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Introduction 
This report documents our process of using design principles, user testing, design methods, and 

exploratory data analysis to transform a chosen data set into an interactive webpage. We 

discuss the exploration into the chosen data set, the design methods and decisions involved, as 

well as the final rationale. Our aim was to create a visualisation that was both engaging and 

educational for not only our target users, high school and university students, but also a broader 

audience. This meant designing a dynamic and interactive visualisation that empowered users 

to ‘explore the data for themselves’ (Murray, 2017). 

 

The Data Set 
Focusing on our story, or ‘message’ can improve a person’s ‘sense-making’, allowing us to focus 

on the overall message of the information, rather than just analysing the numbers (Perdana, 

Robb & Rohde, 2018). Having explored numerous datasets online, this was our approach to 

ensure our chosen data contained a meaningful story we could visualise. While our initial 

approach was to re-examine seasonal domestic violence from our previous assignment, the 

dataset did not sustain valuable interactions. By zooming out to gain a broader glimpse into 

crime, we found an intriguing story to be told in causes of death around the world - specifically, 

the disparities in types of death between countries.  

 

The dataset was sourced from ​Our World In Data​, an online publisher of datasets that targets 

major global issues. This organisation focuses on making data more globally available, 

accessible and understandable so that people can make progress against the world's largest 

problems (Our World in Data, 2020). The specific dataset used was 

‘​annual-number-of-deaths-cause’.csv​, which estimated the quantity of premature deaths by 

category by country from 1990 - 2017. 

 

Our World in Data compiled these figures through various internationally recognised and 

reputable organisations sources. These include; vital registration, verbal autopsy, surveillance, 

census and survey data, cancer registries and police records (Our World in Data, 2020). 

Additionally, The Global Burden of Diseases’ methods for processing and standardising 

all-cause mortality data have been used to create the dataset and calculate the completeness of 

the data (GBD 216 Causes of Death Collaborators, 2016). The types of death are defined by the 

 



 

International Classification of Diseases and recognised by the World Health Organisation. The 

organisations and their involvement in the dataset as provided by Our World In Data are as 

follows: 

● Institute of Health Metrics and Evaluation (IHME), Global Burden of Disease (GBD) - Death 

rates and absolute number of premature deaths, globally from 1990 onwards 

● World Health Organisation (WHO) Global health Observatory (GHO) - Causes-specific 

mortality by age and sex, globally from 2000 onwards every 5 years 

● Global Terrorism Database (GTD) - Terrorist attacks with 45 - 120 variables for each, 

including number of fatalities, injuries, weapons used and perpetrators, globally from 1970 

onwards 

● Amnesty International - International reports of executions, globally from 2007 onwards 

 

Exploratory Data Analysis and Process 
Data Wrangling 
The raw dataset - a .csv file - was an extensive list with 24 types of death for each country and 

more over the span of 20 years. It contained several issues such as missing data for certain 

years, data for countries that no longer existed, as well as other entities that were outside the 

scope of our design - in this case, ‘World excluding China’, ‘Western Europe’, and countries Hong 

Kong and Guadalupe were excluded. The article also grouped the data into 3 broad categories 

‘Non-communicable Diseases’, ‘Injuries’ and ‘Communicable, Maternal, Neonatal, and Nutritional 

Diseases’ (see Appendix A). To both avoid cherry-picking from such a large dataset and also 

better explain the range of deaths, we decided to expand these categories to show the bigger 

picture (see Appendix D).  

 

In the process of grouping the types of death into smaller categories ​(Figure 1)​, the 

classifications provided in Our World In Data were cross referenced with additional research to 

ensure they retained scientific accuracy. For example, in creating the Infectious Diseases, 

Chronic Diseases and Non-Infectious Diseases categories ​‘Bringing Chronic Disease 

Epidemiology and Infectious Disease Epidemiology Back Together’ ​ consulted that these three 

groups, although at times interdependent and overlapping, needed to be kept separate due to 

the nature and circumstances of the diseases . 

 

 



 

(Figure 1). ​When choosing 

the type of graph, we 

initially considered line 

graphs, as they best 

highlighted the differences 

in time, as well as column 

graphs to illustrate 

differences between 

categories (see Appendix H 

and I). These forms 

ultimately suffered when 

comparing multiple categories or years against each other as the graph became too cluttered 

and change was too minor or hard to notice. Further experimentation in Excel revealed that 

radar graphs were the most efficient in using areas to showcase the differences between each 

category (see Appendix J and K). However, the dataset still required data wrangling for the 

visualisation to be coherent when plotted on a radar graph. As different categories had a 

different range of values, plotting the data in its raw form led to some categories outweighing 

others due to their large disparities (see Appendix K and L).  

 

In order to get around this issue, we normalized the data. This made all the points in a specific 

category hold a value between 0 - 1 (See Appendix F), aligning all types of death in the same 

range to be plotted together on the same axis. Now, instead of the values being indicative of the 

absolute numbers of a type of death that occurred in a specific country and year, it became a 

value indicative of the ratio that a specific type of death held compared to all the other values in 

that category.  

 

From this state, the values were then turned into percentages (See Appendix G). This change 

from absolute numbers to percentages based on normalised data ultimately transformed our 

data to tell a more insightful story. Once converted to a percentage, the data then represented 

the proportion as a percentage of deaths of a category that occured in an instance but not the 

absolute amount. This improved our story as it provided an accurate representation of a 

category’s weighting compared to others, allowing the user to determine the most predominant 

causes of death in a specific country in a specific year as well as the change through the 

 



 

passage of time. Initially the dataset was normalised in the program ​Weka​ but due to some 

output errors we also normalised the data manual in Excel using the normalisation formula (see 

Appendix B) to ensure we were getting the same outcome, which we were, verifying a 

successful normalisation. 

 

Intended Audience 
(Figure 2). ​Our visualisation allows 

a curious exploration of the data, 

enabling students to come to 

their own findings and 

conclusions by comparing 

different countries, isolating data 

points of interest, or even using 

the timeline to observe change. 

The hope is for students to use 

the visualisation to assist in the 

exploration of a challenging 

dataset as Perdana, Rob, & Rohde 

found that allowing people to 

process and select multiple visualisations relevant to their current task can improve the results 

of their decisions (2018). By allowing students access to multiple visualisations of the data, our 

design can serve as a way to improve their decision making, and educate them about our topic. 

Using curiosity as their main drive, every user will discover a story in a unique way.  

 

User Testing  

In order for our design to tell our story effectively, it needed to control the way the information 

was consumed (Knaflic, 2018). To ensure this it was crucial we performed user testing. Once 

functioning and formatted, a small sample of 8 users were asked to assess and provide 

feedback on the interface. In a brief five to ten minute session, each user was asked to “explore 

the page” by thinking-aloud, and to “provide general feedback on how it looks and feels”. This 

was a crucial step in realising our final design as it revealed key details that needed to be 

 



 

improved and adjusted. The feedback received was then summed up into the following main 

aspects: 

● 6/8 users were confused by the graph title  

● 4/8 users felt that the sidebar was hard to notice 

● 6/8 users weren’t satisfied by the naming of the categories 

● 8/8 users were highly pleased by the aesthetic look and feel and the ability to directly 

compare countries 

● 1/8 users was content but bored looking at a static graph  

● 2/8 users were surprised when they realised they could spin the graph; it elevated their 

user experience 

 

Final Design Rationale 
Animation and Interaction 

Our final design was iterated according to feedback from user testing in order to best introduce 

our data as a visualisation that used interactive tools to tell a unique story. Ward, Grinstein, & 

Keim define ‘Interaction’ within the context of interactive data visualisation as a “mechanism for 

modifying what the users see and how they see it” (2010). Using this core principle, the main 

interactions within our design are the ability to observe the causes of death over time, the ability 

to compare two countries against each other as well as the ability to spin the graph to align data 

points with the main axis. These interactive tools allow our users to explore and engage with the 

data in a meaningful way, bringing the story ‘visually and contextually to life’ (Knaflic, 2018). 

 

Through an animated slider with a play and pause button to examine a same country across a 

timeline (1990 - 2017), we demonstrate that the most common types of death in each country is 

either consistent, inconsistent or fluctuating/evolving. While the slider allows the user to 

pinpoint a particular year to examine, the play/pause function allows them to run the graph 

across a timeline, revealing trends between countries. Incorporating both ways of interaction 

with the data allows the audience to manipulate the way they digest this data, ultimately telling 

a unique story for each user.  

 

The ability to compare countries against each other is another major interaction that our design 

features. Encapsulating the list of countries into a dropdown menu, the user has the option of 

 



 

selecting two countries to compare. These selections will be displayed on the graph with one 

overlapping the other. Using the previous slider timeline or the play/pause functions, users can 

compare the changes within the countries over time. This interaction was designed as a result 

of user testing which found that users naturally wanted to compare data. This also assists in 

conveying our story to the user, allowing them to follow their curiosity. A well-made visualisation 

not only looks good, but also improves understanding, decision-making and can lead to better 

overall communication about the topic (Stewart, 2020).  

 

The third main interactive tool is the ability to hold and spin the graph to align any given point to 

the main axes. This interaction allows users to customize the display of the data, creating a 

more unique user experience. This aims to craft a visualisation that helps ‘communicating the 

findings’ of our study through unique user exploration (Knaflic, 2015).  

 

Our design also includes general interactions such as color coded hover states that pinpoint the 

exact percentage value, real time changes when dragging the slider, as well as an animated 

sidebar and background. These subtle animations and interactions are designed to add visual 

depth and assist users in the process of using the graph, providing appropriate feedback and 

improving the general experience. 

 

Layout 
The “Visual Information-Seeking Mantra” of ‘overview first, zoom and filter, then 

details-on-demand’ is a successful design pattern that ‘makes the data accessible to different 

audiences’ (Murray, 2017). To fulfill this principle, strict visual control was exercised to ensure 

that our interactions and animations represented our data in a way that was curious, clear and 

unique. The interface layout was built in figma to collaboratively test and prototype design 

decisions (see Appendix Q - S). The webpage structure uses a sidebar to introduce our topic and 

provide context in an efficient manner. As the focus of our visualisation is the graph itself, a 

sidebar facilitates the ability to hide or display the information as necessary, providing our 

audience with the freedom to decide how they view the information. It further limits textual 

overload and visual distraction. 

 

 



 

Typeface 
We chose Roboto as our typeface to illustrate a clean, formal and aesthetically simple tone. Our 

decision was purely based on aesthetics, as Lidwell, Holden, & Butler in their seminal ‘Universal 

Principles of Design’ state that ultimately, there is “no performance difference between serif and 

sans serif typefaces” (2003). This modern, young aesthetic aligns with our target audience of 

high school and university students who are usually of a younger median age than the rest of 

the population. For this purpose, Roboto sets our intended tone in a webpage-friendly manner.  

 

Color 
To further strengthen this tone, we opted for a minimal color palette, with the boldest colours 

highlighting information that was vital to the graph. Our take on modern aesthetics refers to the 

“dark mode” - white text and minimal bright colours on a dark background, a feature often found 

in popular applications such as Slack, Facebook Messenger and Discord. These aesthetics aim 

to attract our target audience with a colour scheme they are accustomed to. 

 

Graph 
The plotly.js library was used to build this graph due to the large number of resources available 

to us, including specific content from the tutorials. The graph was mapped in a radar format and 

designed in such a way that the data was plotted in a ‘spiked’ figure - as opposed to one with 

rounded points - to uphold accuracy. The sharpness draws the audience’s attention to the data 

points that catch their eye,  enhancing their ability to compare and further explore the data. 

Altering the axes so that the angular axes (the outward facing axes), and the radial axes (the 

circular axes) were spaced in intervals of either 2, 5 or 10 depending on the maximum value, 

further strengthened its readability. Another iteration included adjusting the maximum value of 

the graph. For example, some countries had values that were much larger than others which set 

the axis to the largest value in the whole dataset. This negatively skewed the graph when 

viewing smaller countries. Therefore, the maximum value of the graph was set to the maximum 

value of a selected country, enabling more clarity in comparing trends between countries. 

Exercising the design principle of constraint, we also removed objects from the chart that the 

user wouldn’t need, such as the outer radial axis and the standard toolbar that comes with the 

default graphs from plotly.  
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