print out them up, I wouldn't get anything very interesting. So, I 

think I need the design software to make it come alive and to be more 

approachable, 'cause I think the outputs from R necessarily aren't always 

finished or feel very finished. 

Participant G

“
“

WAYS User Research Report 1
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When talking about colours and other visual elements, many participants 

mentioned accessibility as something that they find is important, 

necessary, but not always obvious and easy to achieve. They try to 

consider accessibility in every visualisation they create, but they don’t 

necessarily become confident that their visualisations are completely 

accessible. 

“So, issues as equality, diversity and inclusivity, I find they are actually quite 

new. Obviously existed forever, but I find that they are more prominent and 

involved with research at the moment. And I started to think about that, 

because I want people to use my outputs as much as possible, I want 

them to be able to access it, I want them to be open source, I don't want 

them to be intimidated, I want them to be interactive, I want people to be 

able to access no matter their background education, disability... so I 

started to think about that. And so, every now, every time that I'm making 

something I'm always thinking "what issues of accessibility we could have 

here?". So, is it education, is it disability...? (...)  because it’s something 

that's new and I'm trying to incorporate that.” 
Participant H

“The default colours of ggplot are not visually impaired friendly. I haven't been 

so focused on it before, but I'm trying to be more focused on it now, to try to 

make sure that the colours are... that is possible to read the plot while being 

visually impaired in some way.”
Participant M

“I think having a background in visualisation and art kind of helps me figure out 

colours palettes, what is suitable and what isn't suitable, and for accessibility, 

just kind of talking about the issues with things like being colour-blind, I find a 

lot of tools or packages that create outputs that have red, or green, or blue... 

and sometimes they are colours that are really difficult to people with colour-

blind issues... then, I do try to generate my own colour schemes, to try to 

improve accessibility.”
Participant H

“Like, sometimes I change the colour scheme, because I have a colour... I'm 

colour blind in some sense myself. So, there are some colours I cannot 

distinguish very well.”
Participant B
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I try to be very conscious about the way people are going to be consuming the images. I 

try to make them very visible, useful and black & white, so even though I love colour and I love 

using colour, if I can make a plot in black & white, I'm gonna stich to black & white. If I can't, or 

if I have like more than three different shades that I need to use, I'll move to colour. But I try to 

be really conscious of colours blind limitations, so I got an app in my computer called Colour 

Oracle, that allows me to view my whole screen in four different conditions: black & white, 

protanopia, deuteranopia and tritanopia. And I don't tend to rely too heavily in packages for 

colours that say they're colours blind friendly. I always double-check. 

Participant J

“
“

WAYS User Research Report 1

62



WAYS User Research Report 1

What kind of things make difficult to create data visualisations using R?

Participants enjoy working with R, although they agree there are some 

difficulties. The first difficulty mentioned by participants would be the 

long (and for some participants, also arduous) process to learn the 

language.

“I think now, as like a pretty competent user, it's not that bad, It's actually 

quite simple. But I think it takes a lot of time getting to a decent 

competency level, you need to dedicate a lot of time to understanding how 

ggplot works. And when you understand it, also you have to learn how to 

alter the shape of your data, so ggplot can do the good things that it does” 
Participant M

“Also, coming from the background I do, like in psychology, we are not 

used to the data structure in the way that ggplot likes, that is long-format 

data. We are used to this wide-format data. And that takes a lot of time to 

teach, and for people really understand it.” Participant M

Most participants use ggplot, so when they were asked about any difficulties 

they usually face, they naturally directed their responses to their experience 

using ggplot. However, two participants mentioned specifically their experience 

with base R.

“(…) I absolutely hate plotting in base R, because it has this function where you 

just keep adding and adding, and you need to remember to turn the plot off if you 

want to start a new one, and it always felt very weird for me to work with that, I 

could never really understand properly how the base R plotly functions really 

work together.” Participant M

“If you're doing it within R itself, it's always awkward around... yeah, just trying 

stuff out. It would be nice to have like a preview, I guess, of how things are going 

to turn out. You just end up having to run the commands and keep doing trial and 

error to see. Generally, without visualisations you do stuff and it's immediately 

there. But with R you have to re-run stuff before you see things changing.” 
Participant L

“I think in general plotting in R is hard for anyone who is new to R, because it's so 

much weird. I know in my background, a lot of people use SPSS, that's like the 

main statistical software and it's easy to make a plot because you go into the 

menu and you click some things, and you choose a bar chart and you choose 

your variables and it makes a plot for you.” Participant M
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The participants also related other difficulties they face when creating 

data visualisations using R. Most of the difficulties reported are related to 

their effort and time spent to achieve a good aesthetic result in a 

visualisation, especially regarding managing elements as legends, titles 

and font sizes, and making other visual design adjustments. 

“My experience is that usually getting the visuals right, this is a very labour-

intensive part of the visualisation process. What is the right font size that 

everything looks very nice. You know, like on which screw do I have to 

tighten to do this final getting very beautiful. This is all is very very labour-

intensive. You try, and try again, try again, try again until it looks right.” 
Participant B

“Especially when you're visualising, typically you want to like drag and drop, 

and resize, and scale stuff, move stuff around... so it can be really 

restrictive. So you can spend a lot of time just trying to get the font to the 

right size, or the legend in the right place. And that can be really frustrating. 

So sometimes I'll step out R and just do something in Powerpoint... so 

yeah, it can be frustrating, the bonus is it's great for handling data, and 

statistics which is the core of what I'm visualising.” Participant F

“-

“It seems maybe a lot more long-winded to do something that looks aesthetic in R, 

in comparison to other kinds of programming languages artists use that are based 

and make sense into R. I don't think R feels to have the same purpose.” Participant G

The same problems regarding managing visual elements applies to a specific 

use case of multiple visualisations. One participant explained the difficulty in 

creating and replicating visual standards within a series of visualisations, when 

all of them need to have the same style. 

“So sometimes I go to other platforms like Photoshop or Indesign or something 

where I can mess with it, even export it to a PDF file and then adjust things 

manually from the PDF if it's not flat. So, if it's just one visualisation, so yeah, you 

can do it. But if you're going to make multiple visualisations, then you have to 

adjust all the text, all the positions... and it's especially annoying. For example, the 

network visualisations, in most packages, don't have a legend, so you have to 

generate your own... so yeah, arranging things, font sizes, for example... one of the 

things that are most annoying is when I create a visualisation in R but I wanna

export it to a PDF, the font sizes that I'm seeing in my viewer in R... well, when they 

look good in R, they don't look good in the PDF. So, I have to adjust them. It's just 

like, spending 4 hours to mess with those details to get them right.” Participant I
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Another difficulty mentioned by participants refers to finding the right 

packages and being sure they will work. For one participant, who was 

relatively new using R, it’s hard to identify the good packages. For other 

participants, which is more experienced using R, the problem is to 

change and adapt standards if it’s impossible to find a specific package. 

Also, the participant relates the difficulty of remembering their process 

after a while to continue the work after a long pause.

“Mostly it’s just trying to find the right package, like R doesn’t support radar 

plots, you have to do a lot of workarounds to get a nice radar plot, but it’s 

very annoying. I think someone has made a package to do that, but still 

doesn’t give you enough functionality. So, in general, if you can’t find the 

package to do something, it’s a lot of work. And some of the defaults are a 

little bit annoying, so it takes you a long time to work out to change them. 

And if you go away and you haven’t done it in a... I don’t know, in a couple 

of weeks, you come back, and you have to remember, and like it’s just a bit 

stressful.” Participant D

“I mean there are a lot of resources which I think are useful... on websites, I've 

found a lot of information, and they were good, but I've found information that was 

not updated, packages that were not working... but maybe that's a problem 

generally, I don't know.” Participant G

The last topic regarding the participants’ pain points is related to R performance. 

For a participant, working with R can be very time-spending because of 

rendering.

“So, I'm a huge R fan girl. I love R. It is sometimes slow. One of the ways I've been 

coping with the pandemic is learning how to make choropleth maps, and playing 

with gg animate. And so, I have everyday data downloaded from the UK 

Coronavirus website. And periodically I go through and I import all of them, and I 

wait... 20-30 minutes to get them into form, map, shapes and plot them, and 

animate them... and it takes like, 3 hours to render these things. My computer 

heats and crashes more than I get images. So, this is my main problem with R.” 
Participant J
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What would you like more control over? 

Participants also related things that they would like to have more 

control over when creating data visualisations using R. The topics 

mentioned were:

Have a visualisation preview: be able to see the changes that are 

being made on code.

“Yeah, definitely the preview... see your input changes having an effect on 

the chart, in real-time. Like having a wizard where you can just put stuff in 

and something comes out, just some sort of GUI that allows you to kind 

of here's my package, this is the kind of stuff that I'm doing. Sometimes 

you have things that you load the data and it give you options of what's 

the best chart possible, I can't remember if R does anything like that. But 

that's quite useful. And definitely some improvement with the colouring 

and things like that. and being able to change axis, legends…”
Participant L

Responsive design: software should help to consider 

responsiveness to different devices, and multiple ways of interaction. 

“Well, a big thing? Responsive design, it's a big thing right now. Because we use 

the laptop, and we do things on the phone, on tablets, that's something that I 

think definitely should be considered. Like touch screen, sensitivity, and stuff like 

that, because a lot of people consume stuff in their phones. Make the 

visualisation be really easy to access. Yeah.” Participant L

Have easier ways to create graphic elements and improve visual design: 

managing fonts (font types, sizes, spacing), adding titles and legends, not 

depending only on the code.

“But when I say in terms of like controlling fonts, it has some like restricted font 

structures, you are not allowed to like space the letters, and things like that... I 

know that sounds weird, but I really like aesthetics, so sometimes I'd want to 

space the letters, a little bit more from each other to make it even easier to read 

for some people, and that's just not possible.” Participant M

“Maybe more control over the visuals, maybe more availability to change... to 

have more options, possibly, and what you can do visually with R. Because I've 

been Googling a lot, and then you see some really visually nice pieces, but that 

code are very complicated and I have to go for so many small problems to get 

there, and it feels very tricky to achieve that. So maybe a simple way to get that... 

I don't know...” Participant G
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Have improvements on working with animations: easier tools to 

create animations.

“Animations. I think R's graphic animations options are so limited right 

now. I'd love to be able to just do it in R, because I trust R to plot, to draw 

the data accurately. And, well... I use Photoshop and Illustrator to make 

images, and I don't trust that to be accurate. So, yeah, I wish I had more 

control over the animation parameters. I could make more complex 

animations.” Participant J

Accessibility certification: participants mentioned how they would 

like to be more accurate in creating accessible visualisations. Software 

should help to orient and/or check how accessible the visualisation is.

“Something that could help me, I think that would be useful tool for most 

visualisation software could have something that would give the person 

making the plot an idea of if this is ok for someone who has the most 

common type of visual impairment.” Participant M

Easier ways to create different types of visualisation: many participants 

mentioned they would like to create innovative data visualisations beyond the 

usual kinds of basic visualisations. Two participants reinforced this idea when 

thinking on what they would like to have more control over.

“I'd like to have more easily accessible options for doing different types of 

visualisations. Like if you want to do like a sunburst diagram sometimes it's a 

bit of work... and so you do need like put a bit of effort into finding the code and 

then making it work. I think they could make that as simple as they make time 

series and scatterplots and histograms.” Participant D

“I'd love to have more control over like style, I think, in the visualisation. I think R 

is built around... building traditional scientific visualisation, bar plots, line graphs, 

for scientific publication. So it's not particularly to create kind of like sexy 

visualisation, right? Really appealing visualisations that you might expect to see 

in, you know... coffee table magazines. It can be done, but it's a lot of hard work. 

So I guess having tools which make that more achievable would be great.” 
Participant F
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See connections and software processing: be able to see what the 

software is processing.

“I used to use a piece of software called PyCharm. And it was created for 

Python, and it was really cool interface where you could see the entire 

workflow of the package or tool that you are writing, and it allowed you to 

see which part of the tool, which processes within the tool or the package 

were taking the most computational time, and what was connected to 

what. I would love something like that. So basically, software framework 

that allows you to visualise the processes of the tool you are using. That 

would be really cool. Cause you can write millions of lines of code, have 

hundreds of different modules, and you can forget what is connected to 

what.” Participant H

Automated actions: actions that are repetitive and frequently taken 

could be automated.

“What I would like to have, and that's is already there in parts, is sort of 

these first steps data profiling, the checks on the data, there is a pipeline 

which I repeat every time. And for those steps, a software could easily... or 

an R package could easily just do that for me.  So, I'd just say here is the 

data, find the missing values, find some other stuff, maybe duplicates… 

you know, just pin them to me, and also give me a visual breakdown of 

each variable. If they are quantitative, histogram if they are maybe, I don't 

know, if they are temporal, show me a line with the time... you know, so you can 

basically produce these visuals out of the software, by just pressing a button 

rather than having to do each step.” Participant E

Have more control over the Graphics Device: be able to trust that what is 

seen on the Graphics Device corresponds to what is seen in the exported 

image.

“I think for R, it would be nice to have more control over the Graphics Device, 

that is a core issue with R as a base. So, no other packages can fix this, because 

it's a core R issue to have limited access to a lot of the graphic devices that I 

use. So, a lot of the visualisations are very limited by this fact. I don't know if 

they are working on it, but I don't think the improvements to that are going to 

come at the earliest next March, when the next release is scheduled. It's hard, 

because this is not what R was made for, right? So R is doing all these things 

now through the packages, that was never made to do, like it was made as a 

statistical resource, and obviously an statistical software should always make 

some visualisations. But it was not made for making beautiful visualisations 

[laughing] so, that's not what the developers had in mind when they made it. So 

now the community of R is expanding too rapidly, there are things on the base 

of R that kind of stop this expansion. but, well, we will see. Participant M
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What could be better to create data 
visualisations using R?

LEARNING

_ It takes time to reach a good 

competency level;

_ Projects take too long 

because it is necessary to learn 

while working.

What kind of things make difficult to 
create data visualisations using R?

BASE R

_ Working with base B is 

complex;

_ It is necessary to do trial and 

error to see how the 

visualisation becomes (lack of 

preview).

VISUAL DESIGN

_ It’s time-spending to alter 

legends, titles and font sizes 

manually;

_ Drag and drop would be more 

natural;

_ What is seen in R might not 

correspond to what is seen in 

other software.

_ Create and replicate visual 

standards is arduous.

PACKAGES

_  For new users, it’s hard to find 

out which are the good R 

packages;

_ Packages might not work.

PERFORMANCE

_ Rendering is very time-

consuming.

Have data visualisation preview
Responsive design

Have improvements on 

working with animations

Have easier ways to create 

graphic elements and improve 

visual design

Accessibility certification Easier ways to create different 

types of visualisation

See connections and software 

processing
Automated actions

Have more control over the 

Graphics Device
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Which R packages do data scientists use?

Participants mentioned multiple R packages, which are chosen 

depending the type of project they are working on. The most 

mentioned packages can be seen below:
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“I use ggplot2 for regular data 

visualization. I sometimes use 

shiny or various packages built on 

htmlwidgets for interactive 

graphs. For network visualization, 

I mostly use igraph, as well as 

more specialized packages like 

visNetwork, threejs, networkD3, 

and ndtv.” P9
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“I use ggplot2 and then a lot of add-on packages to ggplot2. (...) 

I can say there are some packages that I use in addition to it. For example, I use 

the cowplot package, particularly on... it has this function to combining plots, I 

really like this a lot. Then, for this plot, for this figure that I'm talking about, I use 

gratia package, that kinda helps to create stuff with these models. I guess... there 

are some other packages, so there is the tidy base, it has great visualisation 

stuff. Then there is this... it's called ggpol. There is ggally...  it's super cool. And 

then I really like the ggbeeswarm, I think beeswarm plots are one of my favorite.” 
Participant B

“So one of the first jobs I did what's around understanding 

correlations, so the Anova package, which I think that's a package. 

And then, with the Anova one, I was trying different correlations, 

confident intervals, different types of statistical testing... (...) And the 

last one I remember was from my final year project at the University, 

which was fGarch, so that's for financial econometrics. So that was 

about time-series data and the volatility of stock market, a lot of 

econometrics around, understanding large data sets, very long period 

of time of stock prices, and understanding like the volatility and things 

going up.” Participant L

“So, ggplot2 is the main package, and then I can mention a couple of 

specific extensions that I use quite a lot, which is the ggraph package, 

by Thomas Lin Petersen for graph plots, 'cause we do some sort of 

network analysis and that's very nice for that. And then also use my 

own package, which it's also based on ggplot2, as I work with 

neuroscience I do a lot of brain plotting for representing brains, and 

now I do it directly using R and not combining software as I used to do 

it.” Participant M

“So, ggplot2 for most 

things. I also use cowplot, 

sometimes just 

visualisations help make it 

to be nicer, grid and 

gridextra, to put you in the 

right way.” Participant D

I very much use the Tidyverse, and I excessively use 

Dplyr, as well as ggplot and lots of packages within 

that. Then, when I model and analyse, I use 

Tidymodels, but only very recently, because it's 

relatively new. Before that, I used Caret. Then, if I 

want to animate things in R, which rarely happens 

because I usually move to JavaScript, I use 

gganimate, and then I played around a few times a 

package called Rayshader, which produces 3 

dimensional visualisations. Participant D
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After the interview, two participants a list of other packages they frequently 

use sent by email, which are: Dplyr, Data.table, Vioplot, ggplot2, NetworkD3,

Plotly, Visnetwork, Dygraphs, Lattice, Highcharter, Leafletm, and RGL.

“I really like swarm plots because they gave you more information than 

just straight up violin plots or density plots, because they give you the 

actual points. I mean, density plots give you the density, but you lose how 

many points are actually feed into that calculation. So, if you got very 

sparse data, you can have the same shape as if you have really dense 

data. But one of them is more convincing than the other. So, I love 

beeswarms, so I use ggbeeswarm.” Participant J

“I have learned about pirate plots in the R package. So, it's "YaRrr!: The 

Pirate's Guide to R", it goes along with the... it's really nice, it's a tutorial in 

R and statistics that self-contained sort of like tidyverse but uses a 

different syntax and it's not comparable. But it has this wonderful things 

called pirate plots, which are a combination of beeswarm, density plots, 

bar plots and boxplots, all in one. It allows you... it's not too busy, it's just 

a really nice way of cramming a ton of information into a relatively simple 

graphic (...) I don't usually make 3D plots, but whenever I need a 3D plot, I 

go straight to plotly.” Participant J 

“I use like ggplot, for standard visualisation, and I use quite a lot of 

shiny for interactive visualisations. (...) And I also do... a little bit of 

plotly for interactive and Google viz for interactive visualisations in R. 

(...) I'm quite proponent of simple is better, (...) typically it's like simple 

is better, so Base R is fine in a lot of cases. So those are the standard 

R ones I do. I do some animation in R, where I create frames in an 

animation, and then I build them into a video, using FFmpeg, as well.” 
Participant F

“So, I've just to find here what I use... so I've been using rgdal... and 

ggplot, too... mapproj, for the like projection... Dplyr, and then for building 

layers I've been using OpenStreetMap... so that's the ones I've used for 

this project.” Participant G
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