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Introduction
What is good visualization? It is a representation of data that helps you see what you 
otherwise would have been blind to if you looked only at the naked source. It enables 
you to see trends, patterns, and outliers that tell you about yourself and what surrounds 
you. The best visualization evokes that moment of bliss when seeing something for the 
first time, knowing that what you see has been right in front of you, just slightly hidden. 
Sometimes it is a simple bar graph, and other times the visualization is complex because 
the data requires it.

THE PROCESS

A data set is a snapshot in time that captures something that moves and changes. Collectively, 
data points form aggregates and statistical summaries that can tell you what to expect. These 
are your means, medians, and standard deviations. They describe the world, countries, and 
populations and enable you to compare and contrast things. When you push down on the 
data, you get details about the individuals and objects within the population. These are the 
stories that make a data set human and relatable.

Data in an abstract sense that includes information and facts is the foundation of every 
visualization. The more you understand about the source and the stronger base that you 
build, the greater the potential for a compelling data graphic. This is the part that a lot 
of people miss: Good visualization is a winding process that requires statistics and design 
knowledge. Without the former, the visualization becomes an exercise only in illustration 
and aesthetics, and without the latter, one of only analyses. On their own, these are fine 
skills, but they make for incomplete data graphics. Having skills in both provides you with 
the luxury—which is growing into a necessity—to jump back and forth between data 
exploration and storytelling.

This book is for those interested in the process of design and analysis, where each chapter 
represents a step toward visualization that means something. It is about visualization that is 
more than large printed numbers with clipart. It is about making sense of data. Visualization 
creation is iterative, and the cycle is always a little different for each new dataset. 
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xii  |  Introduction

The first part of Data Points helps you know your data and what it means to visualize it. 
Because of what data represents—people, places, and things—there is always important 
context attached to the factual numbers. Who is the data about? Where is the data from? 
When was it collected? We are responsible for this human part of the computer-generated 
output, too. On top of that, most datasets are estimated, so they are not the absolute truth; 
there is uncertainty and variability attached, just like in real life.

In the middle of the book, you go into exploration mode. You have the freedom to ask 
questions and try to answer them by digging through the data. Look for patterns, relation-
ships, and anything that does not look right. Missing values are common, as are typos. This 
is a great time to play and experiment, to look around from different angles, and maybe 
you’ll find something unexpected. Maybe that bit ends up being the most interesting part 
of the story. For whatever reason, the exploration stage is skipped too often, and lack of 
understanding shows in the final product. Take the time to get to know your data and what 
it represents, and the visualization improves exponentially.

When you find the underlying narratives, the next step is typically to communicate your 
results to a wider audience. This is the last section, when you put your design hat on. A 
graphic for a small audience of four people who are familiar with the subject matter and 
have read every significant paper on the topic will be different than a graphic for a large, 
general audience unfamiliar with the complex background implied by the numbers.

Again, these stages are not meant as a step-by-step guide. If you work with data already, you 
know that it is common to discover a need for new data as you explore what you already 
have. Similarly, the design process can force you to see details that you didn’t notice before, 
which takes you back to exploration or to the beginning. If you are new to data, you must 
learn this process while reading this book to feel confident enough to use it in your own 
projects. The back and forth between data and story is the fun stuff.

Data Points is a complement to my previous book Visualize This. The first book serves as an 
introduction to the tools available and offers concrete programming examples, whereas 
this book describes the full process and thinking that goes into larger data projects and 
is software-independent. In other words, the two books feed off each other. Visualize This 
provides technical guidance for those ready to make their own graphics, and Data Points 
describes a process for data and visualization so that you can create better and more 
thoughtful things.
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MORE THAN A TOOL

Throughout this book, visualization is referred to as a medium rather than a specific tool. 
When you approach visualization as an unyielding tool, it is easy to get caught thinking that 
almost every graphic would be better as a bar graph. This is true for a lot of charts, but it 
must be in the right context. In an analysis setting, yes, you often want graphs that read 
the quickest and most accurately; however, from another point of view, such a comment 
might be premature. What if emotion and curiosity are the goals? Visualization is a way 
to represent data, an abstraction of the real world, in the same way that the written word 
can be used to tell different kinds of stories. Newspaper articles aren’t judged on the same 
criteria as novels, and data art should be critiqued differently than a business dashboard.

That said, there are rules to follow regardless of the visualization type. These aren’t dictated 
by design or statistics. Rather they are governed by human perception, and they ensure 
accuracy when readers interpret encoded data. There are only a handful of these, such as to 
properly size by area when that aspect is the actual visual cue, and all the rest are suggestions.

You must distinguish between rules and suggestions. You should follow the former almost always, 
whereas suggestions are rooted in opinion and vary among individuals and situations. Many 
beginners make the mistake that advice is concrete, and they lose the context in which the data 
is presented in. For example, Edward Tufte suggests stripping charts of all junk, but the definition 
of junk can change. What needs to be stripped from one chart might need to stay in another. In 
the words of Tufte, “Most principles of design should be greeted with some skepticism.” 

Similarly, people often cite the work of statisticians William Cleveland and Robert McGill on 
perception and accuracy. They found that position along a common scale, such as with a 
scatterplot, was decoded most accurately, followed by length, angle, and then slope. These 
results are based on research trials and were reproduced in other studies, so it is easy to 
mistake Cleveland and McGill’s findings as rules. However, Cleveland also notes that the 
mark of a good graph is not only how fast you can read it, but also what it shows. Does it 
enable you to see what you could not see before?

You must come back to the data for worthwhile visualization. Fortunately, you have plenty 
of data to play with, and the source keeps growing. Every week for the past few years, there 
is an article that describes the flood of data and the risk of drowning in it, but you see, the 
amount is controlled, and you can easily filter and aggregate it. Storage is cheap and practi-
cally infinite, which means more potential happy feelings for those who know how to swim. 
The challenge is learning to dive deeper.

Okay, I’m psyched. Let’s have some fun.
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2  |  CHAPTER 1:  Understanding Data

When you ask people what data is, most reply with a vague description of 
something that resembles a spreadsheet or a bucket of numbers. The more 
technically savvy might mention databases or warehouses. However, this is 
just the format that the data comes in and how it is stored, and it doesn’t say 
anything about what data is or what any particular dataset represents. It’s an 
easy trap to fall in because when you ask for data, you usually get a computer 
file, and it’s hard to think of computer output as anything but just that. Look 
beyond the file though, and you get something more meaningful.

WHAT DATA REPRESENTS

Data is more than numbers, and to visualize it, you must know what it rep-
resents. Data represents real life. It’s a snapshot of the world in the same way 
that a photograph captures a small moment in time.

Look at Figure 1-1. If you were to come across this photo, isolated from every-
thing else, and I told you nothing about it, you wouldn’t get much out of it. It’s 
just another wedding photo. For me though, it’s a happy moment during one 
of the best days of my life. That’s my wife on the left, all dolled up, and me on 
the right, wearing something other than jeans and a T-shirt for a change. The 

FIGURE 1-1  A single photo, a 
single data point
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pastor who is marrying us is my wife’s uncle, who added a personal touch to the 
ceremony, and the guy in the back is a family friend who took it upon himself to 
record as much as possible, even though we hired a photographer. The flowers 
and archway came from a local florist about an hour away from the venue, and 
the wedding took place during early summer in Los Angeles, California.

That’s a lot of information from just one picture, and it works the same with 
data. (For some, me included, pictures are data, too.) A single data point can 
have a who, what, when, where, and why attached to it, so it’s easy for a digit to 
become more than a toss in a bucket. Extracting information from a data point 
isn’t as easy as looking at a photo, though. You can guess what’s going on in 
the photo, but when you make assumptions about data, such as how accurate 
it is or how it relates to its surroundings, you can end up with a skewed view 
of what your data actually represents. You need to look at everything around, 
find context, and see what your dataset looks like as a whole. When you see the 
full picture, it’s much easier to make better judgments about individual points.

Imagine that I didn’t tell you those things about my wedding photo. How 
could you find out more? What if you could see pictures that were taken 
before and after?

FIGURE 1-2  Grid of photos
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Now you have more than just a moment in time. You have several moments, 
and together they represent the part of the wedding when my wife first 
walked out, the vows, and the tea drinking ceremony with the parents and 
my grandma, which is customary for Chinese weddings. Like the first photo, 
each of these has its own story, such as my father-in-law welling up as he 
gave away his daughter or how happy I felt when I walked down the aisle 
with my bride. Many of the photos captured moments that I didn’t see from 
my point of view during the wedding, so I almost feel like an outsider looking 
in, which is probably how you feel. But the more I tell you about that day, the 
less obscure each point becomes.

Still though, these are snapshots, and you don’t know what happened in 
between each photo. (Although you could guess.) For the complete story, 
you’d either need to be there or watch a video. Even with that, you’d still see 
only the ceremony from a certain number of angles because it’s often not 
feasible to record every single thing. For example, there was about five minutes 
of confusion during the ceremony when we tried to light a candle but the 
wind kept blowing it out. We eventually ran out of matches, and the wedding 
planner went on a scramble to find something, but luckily one of our guests 
was a smoker, so he busted out his lighter. This set of photos doesn’t capture 
that, though, because again, it’s an abstraction of the real thing.

This is where sampling comes in. It’s often not possible to count or record 
everything because of cost or lack of manpower (or both), so you take bits and 
pieces, and then you look for patterns and connections to make an educated 
guess about what your data represents. The data is a simplification—an abstrac-
tion—of the real world. So when you visualize data, you visualize an abstraction 
of the world, or at least some tiny facet of it. Visualization is an abstraction of 
data, so in the end, you end up with an abstraction of an abstraction, which 
creates an interesting challenge.

However, this is not to say that visualization obscures your view—far from 
it. Visualization can help detach your focus from the individual data points 
and explore them from a different angle—to see the forest for the trees, so 
to speak. To keep running with this wedding photo example, Figure 1-3 uses 
the full wedding dataset, of which Figure 1-1 and Figure 1-2 were subsets of. 
Each rectangle represents a photo from our wedding album, and they are 
colored by the most common shade in each photo and organized by time.
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FIGURE 1-3  Colors in the wedding
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With a time series layout, you can see the high points of the wedding, when our 
photographers snapped more shots, and the lulls, when only a few photos were 
taken. The peaks in the chart, of course, occur when there is something to take 
pictures of, such as when I first saw my wife in her dress or when the ceremony 
began. After the ceremony, we took the usual group photos with friends and 
family, so there was another spike at that point. Then there was food, and activ-
ity died down, especially when the photographers took a break a little before 4 
o’clock. Things picked up again with typical wedding fanfare, and the day came 
to an end around 7 in the evening. My wife and I rode off into the sunset.

In the grid layout, you might not see this pattern because of the linear presen-
tation. Everything seems to happen with equal spacing, when actually most 
pictures were taken during the exciting parts. You also get a sense of the colors 
in the wedding at a glance: black for the suits, white for the wedding dress, 
coral for the flowers and bridesmaids, and green for the trees surrounding 
the outdoor wedding and reception. Do you get the detail that you would 
from the actual photos? No. But sometimes that level isn’t necessary at first. 
Sometimes you need to see the overall patterns before you zoom in on the 
details. Sometimes, you don’t know that a single data point is worth a look 
until you see everything else and how it relates to the population.

You don’t need to stop here, though. Zoom out another level to focus only on 
the picture-taking volumes, and disregard the colors and individual photos, 
as shown in Figure 1-4. 

You’ve probably seen this layout before. It’s a bar chart that shows the same 
highs and lows as in Figure 1-3, but it has a different feel and provides a 
different message. The simple bar chart emphasizes picture-taking volumes 
over time via 15-minute windows, whereas Figure 1-3 still carries some of the 
photo album’s sentiment.

The main thing to note is that all four of these views show the same data, or 
rather, they all represent my wedding day. Each graphic just represents the 
day differently, focusing on various facets of the wedding. Interpretation of 
the data changes based on the visual form it takes on. With traditional data, 
you typically examine and explore from the bar chart side of the spectrum, 
but that doesn’t mean you have to lose the sentiment of the individual data 
point—that single photo. Sometimes that means adding meaningful annotation 
that enables readers to interpret the data better, and other times the message 
in the numbers is clear, gleaned from the visualization itself.
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FIGURE 1-4  Photos over time
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The connection between data and what it represents is key to visualization 
that means something. It is key to thoughtful data analysis. It is key to a deeper 
understanding of your data. Computers do a bulk of the work to turn numbers 
into shapes and colors, but you must make the connection between data and real 
life, so that you or the people you make graphics for extract something of value.

This connection is sometimes hard to see when you look at data on a large scale 
for thousands of strangers, but it’s more obvious when you look at data for an 
individual. You can almost relate to that person, even if you’ve never met him 
or her. For example, Portland-based developer Aaron Parecki used his phone to 
collect 2.5 million GPS points over 31/2 years between 2008 and 2012, about one 
point every 2 to 6 seconds. Figure 1-5 is a map of these points, colored by year.

As you’d expect, the map shows a grid of roads and areas where Parecki fre-
quented that are colored more brightly than others. His housing changed a 
few times, and you can see his travel patterns change over the years. Between 
2008 and 2010, shown in blue, travel appears more dispersed, and by 2012, 
in yellow, Parecki seems to stay in a couple of tighter pockets. Without more 
context it is hard to say anything more because all you see is location, but 
to Parecki the data is more personal (like the single wedding photo is to me). 
It’s the footprint of more than 3 years in a city, and because he has access to 
the raw logs, which have time attached to them, he could also make better 
decisions based on data, like when he should leave for work.

What if there were more information attached to personal time and location 
data, though? What if along with where you were, you also took notes during 
or after about what was going on at some given time? This is what artist Tim 
Clark did between 2010 and 2011 for his project Atlas of the Habitual. Like 
Parecki, Clark recorded his location for 200 days with a GPS-enabled device, 
which spanned approximately 2,000 miles in Bennington, Vermont. Clark then 
looked back on his location data and labeled specific trips, people he spent 
time with, and broke it down by time of year. 

As shown in Figure 1-6, the atlas, with clickable categorizations and time frames, 
shows a 200-day footprint that reads like a personal journal. Select “Running 
errands” and the note reads, “Doing the everyday things from running to the 
grocery store all the way to driving 30 miles to the only bike shop in southern 
Vermont opened on Sundays.” The traces stay around town, with the exception 
of two long ones that venture out. 

There is one entry titled “Reliving the breakup,” and Clark writes, “A long-term 
girlfriend and I broke up immediately before I moved. These are the times 
that I had a real difficult time coming to terms that I had to move on.” Two 
small paths, one within the city limits and one outside, appear, and the data 
suddenly feels incredibly personal.
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FIGURE 1-5  GPS traces collected by Aaron Parecki, http://aaron​parecki.com

This is perhaps the appeal behind the Quantified Self movement, which aims 
to incorporate technology to collect data about one’s own activity and habits. 
Some people track their weight, what they eat and drink, and when they go 
to bed; their goal is usually to live healthier and longer. Others track a wider 
variety of metrics purely as a way to look in on themselves beyond what they 
see in the mirror; personal data collection becomes something like a journal 
for self-reflection at the end of the day.

http://aaronparecki.com
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FIGURE 1-6  Selected maps from Atlas of the Habitual by Tim Clark, http://www.tlclark.com/atlasofthehabitual/

http://www.tlclark.com/atlasofthehabitual/
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Nicholas Felton is one of the more well-known people in this area for his annual 
reports on himself, which highlight both his design skills and disciplined per-
sonal data collection. He keeps track of not just his location, but also who he 
spends time with, restaurants he eats at, movies he watches, books he reads, 
and an array of other things that he reveals each year. Figure 1-7 is a page out 
of Felton’s 2010/2011 report.

Felton designed his first annual report in 2005 and has done one every year 
since. Individually, they are beautiful to look at and hold and satisfy an odd 
craving for looking in on a stranger’s life. What I find most interesting, though, 
is the evolution of his reports into something personal and the expanding 
richness of data. Looking at his first report, as shown in Figure 1-8, you notice 
that it feels a lot like a design exercise in which there are touches of Felton’s 
personality embedded, but it is for the most part strictly about the numbers. 
Each year though, the data feels less like a report and more like a diary.

This is most obvious in the 2010 Annual Report. Felton’s father passed away 
at the age of 81. Instead of summarizing his own year, Felton designed an 
annual report, as shown in Figure 1-9, that cataloged his father’s life, based 
on calendars, slides, postcards, and other personal items. Again, although the 
person of focus might be a stranger, it’s easy to find sentiment in the numbers.

When you see work like this, it’s easy to understand the value of personal data 
to an individual, and maybe, just maybe, it’s not so crazy to collect tidbits 
about yourself. The data might not be useful to you right away, but it could 
be a decade from now, in the same way it’s useful to stumble upon an old 
diary from when you were just a young one. There’s value in remembering. In 
many ways you log bits of your life already if you use social sites like Twitter, 
Facebook, and foursquare. A status update or a tweet is like a mini-snapshot 
of what you’re doing at any given moment; a shared photo with a timestamp 
can mean a lot decades from now; and a check-in firmly places your digital 
bits in the physical world.

You’ve seen how that data can be valuable to an individual. What if you look 
at the data from many individuals in aggregate?

The United States Census Bureau collects the official counts of people living 
in the country every 10 years. The data is a valuable resource to help officials 
allocate funds, and from census to census, the fluctuations in population 
help you see how people move in the country, changing the neighborhood 

FIGURE 1-7  (following page) 
A page from 2010/2011 Annual 
Report by Nicholas Felton,  
http://feltron.com

http://feltron.com
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composition, and how areas grow and shrink. In short, the data paints a picture 
of who lives in America. However, the data, collected and maintained by the 
government, can show only so much about the individuals, and it’s hard to 
grasp who the people actually are. 

What are their likes and dislikes? What kind of personality do they have? Are 
there major differences between neighboring cities and towns?

Media artist Roger Luke DuBois took a different kind of census, via 19 million 
online dating profiles in A More Perfect Union. When you join an online dating 

FIGURE 1-8  Selected pages from 
2005 Annual Report by Nicholas 
Felton, http://feltron.com

http://feltron.com
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site, you first describe yourself: who you are, where you’re from, and what 
you’re interested in. After you uncomfortably fill out that information, and 
perhaps choose not to share a thing or two, you describe what your ideal 
mate is like. In the words of DuBois, in the latter, you tell the complete truth, 
and in the former, you lie. So when you aggregate people’s online dating 
profiles, you get some combination of how people see themselves and how 
they want to be seen.

In A More Perfect Union, DuBois categorized online dating profiles, digital 
encapsulations of hopes and dreams, by postal code, and then looked for the 
word that was most unique to each area. Using a tracing of a Rand McNally 
map, DuBois replaced each city name with the city’s unique word and painted 
a different picture of the United States: a more recognizable and personal one.

In Figure 1-10, around southern California, where they make the talkies, 
words such as acting, writer, and entertainment appear; on the other hand, 
in Washington, DC, shown in Figure 1-11, words like bureaucrat, partisan, and 
democratic appear. These mostly pertain to professions, but in some areas the 
words describe personal attributes, favorite things, and major events.

In Louisiana, shown in Figure 1-12, Cajun and curvy pop out at you, as does 
crawfish, bourbon, and gumbo, but in New Orleans, the most unique word is 
flood, a reflection of the effects of Hurricane Katrina in 2005.

People are defined by common demographic data such as race, age, and 
gender, but they also identify themselves with what they like to do in their 
spare time, what has happened to them, and who they hang around with. The 
great thing about A More Perfect Union is that you can see that in the data on 
a countrywide scale. 

The same sentiment—where data points are recollections and reports are 
portraits and diaries—is seen in Felton’s reports, Clark’s atlas, and Parecki’s GPS 
traces. Statisticians and developers call this analysis. Artists and designers call 
this storytelling. For extracting information from data, though—to understand 
what’s in the numbers—analysis and storytelling are one and the same. 

Just like what it represents, data can be complex with variability and uncer-
tainty, but consider it all in the right context, and it starts to make sense.

FIGURE 1-9  (following page) 
Selected pages from 2010 Annual 
Report by Nicholas Felton,  
http://feltron.com

http://feltron.com
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FIGURE 1-10  California map from A More Perfect Union (2011) by R. Luke DuBois, courtesy of the artist and bitforms gallery, New York City, 
http://perfect.lukedubois.com

http://perfect.lukedubois.com
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FIGURE 1-12:  Louisiana map from A More Perfect Union (2011)

VARIABILITY

In a small town in Germany, amateur photographer and full-time physicist 
Kristian Cvecek heads out into the forest at night with his camera. Using 
long-exposure photography, Cvecek captures the movements of fireflies as 
they prance between the trees. The insect, as shown in Figure 1-13, is tiny and 
barely noticeable during the day, but in the dark, it’s hard to look elsewhere.
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FIGURE 1-13  A firefly in the night 
by Kristian Cvecek, http://quit007​
.deviantart.com/

Although each moment in flight seems like a random point in space to an 
observer, a pattern emerges in Cvecek’s photos, as shown in Figure 1-14. It’s 
as if the fireflies move along the walking path and circle around the trees with 
a predetermined destination. 

There is randomness, though. You can guess where a firefly goes next based on 
its flight path, but how sure are you? A firefly can bolt left, right, up, and down at 
any moment, and that variability, which makes each flight unique, is what makes 
fireflies so fun to watch and the picture so beautiful. The path is what you care 
about. The end point, start point, and average position don’t mean nearly as much.

With data, you can find patterns, trends, and cycles, but it’s not always (rarely, actu-
ally) a smooth path from point A to point B. Total counts, means, and other aggre-
gate measurements can be interesting, but they’re only part of the story, whereas 
the fluctuations in the data might be the most interesting and important part.

Between 2001 and 2010, according to the National Highway Traffic Safety 
Administration, there were 363,839 fatal automobile crashes in the United States. 
No doubt this total count, over one-third of a million, carries weight because it 
represents the lost lives of even more than that. Place all focus on the one number, 
as in Figure 1-15, and it makes you think or maybe even reflect on your own life.

However, is there anything you can learn from the data, other than that you 
should drive safely? The NHTSA provides data down to individual accidents, 
which includes when and where each occurred, so you can look closer.

In Figure 1-16, every fatal crash in the contiguous United States between 2001 
and 2010 is mapped. Each dot represents a crash. As you might expect, there 
is a higher concentration of accidents in large cities and major highways; there 
are fewer accidents where there are fewer people and roads.

http://quit007.deviantart.com
http://quit007.deviantart.com
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FIGURE 1-14  Path of a firefly by Kristian Cvecek, http://quit007.deviantart.com/

FIGURE 1-15  (facing page) One aggregate

http://quit007.deviantart.com/
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FIGURE 1-16  Everything mapped at once 

FIGURE 1-17  Annual fatal accidents

Again, although not to be taken lightly, the map tells you more about 
the country’s road network than it does the accidents.

A look at crashes over time shifts focus to the events themselves. 
For example, Figure 1-17 shows the number of accidents per year, 
which tells a different story than the total in Figure 1-15. Accidents still 
occurred in the tens of thousands annually, but there was a significant 
decline from 2006 through 2010, and fatalities per 100 million vehicle 
miles traveled (not shown) also decreased.

Seasonal cycles become obvious at month-by-month granularity, 
as shown in Figure 1-18. Incidents peak during the summer months 
when people go on vacation and spend more time outside, whereas 
during the winter, fewer people drive, so there are fewer crashes. This 
happens every year. At the same time, you can still see the annual 
decline overall between 2006 and 2010.
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However, there’s variability when you compare specific months over the years. 
For example, in 2001, the most crashes occurred in August, and there was a small, 
relative drop the following month. The same thing happened in 2002 through 
2004. However, in 2005 through 2007, July had the most accidents. Then it was 
back to August in 2008 through 2010.

On the other hand, February, the month with the fewest days had the least 
accidents every year, with the exception of 2008. So there are seasonal varia-
tions and variation within the seasons.

Go down another level to daily crashes, as shown in Figure 1-19, and you see 
even higher variability, but it’s not all noise. There still appears to be a pattern 
of peaks and valleys. Although it’s harder to make out the seasonal patterns, 
you can see a weekly cycle with more accidents during the weekends than 
during the middle of the week. The peak day each week fluctuates between 
Friday, Saturday, and Sunday.

FIGURE 1-18  Monthly fatal accidents
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FIGURE 1-19  Daily fatal accidents
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But guess what: You can increase granularity to crashes by the hour. Figure 1-20 
breaks it down. Each row represents a year, so each cell in the grid shows an 
hourly time series for the corresponding month. 

With the exception of a new year’s spike during the midnight hour, it’s hard to 
make out patterns at this level because of the variability. Actually, the monthly 
chart is hard to interpret, too, if you don’t know what you’re looking for. There 
are clear patterns, though, if you aggregate, as shown in Figure 1-21. Instead 
of showing values at every hour, day, or month, you can aggregate on specific 
time segments to explore the distributions.

What was hard to discern, or looked like noise before, is easy to see here. 
There’s a small bump in the morning when people commute to work, but 
most fatal crashes occur in the evening after work. As you saw in Figure 1-19, 
there are more crashes during the weekend, but summed up, it’s more obvi-
ous. Finally, you can see the seasonal patterns, but more clearly, with a greater 
number of accidents during the summer than in the winter.

The main point is that there’s value in looking at the data beyond the mean, 
median, or total because those measurements tell you only a small part of 
the story. A lot of the time, aggregates or values that just tell you where the 
middle of a distribution is hide the interesting details that you should actually 
focus on, for both decision making and storytelling.

An outlier that stands out from the crowd could be something that you need 
to fix or pay special attention to. Maybe the changes over time are a signal 
that something good (or bad) is happening in your system. Cycles or regular 
occurrences could help you prepare for the future. However, sometimes it 
isn’t helpful to see so much variability; in which case you can dial back the 
granularity for generalizations and distributions.

You lose this information—the juicy bits—when you step too far away from 
the data. 

Think of it this way: When you look back on your life, would you rather just 
remember what your days were like on average, or is it the highs and the lows 
that are most important? I bet it’s some combination of the two.



FIGURE 1-20  Hourly fatal accidents



FIGURE 1-20  Hourly fatal accidents
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FIGURE 1-21  Accident distributions over time

UNCERTAINTY

A lot of data is estimates rather than absolute counts. An analyst considers 
the evidence (such as a sample), and makes an education guess about a full 
population. That educated guess has uncertainty attached to it. You do this 
all the time in your day-to-day. You make a guess based on what you know, 
read, or what someone told you, and you can say with some (possibly rough) 
certainty that you’re right. Are you absolutely positive or are you basically 
clueless? It works the same with data.

When I was a young lad, a recent engineering graduate 
with a statistics minor, I had a 9-month gap in between 
college and graduate school. I took a few temporary jobs 
that paid a little more than minimum wage, and they were 
mind-numbingly boring, so naturally my mind wandered 
to more engaging things. 

Note:  It’s tempting to look at data as absolute 

truth, because we associate numbers with fact, 

but more often than not, data is an educated 

guess. Your goal is to use data that doesn’t have 

large levels of uncertainty attached.
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One day I thought to myself, “Hey, I have some statistics and probability know-
how and a deck of cards. I’m going to become an expert blackjack player 
like those kids from MIT. Forget this stupid job. I’m gonna be rich!” And my 
1-month obsession with blackjack began. (To save you the suspense, I didn’t 
get rich, and it’s not nearly as exciting as they make it look in the movies.)

In case you’re unfamiliar with the game, here’s a quick rundown. There’s a 
dealer and a player. The dealer deals two cards to each (one of his is face 
down), and the goal is to get a card total as close to 21 as possible, without 
going over. You can choose to take additional cards (called a hit) or not (stay). 
In some cases, you can also split your hand of two cards, as if you’re playing 
two separate hands; you can also double down, which means to double your 
bet. The more you bet, the more you can win. If you go over 21, to bust, you 
automatically lose, and if not, the dealer hits or stays, and whoever is closer 
to 21 wins. 

By design, the dealer has the advantage, but if you hit and stay when you’re 
supposed to, you can decrease that advantage. These rules are based on aver-
ages, but as anyone who has played blackjack can tell you, there is uncertainty 
in each hand of cards. You can still lose even when you make the right move. 
For example, imagine you are dealt a 5 and a 6 for a total of 11, and the dealer 
shows a 6. The right move is to double your bet because it’s impossible for 
you to bust with an additional card, and there’s a decent chance of getting 
21. There’s also a good chance the dealer will bust with a 6 showing.

So you double down, and you get a 3, for a total of 14. Ouch. That’s not good. 
Your only hope is for a dealer bust. So he flips his hidden card, and it’s a 10 
for a total of 16. By rule, he has to hit, and it’s a 5. Dealer total: 21. You lose. 

Had you not double downed, you would have lost only half the money that you 
did playing the right way. But if it were that easy to win, the casino wouldn’t 
bother putting the game on the floor. 

There’s uncertainty in each hand because you are playing against distributions, 
or rather, you know only the approximate probabilities of drawing cards. You 
might have an idea of what cards are in the deck, but you can make only an 
educated guess about what card comes next.

Of course, uncertainty applies to things outside of cards, and 
it comes in a variety of forms. Take the weather for example. 
How many times have you looked up the forecast for the 

Note:  If you count cards, or keep track of 

what’s left in the deck, the probabilities change 

as you modify your bet based on your advan-

tage, but uncertainty remains.
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next day or for the next week as you pack for a trip, only to find, when the 
time comes, that the weather isn’t how you expected it to be?

What about the meter in cars that tells you how much farther you can drive 
with the current amount of fuel in your tank? I was running errands with my 
wife, and the meter said I could drive an estimated 16 more miles, but home 
was about 18 miles away. Dilemma. Instead of stopping at the nearest gas 
station, I drove toward the one nearest home, and the meter said I had zero 
miles left for about 2 miles, but we made it. (Good thing because someone 
kept insisting that I would be the one to push the car.)

Weigh yourself more than once, and you might get different readings; typically 
though, breathing for a few seconds does not lead to weight loss or gain. The 
estimated battery life on your laptop can jump around by hour increments 
when only minutes have passed. The subway announcement says a train will 
arrive in 10 minutes, but it comes in 11, or a delivery is estimated to arrive on 
Monday, but it comes on Wednesday instead.

When you have data that is a series of means and medians or a collection of 
estimates based on a sample population, you should always wonder about 
the uncertainty.

This is especially important when people base major deci-
sions, which affect millions, on estimates, such as with 
national and global demographics. Program creation and 
funding is often based on these numbers, so even a small 
margin of error can make a big difference.

The United States Census Bureau releases data about the country on topics 
such as migration, poverty, and housing, which are estimates based on sam-
ples from the population. (This is different from the decennial census, which 
aims to count every person in the United States.) A margin of error is provided 
with each estimate, which means that the actual count or percentage is likely 
within a given range. For example, Figure 1-22 shows estimates about housing. 
The margin of error for total households is almost one-quarter of a million. 

To put it differently, imagine you have a jar of gumballs that you can’t see 
into, and you want to guess how many of each color there are. (Why do you 
care about gumball distribution? I don’t know. Use your imagination. You’re 
a gumball connoisseur who works for a gumball factory, and you bet your 
snotty statistician friend that every jar on your watch is uniformly distributed, 
so it’s a matter of pride and cash.) 

Note:  Numbers seem concrete and absolute, 

but estimates carry uncertainity with them. 

Data is an abstraction of what it represents, 

and the level of exactness varies.
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If you were to pour all the gumballs on to the table and count every one, you 
wouldn’t have to guess because you would get the full tally. 

But say you can grab only a handful, 
and you have to guess the contents of 
the entire jar, based on what you have 
in your hand. A larger handful would 
make it easier to guess because it’s 
more likely a better representation 
of the entire jar. On the other side of 
the spectrum, you could take just one 
gumball out, and it’d be much harder 
to guess what else is in the jar. 

With one gumball, your margin of 
error would be high; with a large 
handful of gumballs, your margin 
of error would be lower; and if you 
counted all the gumballs, you would 
have zero margin of error.

Apply that to millions of gumballs in 
thousands of differently sized jars, 
with different distributions and big 
and small handfuls, and estimation 

FIGURE 1-22  Household estimates in 2010

FIGURE 1-23  Gumballs and margin of error
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grows more complex. Then substitute the gumballs for people, the jars for 
towns, cities, and counties, and the handfuls for randomly distributed surveys, 
and a mean with a margin of error carries more weight.

According to Gallup, 48 percent of Americans disapproved of the job Barack 
Obama was doing from June 11 through 13 in 2012. However, there was a 3 
percent margin of error, which means the difference between more than half 
and less than half of the country disapproving. Similarly, during election sea-
son, polls estimate which candidates lead, and if the margin of error is wide, 
the results can put more than one person in front, which kind of defeats the 
purpose of the poll. 

Estimates get tricky when you rank people, places, and things, especially 
when you combine measurements (and create statistical models with multiple 
variables). 

Take education evaluation, for example, which is under constant scrutiny. 
Cities, schools, and teachers are often compared against one another, but what 
defines a good education or makes an entire city smart? Is it the percentage 
of high school students who graduate? The percentage of students who go to 
college? Is it the number of universities, libraries, and museums per capita? If 
it’s all of this, is one count more important than the other, or do you give all of 
them equal weight? Answers change depending on who you ask, as do ratings.

In 2011, the New York City Department of 
Education released Teacher Data Reports that 
tried to measure teaching quality. The reports 
were originally given only to schools and teach-
ers but were later made publicly available in 
early 2012. The estimates took several factors 
into account, but one of the main ones was the 
change in test percentiles from the seventh to 
eighth grade. 

This is how seventh- and eighth-grade math 
teacher Carolyn Abbott became known as the 
worst math teacher in the city, placed in the 
0th percentile. However, her seventh-grade stu-
dents scored in the 98th percentile. What?

Those students were predicted to score in the 
97th percentile in the eighth grade, but they 

Note:  My hometown was ranked the “dumb-

est” city in America by a publication that shall 

go unnamed. The rankings were estimates, 

which were based on estimates with question-

able uncertainty.

FIGURE 1-24  Carolyn Abbott’s rating compared to her students’
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instead scored in the 89th percentile, which according to the statistical model, 
was not progress. Most would agree that students wouldn’t earn the scores 
they did with a poor teacher. The challenge is that there’s uncertainty and 
variability within teacher ratings. A rating represents a distribution of teachers, 
who are ranked based on estimates with uncertainty attached, but the ratings 
are treated as absolute. A general audience won’t understand that concept, 
so it’s your responsibility to and communicate it clearly.

When you don’t consider what your data truly represents, it’s easy to accidently 
misinterpret. Always take uncertainty and variability into account. This is also 
when context comes into play.

CONTEXT

Look up at the night sky, and the stars look like dots on a flat surface. The lack 
of visual depth makes the translation from sky to paper fairly straightforward, 
which makes it easier to imagine constellations. Just connect the dots. However, 
although you perceive stars to be the same distance away from you, they are 
actually varying light years away. 

If you could fly out beyond the stars, what would the constellations look like? 
This is what Santiago Ortiz wondered as he visualized stars from a different 
perspective, as shown in Figure 1-25.

The initial view places the stars in a global layout, the way you see them. You 
look at Earth beyond the stars, but as if they were an equal distance away 
from the planet. 

Zoom in, and you can see constellations how you would from the ground, 
bundled in a sleeping bag in the mountains, staring up at a clear sky. 

The perceived view is fun to see, but flip the switch to show actual dis-
tance, and it gets interesting. Stars transition, and the easy-to-distinguish 
constellations are practically unrecognizable. The data looks different from 
this new angle.

This is what context can do. It can completely change your perspective on a 
dataset, and it can help you decide what the numbers represent and how to 
interpret them. After you do know what the data is about, your understanding 
helps you find the fascinating bits, which leads to worthwhile visualization.
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FIGURE 1-25  View of the Sky by Santiago Ortiz, http://moebio​.com/exomap/viewsofthesky/2/

Without context, data is useless, and any visualization you create with it will 
also be useless. Using data without knowing anything about it, other than the 
values themselves, is like hearing an abridged quote secondhand and then 
citing it as a main discussion point in an essay. It might be okay, but you risk 
finding out later that the speaker meant the opposite of what you thought.

http://moebio.com/exomap/viewsofthesky/2/
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You have to know the who, what, when, where, why, and how—the metadata, 
or the data about the data—before you can know what the numbers are 
actually about.

Who: A quote in a major newspaper carries more weight than one from a 
celebrity gossip site that has a reputation for stretching the truth. Similarly, 
data from a reputable source typically implies better accuracy than a random 
online poll.

For example, Gallup, which has measured public opinion since the 1930s, is 
more reliable than say, someone (for example, me) experimenting with a small, 
one-off Twitter sample late at night during a short period of time. Whereas 
the former works to create samples representative of a region, there are 
unknowns with the latter.

Speaking of which, in addition to who collected the data, who the data is 
about is also important. Going back to the gumballs, it’s often not financially 
feasible to collect data about everyone or everything in a population. Most 
people don’t have time to count and categorize a thousand gumballs, much 
less a million, so they sample. The key is to sample evenly across the popula-
tion so that it is representative of the whole. Did the data collectors do that?

How: People often skip methodology because it tends to be complex and for 
a technical audience, but it’s worth getting to know the gist of how the data 
of interest was collected. 

If you’re the one who collected the data, then you’re good to go, but when you 
grab a dataset online, provided by someone you’ve never met, how will you 
know if it’s any good? Do you trust it right away, or do you investigate? You don’t 
have to know the exact statistical model behind every dataset, but look out for 
small samples, high margins of error, and unfit assumptions about the subjects, 
such as indices or rankings that incorporate spotty or unrelated information. 

Sometimes people generate indices to measure the quality of life in countries, 
and a metric like literacy is used as a factor. However, a country might not have 
up-to-date information on literacy, so the data gatherer simply uses an estimate 
from a decade earlier. That’s going to cause problems because then the index 
works only under the assumption that the literacy rate one decade earlier is 
comparable to the present, which might not be (and probably isn’t) the case.

What: Ultimately, you want to know what your data is about, but before you 
can do that, you should know what surrounds the numbers. Talk to subject 
experts, read papers, and study accompanying documentation.
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In introduction statistics courses, you typically learn about analysis methods, 
such as hypothesis testing, regression, and modeling, in a vacuum, because the 
goal is to learn the math and concepts. But when you get to real-world data, the 
goal shifts to information gathering. You shift from, “What is in the numbers?” to 
“What does the data represent in the world; does it make sense; and how does 
this relate to other data?”

A major mistake is to treat every dataset the same and use the same canned 
methods and tools. Don’t do that.

When: Most data is linked to time in some way in that it might be a time 
series, or it’s a snapshot from a specific period. In both cases, you have to 
know when the data was collected. An estimate made decades ago does not 
equate to one in the present. This seems obvious, but it’s a common mistake 
to take old data and pass it off as new because it’s what’s available. Things 
change, people change, and places change, and so naturally, data changes.

Where: Things can change across cities, states, and countries just as they do 
over time. For example, it’s best to avoid global generalizations when the data 
comes from only a few countries. The same logic applies to digital locations. 
Data from websites, such as Twitter or Facebook, encapsulates the behavior 
of its users and doesn’t necessarily translate to the physical world. 

Although the gap between digital and physical continues to shrink, the space 
between is still evident. For example, an animated map that represented the 
“history of the world” based on geotagged Wikipedia, showed popping dots for 
each entry, in a geographic space. The end of the video is shown in Figure 1-26.

The result is impressive, and there is a correlation to the real-life timeline for 
sure, but it’s clear that because Wikipedia content is more prominent in English-
speaking countries the map shows more in those areas than anywhere else.

Why: Finally, you must know the reason data was collected, mostly as a sanity 
check for bias. Sometimes data is collected, or even fabricated, to serve an 
agenda, and you should be wary of these cases. Government and elections might 
be the first thing that come to mind, but so-called information graphics around 
the web, filled with keywords and published by sites trying to grab Google 
juice, have also grown up to be a common culprit. (I fell for these a couple of 
times in my early days of blogging for FlowingData, but I learned my lesson.)

Learn all you can about your data before anything else, and your analysis 
and visualization will be better for it. You can then pass what you know on 
to readers.
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FIGURE 1-26  A History of the World in 100 Seconds by Gareth Lloyd, http://datafl.ws/24a 

However, just because you have data doesn’t mean you should make a graphic 
and share it with the world. Context can help you add a dimension—a layer 
of information—to your data graphics, but sometimes it means it’s better to 
hold back because it’s the right thing to do.

In 2010, Gawker Media, which runs large blogs like Lifehacker and Gizmodo, 
was hacked, and 1.3 million usernames and passwords were leaked. They were 
downloadable via BitTorrent. The passwords were encrypted, but the hackers 
cracked about 188,000 of them, which exposed more than 91,000 unique 
passwords. What would you do with that kind of data? 

The mean thing to do would be to highlight usernames with common (read 
that poor) passwords, or you could go so far as to create an application that 
guessed passwords, given a username. 

A different route might be to highlight just the common passwords, as 
shown in Figure 1-27. This offers some insight into the data without making 
it too easy to log in with someone else’s account. It might also serve as a 
warning to others to change their passwords to something less obvious. You 
know, something with at least two symbols, a digit, and a mix of lowercase 
and uppercase letters. Password rules are ridiculous these days. But I digress.

http://datafl.ws/24a


FIGURE 1-27  Commonly used passwords in Gawker hack
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With data like the Gawker set, a deep analysis might be interesting, but it could 
also do more harm than good. In this case, data privacy is more important, so 
it’s better to limit what you show and look at.

Whether you should use data is not always clear-cut though. Sometimes, the 
split between what’s right and wrong can be gray, so it’s up to you to make 
the call. For example, on October 22, 2010, Wikileaks, an online organization 
that releases private documents and media from anonymous sources, released 
391,832 United States Army field reports, now known as the Iraq War Logs. 
The reports recorded 66,081 civilian deaths out of 109,000 recorded deaths, 
between 2004 and 2009. 

The leak exposed incidents of abuse and erroneous reporting, such as civilian 
deaths classified as “enemy killed in action.” On the other hand, it can seem 
unjustified to publish findings about classified data obtained through less 
than savory means.

Maybe there should be a golden rule for data: Treat others’ data the way you 
would want your data treated.

In the end, it comes back to what data represents. Data is an abstraction of 
real life, and real life can be complicated, but if you gather enough context, 
you can at least put forth a solid effort to make sense of it.

WRAPPING UP

Visualization is often thought of as an exercise in graphic design or a brute-
force computer science problem, but the best work is always rooted in data. 
To visualize data, you must understand what it is, what it represents in the 
real world, and in what context you should interpret it in.

Data comes in different shapes and sizes, at various granularities, and with 
uncertainty attached, which means totals, averages, and medians are only a 
small part of what a data point is about. It twists. It turns. It fluctuates. It can be 
personal, and even poetic. As a result, you can find visualization in many forms.
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Visualization has been around for centuries, but it is relatively new as a field 
of study, and experts in the area haven’t even decided what exactly visual-
ization is yet. Should it be used for only analysis? Is visualization specifically 
for quantitative insights, or can you use it to evoke emotions? At what point 
does visualization—a field deeply rooted in, well, visual things—become art? 

The answers to these questions vary between who you ask. The questions 
have created heated debates within and in between subject areas, and this 
is just amongst the academics and practitioners.

I was on a consulting gig at a large, data-centric organization because it wanted 
to inject more visualization into its work. It wanted the public to know what 
it was doing and wanted to improve its existing work in reports and data 
summaries, along with tools within the organization. 

So I was in a meeting with about 40 people, which was a diverse group of 
marketers, developers, and statisticians. The group worked on a variety of 
projects, from quick, made-for-blog graphics to interactive data exploration 
tools. We were discussing an online application, and part of the group felt 
there should be more editorial content on what the data was about, whereas 
another part insisted that any interpretation should be left to the users. A few 
others leaned toward graphics that looked like abstract paintings. The ideas 
for visualization were all over the place, and a long argument ensued.

They were all right. Everyone argued in support of visualization for a specific 
purpose and insisted that others’ visualization had to fit the same criteria, even 
if the others designed applications for different reasons and with a different 
audience in mind. They approached visualization as if it were a monolithic 
thing that had a defined set of rules. This might have been true a century ago 
(or not), but visualization has grown into more than just a tool. Visualization is 
a medium: a way to explore, present, and express meaning in data.

Rather than disjoint categories that work independently from others, you can 
think of visualization as a continuous spectrum that stretches from statistical 
graphics to data art. There is visualization that is clearly one or the other, 
but there are many works that are a blend of both and can’t be put in a bin. 
Where statistics, design, and aesthetics find a balance is where a lot of the 
best work comes from.

This is not to say that the blend is always best, nor are statistical graphics better 
than data art, or vice versa. They all serve their own purposes and should be 
judged by how well they achieve their goals. You don’t critique a documentary 
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in the same way you might judge a slapstick comedy because you go in with 
different expectations and a different mindset. Similarly, you don’t expect a 
romance novel from a textbook or complain about how unfunny a television 
crime drama is.

A series of comical pie charts shouldn’t be put under the 
same microscope as visualization research, unless those pie 
charts happen to be part of research on how people react 
to comical pie charts. If so, I would like to read that paper, 
because I’m sure it’s hilarious.

Again, this is not to say that you should be less critical of funny graphs or data 
art than you are of exploratory visualization. People examine comedy and art 
all the time. Just know what you’re critiquing.

ANALYSIS AND EXPLORATION

William Playfair is credited with inventing many of the traditional chart types 
used today: the line graph, the bar chart, and the pie chart. In 1786, Playfair 
published the first bar charts in The Commercial and Political Atlas, which 
showed progress via indicators such as imports and exports, as shown in 
Figure 2-1. Figure 2-2 shows one of the first pie charts. These charts were 
handmade on paper, of course.

It’s hard to believe that as late as the 1970s this was how people looked at 
data—by hand. In John Tukey’s seminal Exploratory Data Analysis, published in 
1977, he described how to darken the shade of lines by using a pen instead of 
a pencil. Such a technique seems ancient now. The good news is that technol-
ogy advanced, and Tukey continued to innovate with what became available. 

In line with the improvements of technology, the volume of data and avail-
ability has increased dramatically, too, which in turn gave people something 
new to visualize (and new jobs and fields of study). Because remember: There 
is no visualization without the data.

In 2001, Wikipedia (the collaborative, online encyclopedia) launched, and as of 
this writing has 35 million registered users. Anyone can edit Wikipedia entries, 
so when someone starts an article, it can grow and shrink as others add and 
delete information. This creates a dynamic within every article, especially as 
individuals argue over what should and shouldn’t be written.

Note:  There are rules and design suggestions 

for visualization. These are fine, but you can’t 

just blindly follow them. Consider goals and 

applications. 
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The fun starts when you look at the event history for articles, which is freely 
available via the site. Fernanda Viégas and Martin Wattenberg explored this 
concept in 2003 with History Flow, a tool that enables you to explore the his-
tory of any Wikipedia entry over time.

As shown in Figure 2-3, the visualization looks like an inverted stacked area 
chart, where each layer represents a body of text. As time passes, new layers 
(encoded with different colors) are added (or removed), and you can see the 
change in overall size via the total vertical height of the full stack. 

Notice the zigzag pattern and the seemingly random sections of black? The 
former shows debate between users, and the latter is when someone deleted 
a portion of the article, either because of a disagreement or a user is just in 
it for the lulz.

The most interesting aspect of History Flow is the changes over time for each 
article. When events occur in real life, it’s hard to see the big picture because 
you’re so focused on a single event. As a Wikipedia user in a heated debate, 
your main concern is what the opposition just did and then you figure out 
how to react, but when you take a step back to see the overall changes after 
the fact, it’s likely you’ll see something interesting.

FIGURE 2-1  Bar chart from The 
Commercial and Political Atlas by 
William Playfair

FIGURE 2-2  William Playfair 
created the pie chart for Statistical 
Breviary in 1801
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FIGURE 2-3  History Flow (2003) by Fernanda Viégas and Martin Wattenberg, http://hint.fm

http://hint.fm
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The World Bank provides countrywide data in an easy-to-
download format to help you gain an understanding on the 
progress of the world. Figure 2-4 (an interactive I made to 
look at life expectancy over the years for different countries) 
shows an overall increase for most regions; but at the same 

time, big dips indicate wars and times of struggle in some places. You can, for 
example, see the Bangladesh Liberation War in the 1970s, the Iran-Iraq War in 
the 1980s, and the Rwanda Civil War in the 1990s. There’s a smaller dip for Iraq 
in early 2000. Selectable regions and countries enable you to highlight specifics.

From a methodology point of view, both History Flow and the life expectancy 
charts are a modified stacked area chart and multiple time series, respectively. 
The data makes them interesting, but pre-Internet, these numbers would have 
been harder to come by, if they existed at all.

Note:  Although Wikipedia is an encyclopedia, 

because it’s always changing, you can also 

easily relate activity to current events, such as 

times of unrest or shifts in political power. 

FIGURE 2-4  Life expectancy around the world,  http://datafl.ws/24w
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Now it seems like you can find data on almost anything if you look hard 
enough. Using a ready-to-use, comma-delimited file, Stephen Von Worley cal-
culated the distance to the nearest McDonald’s everywhere in the contiguous 
United States and mapped it. As shown in Figure 2-5, the brighter an area, the 
less time it’ll take to grab a Big Mac. 

Even newer, social media sites, such as Twitter and Facebook, continue to 
flourish, which provide a new source of information on what people are talk-
ing about and concerned with. Data is readily accessible via the application 
programming interfaces (API). Photo-sharing site Flickr also has an accessible 
API. Eric Fischer combined data from Twitter and Flickr in his series of maps 
titled See Something or Say Something, shown in Figure 2-6.

FIGURE 2-6  (following page) 
See Something or Say Something 
(2011) by Eric Fischer,  
http://datafl.ws/2ba

FIGURE 2-5  Distance to McDonald’s (2010) by Stephen Von Worley, http://datafl.ws/24y

http://datafl.ws/2ba
http://datafl.ws/24y
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Blue dots are locations where people tweeted, red dots represent places where 
people took Flickr photos, and white dots represent where people did both. 
So you can see where people usually tweet (say something) or take a picture 
(see something). It’s a simple idea with great execution and beautiful results.

From an even wider point of view—from space—NASA uses satellite data to 
monitor activity on Earth. For example, Figure 2-7 is a snapshot from an ani-
mation that shows components of the water cycle: evaporation, water vapor, 
and precipitation. The data feeds into atmospheric models, which allows you 
to see significant changes over time for the planet. 

Perpetual Ocean, also by NASA, uses similar data and models to estimate ocean 
currents, as shown in Figure 2-8. It might remind you of Vincent van Gogh’s 
painting The Starry Night.

How amazing is that? Large amounts of data make that 
possible. Of course, new data types in growing volumes 
demands new tools to explore beyond pen and paper.

TOOLS

The introduction of computers changed how you can analyze and explore data. 
You can make a lot of charts in a few seconds, view data from many angles, 
and sift through more complex datasets than those who had to chart man-
ually. There are also more data exploration tools than ever before. Microsoft 
Excel is still the software of choice in many offices, which can work for a lot 
of jobs, but the methods that people want to use and the depth they want 
to explore is changing.

Tableau Software is one of the more popular desktop programs that enables 
you to visually analyze your data. Everything is done via a click interface, so no 
programming skills are required, and it can handle a healthy amount of data at 
once, so you’re free to roam. Tableau Public enables you to build visualization 
dashboards and share them online.

There’s also desktop software to visualize specific types of data. For example, 
ImagePlot by Software Studies Lab at California Institute for Telecommunication 
and Information Technology (Calit2) enables you to explore images. You can 
do this with other software, but ImagePlot specializes in handling millions of 
images at once and can place them in a two-dimensional space to analyze 
aspects of a collection, such as color or volume.

Note:  See also the animated world map from 

NASA that shows a decade of fires:  

http://datafl.ws/2bb. 

http://datafl.ws/2bb
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FIGURE 2-7  Components of the 
Water Cycle on a Flat Map (2011) 
by NASA/Goddard Space Flight 
Center Scientific Visualization 
Studio, http://svs.gsfc.nasa.gov/
goto?3811

http://svs.gsfc.nasa.gov/goto?3811
http://svs.gsfc.nasa.gov/goto?3811
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This specialization is a current theme in visualization development. It’s easier 
and more efficient to build tools to handle specific data types than try to 
develop software that handles everything imaginable. 

Gephi is the go-to open source software to visualize networks and systems. 
It’s “like Photoshop for graphs.” Whenever you see a static graph with a lot of 
nodes and edges, it was most likely created with this software. On the desktop, 
you can easily explore and interact by clicking and dragging, and you can 
export images when you find something interesting.

Treemap, developed by the Human-Computer Interaction Lab at the University 
of Maryland, enables you to explore hierarchical data via said treemaps. 
Originally created by Ben Shneiderman in 1990 to visualize the contents in a 
hard drive, the software, shown in Figure 2-11, is now more flexible, interactive, 
and free to use for noncommercial use.

For static, statistical graphics, my personal favorite is R in combination with 
Adobe Illustrator. R is the statistical computing language of choice, which has 
recently gained steam in the data community, and Illustrator is a program that 
a lot of designers use.

As you venture out to visualization for the web, the pro-
gramming skill requirements seem to increase, but there 
are a lot of packages to help ease you into the area. It’s 
not drag-and-drop simple, but developers have learned 
that providing a lot of examples get people to use their 
software, which is great for everyone. 

A few years ago, online visualization was almost all in Flash, but that has 
since faded. It’s all about JavaScript and HTML5 these days. Again, there are 
a lot of libraries, but Data-Driven Documents (D3) by Mike Bostock, Raphaël 
by Dmitry Baranovskiy, and the JavaScript InfoVis Toolkit by Nicolas Garcia 
Belmonte are your best bets for starting. You can of course always upload 
static images online, but loading visualization native in the browser brings the 
added benefit of graphics that can update based on current data. Programming 
in JavaScript also allows you to incorporate interaction and animation, which 
can add another dimension to data exploration and presentation.

Note:  See Chapter 7, “Where to Go from 

Here,” for more on tools and programming for 

visualization. 
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FIGURE 2-8  Perpetual Ocean (2012) by NASA/Goddard Space Flight Center Scientific Visualization Studio, http://datafl.ws/2bc

http://datafl.ws/2bc
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FIGURE 2-8  Perpetual Ocean (2012) by NASA/Goddard Space Flight Center Scientific Visualization Studio, http://datafl.ws/2bc
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FIGURE 2-9  ImagePlot by Software Studies Lab at California Institute for Telecommunication and Information Technology, http://datafl.ws/24x

http://datafl.ws/24x
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FIGURE 2-10  Gephi,  
http://gephi.org

FIGURE 2-11  Treemap by the 
Human-Computer Interaction 
Lab at the University of Maryland, 
http://www.cs.umd.edu/hcil/
treemap/ 
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INFORMATION GRAPHICS 
AND PRESENTATION

When you explore your data, you gather your own insights, so there’s no need 
to explain interesting facets of the data to yourself. But when your audience 
of one increases to more than that, you must provide guidance and context 
for what the data is about. 

Often, this has little to do with accompanying graphics with long, detailed 
essays (or dissertations) and more to do with carefully placed labels, titles, and 
text to set up readers for what they’re about to see. The visualization itself—the 
shapes, colors, and sizes—represent the data, whereas words can make your 
graphics easier to read and understand. Attention to typography, contextual 
elements, and logical layouts also lend to an additional layer of information 
on top of raw, statistical output.

A common saying in visualization design is to “let the data speak.” It means to 
visualize your data (or information) and then get out of the way, which works 
great when the data is familiar and the patterns are obvious. 

For example, Patrick Smith used a minimalist approach to describe mental 
disorders, such as obsessive-compulsive disorder, depression, and narcolepsy, 
as shown in Figure 2-12. He used basic shapes that are relatively small com-
pared to the space available on each poster, but the isolation lends to the 
seriousness of the conditions.

Coffee Drinks Illustrated, shown in Figure 2-13, by Lokesh Dhakar is a nice 
example of how small enhancements to basic charts can provide readers a 
connection. Stacked bars for each drink form the core of this graphic, and 
labels tell you what each bar represents. Dhakar also includes the name of 
each coffee drink, making the content simple to read. The coffee mug and 
steam illustration around each bar graph sets the context immediately.

The True Size of Africa by Kai Krause communicates its point by rotating coun-
tries away from their geographic orientation to fit inside Africa, which is 
explained in the lead-in, as shown in Figure 2-14. You typically view Africa to 
be a relatively smaller continent, based on the Mercator projection used in 
online maps. However, in reality, Africa is much larger by area. The title makes 
this obvious, and smaller maps and tables provide details.
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FIGURE 2-12  Mental disorder posters (2010) by Patrick Smith, http://datafl.ws/259

http://datafl.ws/259
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FIGURE 2-13  Coffee Drinks Illustrated (2007) by Lokesh Dhakar, http://lokeshdhakar.com/coffee-drinks-illustrated/

http://lokeshdhakar.com/coffee-drinks-illustrated/
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FIGURE 2-14  The True Size of Africa (2010) by Kai Krause, http://datafl.ws/12t

There’s an easy takeaway from each of these figures because you’re familiar 
with the data and the message is clear, but more often, the data is unfamiliar 
and the patterns are only obvious after someone points them out to you. 
That’s when storytelling and data narratives come into the picture.

STORYTELLING

As a medium, visualization has developed into a great way to tell stories. News 
organizations are learning to do this well in a budding field known as data jour-
nalism. (This is perhaps where Tufte’s chartjunk and data-ink ratio suggestions 
are most applicable.) Actually though, it’s just good analysis and reporting.

http://datafl.ws/12t
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For example, when the Deepwater Horizon oil rig exploded in the Gulf of 
Mexico April 2010, which led to gallons of oil, in the hundreds of millions, 
spilled into the ocean, The New York Times graphically reported several fac-
ets of the 3-month accident. This provided context for how the oil spill was 
playing out, what was affected, and why the spill happened. Looking back 
on the interactive series now, well after the initial spill, the graphics are still 
informative and will be for years.

Digital Narratives, a project by Microsoft Research that 
demonstrates their Rich Interactive Narratives (RIN) tech-
nology, experiments with combining various types of 
media—video, audio, and text—with visualization that 
users can interact with. The great thing about the project 

is that an author can string media together and add a vocal component so 
that a piece plays as a continuous narrative. A user can pause a narrative at 
any time to interact with the visualization on the screen. 

For example, as shown in Figure 2-15, an author might verbally describe a 
visualization, and users can pause to interact with the visualization within the 

Note:  See the in-depth interactive on the oil 

spill by The New York Times at http://datafl.ws/254. 

You can also find more of their work at  

http://datafl.ws/2bd. 

FIGURE 2-15  Digital Narratives (2011) by Microsoft Research, http://www.digitalnarratives.net/ and http://datafl.ws/2be

http://datafl.ws/254
http://datafl.ws/2bd
http://www.digitalnarratives.net/
http://datafl.ws/2be
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media and explore the data themselves (and resume the story when they’re 
done interacting). 

Visualization not only lends itself well to narratives but also communicating 
and clarifying ideas. Maybe you just want to get a quick point across—data 
vignettes, so to speak. After all, one of the main selling points of visualization 
is that it helps you digest a lot of information at once. 

Flowcharts, for example, are straightforward ways to communicate process 
and decision making. You start in a state and then move to adjacent states 
as you answer questions. Eventually, you end up in a state that helps you 
make a decision. For example, So You Need a Typeface by Julian Hansen, as 
shown in Figure 2-16 helps you choose the right typography based on task 
and preference.

Sometimes you want to see an entire process, such as Michael Niggel’s flow-
chart that maps all possible outcomes to Choose Your Own Adventure #2: Journey 
Under the Sea. If you’re unfamiliar, the Choose Your Adventure books are divided 
into sections, and at the end of each section, the author provides choices for 
where to go next. The goal is to stay alive, so it’s kind of like a game. As a 
whole, the flowchart, shown in Figure 2-17, represents the book’s complete 
storyline. FYI: Most likely you’ll die.

Information graphics can also cover topics close to the heart. As shown in 
Figure 2-18, What Love Looks Like by Louise Ma is a chart series that concep-
tualizes what love looks like. Love is a complicated feeling that can be hard 
to describe in words, but Ma’s charts are beautifully poetic in describing the 
emotion’s many facets, focusing both inward and outward. 

Notice that Ma doesn’t use actual data. Rather, she uses abstract trends and 
patterns to illustrate miniature stories. Matthew Might uses this to great 
effect in The Illustrated Guide to a Ph.D. shown in Figure 2-19. It was made 
directed toward graduate students (and of course struck a chord with me 
right away), but it applies to everyone who’s learning and wants to push 
their field forward, regardless of whether you’re in an academic setting, 
office, or at home.

FIGURE 2-16  (following page) 
So You Need a Typeface (2010) 
by Julian Hansen,  
http://julianhansen.com

http://julianhansen.com
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Although the illustrations aren’t flashy, the idea drives the series forward, 
which shows you don’t need a lot of bells and whistles to get people to look. 
The same goes for data. Worthwhile data makes graphics worth looking at. It 
drives data stories forward.

FIGURE 2-17  (facing page) 
Analysis of paths and outcomes 
(2009) to Choose Your Own 
Adventure #2 by Michael Niggel, 
http://datafl.ws/6p

FIGURE 2-18  What Love Looks Like (2012) by Louise Ma, http://love.seebytouch.com

http://datafl.ws/6p
http://love.seebytouch.com
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FIGURE 2-19  Illustrated Guide to a Ph.D. (2010) by Matthew Might, http://datafl.ws/25c

http://datafl.ws/25c
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ENTERTAINMENT

Approaching the middle of the visualization spectrum, I start to lose people 
rooted in the analysis side. I might have already lost you at the end of the last 
section. This is when reader attention, engagement, and happiness tend to 
grow more important and useful for the task than minimizing chartjunk and 
increasing data-ink ratios. Although the latter is still important, people tend 
to relate with the former more readily. 

Some might feel antsy or scoff at the work that follows (I do still call myself 
a statistician, so I can relate.), but there is value in visualization that isn’t a 
traditional, just-the-facts chart. There is value in entertaining, putting a smile 
on someone’s face, and making people feel something, as much as there is in 
optimized presentation. Obviously, you don’t embed a comic within a busi-
ness dashboard, but an entertainment-based publication? That’s not so crazy.

“All of the great chartmakers make me feel something: alarm, wonder, 
surprise, joy ... something. Even, I think you might argue in the case of 
something like dashboard design, calm.”

—Amanda Cox

The definition split has a lot to do with use of the visualization label. In research 
and academia, visualization is typically a data exploration tool that requires 
precision and visual efficiency. You look at data, understand what you can, 
and then quickly move on to another part of the data. Visualization research-
ers hope to generalize their results to be used with similar data types and 
situations.

Practitioners, on the other hand, tend to design and create on a case-by-case 
basis. They certainly draw from past work and experience, but often the goal 
is to design a tool, interactive, or single graphic tailored to a dataset. 

Because this dataset-tailored visualization is more visible, and academic 
research can feel out of reach, the general public thinks of visualization mostly 
of the former and less of the latter. The general public considers visualization 
to be anything that places numbers in a graphical context, and you’re either 
someone who completely resists this, or you embrace it. There’s no in between, 
and I have yet to meet anyone who shifted to the other side.

I embrace it. 
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Taxonomies and frameworks are important to advance research, if only to make 
it easier to discuss topics, but from a practical standpoint, the definition of 
visualization or what you call your work has little to do with what you make. 
Even while working with potential clients, a quick glance at a portfolio makes 
it easy to see what you do.

Who knows what visualization will be in 10 years? After all, a web search for 
visualization only 10 years ago returned results for a mental exercise to set 
goals and calm your nerves.

HUMOR

Along the same lines as Ma’s charts about love, a genre of graphs have popped 
up in recent years used to tell jokes. They seem to stem from everyone’s love 
(that is, hate) of PowerPoint presentations, starting as satire and morphing 
into a chart subclass.

Jessica Hagy was one of the first to do this online with her blog Indexed, which 
she started in 2006. As shown in Figure 2-20, Hagy uses line charts and Venn 
diagrams to communicate observations and ideas. Even after several years 
of regular updates, Hagy’s cards never fail to make me smile. Sometimes she 
explores complex ideas and other times simple observations, but the hand-
drawn sketches seem to lend a dose of clarity that only charts can provide.

Although Indexed is in its own genre that’s some hybrid of reports and sat-
ire, charts have found their way into comics, too. For example, Doghouse 
Diaries often uses charts to make people smile. In Bed Cartography, shown in 
Figure 2-21, the odd sleeping zones of one’s significant other are described. 
Dog and cat areas are not shown, nor is the child scared by nightmare.

Manu Cornet caricaturized organizational charts for major technology com-
panies in his comic Bonkers World, as shown in Figure 2-22. They range from 
the strict, top-down structure at Amazon.com to Facebook’s seemingly 
self-managed, small groups.

Taking it down to the human level, don’t forget The Trustworthiness of Beards 
by Matt McInerney, who mapped beard types against a range of trustworthy 
to disastrous, as shown in Figure 2-23. Never trust a werewolf, no matter how 
hunky or shirtless he might be.
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FIGURE 2-20  Selected cards from Indexed by Jessica Hagy, http://thisisindexed.com
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FIGURE 2-21  Bed Cartography 
(2012) from Doghouse Diaries, 
http://thedoghousediaries​
.com/3586

FIGURE 2-23  The Trustworthiness of Beards (2010) by Matt McInerney

http://thedoghousediaries.com/3586
http://thedoghousediaries.com/3586


FIGURE 2-22  Organizational 
Charts (2011) by Manu Cornet, 
http://www.bonkersworld.net/
organizational-charts/

FIGURE 2-23  The Trustworthiness of Beards (2010) by Matt McInerney

http://www.bonkersworld.net/organizational-charts/
http://www.bonkersworld.net/organizational-charts/
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Whether you call these graphics visualization or put them in a category of their 
own, there are a lot of things to learn here that apply to traditional visualization. 
Why do so many people like these graphics? What is it about these graphics 
that resonates with readers and makes them want to share with others? Does 
color and readability play a role? How about layout? Some researchers have 
tried to answer these questions, but so far, they’ve only scratched the surface.

DATA ART

Now enter the right side of the spectrum, where the imagination runs wild, 
data and emotion drive together, and creators make for human connection. 
It’s hard to say what data art is exactly, but the work is often less about deci-
sion making and more about a relationship to the numbers—or rather what 
they represent—to experience data, which can feel cold and foreign. Data 
art is made of the stuff that analysis and information graphics could often 
use more of. 

In 2012, with the Olympics in London starting in a few months, artists Quayola 
and Memo Akten translated athletic movement, which in itself can be beautiful, 
to generative animation in Forms, as shown in Figure 2-24. On a small screen a 
video plays of an athlete, such as a gymnast or a diver, floating and spinning 
in the air. On a large screen, generated particles, sticks, and poles move along 
accordingly. Sound accompanies the movement to make computer-generated 
shapes seem more real.

There are no axes, labels, or grids. Instead, it is like real-life activities taking 
on different forms. As shown in Figure 2-25, Jason Salavon, a Chicago-based 
artist, used MTV’s compilation list for the “greatest music videos of all time,” 
compressing each video to its average colors. You lose the music, but you get 
a sense of theme and flow from the colors in chronological order.

Graphic designer Frederic Brodbeck did similar work in Cinemetrics, which 
derived movie data—color, motion, and time—to create a “visual fingerprint” 
for each, as shown in Figure 2-26. Each segment represents the color and time 
in a part of the movie, and in the animated version, segments move back and 
forth according to the amount of movement in the segment.
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FIGURE 2-24  Forms (2012) by Memo Akten (http://memoakten​.com/) and Quayola (http://www​.quayola.com/), https://vimeo​.com/37954818

http://memoakten.com/
http://www.quayola.com/
https://vimeo.com/37954818
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FIGURE 2-25  Thriller, Vogue, Smells Like Teen Spirit, and Express Yourself from MTV’s 10 Greatest Music Videos of All Time (2001) by Jason Salavon,  
http://salavon.com/work/MtvsTop10/ 

A History of the Sky, shown in Figure 2-27, by artist Ken Murphy also reconfig-
ured our traditional view of time and space; however, instead of movies, the 
sky was used as the source of inspiration. 

Murphy installed a camera on the San Francisco Exploratorium’s roof and 
programmed the camera to take a picture every 10 seconds for a year. Instead 
of stringing all the pictures together on a single continuous timeline, Murphy 
played all the days at once on a 24-hour timeline. In a few minutes, you can 
see how the length of days change and how the weather fluctuates for a year.

What if the data source is invisible? How are you supposed to visualize it? As 
shown in Figure 2-28, Timo Arnall, Jørn Knutsen, and Einar Sneve Martinussen 
fashioned a measuring rod with Wi-Fi sensors and small lights to visualize the 
networks that we use every day in Immaterials: Light painting WiFi. In any given 

http://salavon.com/work/MtvsTop10/
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position, the rod displays signal strength as a bar, so the better the signal, 
the more lights that flash. This, combined with long exposure photography, 
Immaterials paints a picture of Wi-Fi signals in a physical space.

Although these works were made for an art exhibit or to decorate people’s 
walls, it’s easy to see how they could be useful to some. For example, an athlete 
or coach might be interested in perfecting movement, and visual traces can 
make it easier to see patterns. Forms might not be as straightforward as, say, 
motion-capture software that replays exact movements, but the mechanics 
are similar. Likewise, filmmakers could use Cinemetrics to study use of color 
and movie dynamics, and engineers might find signal strength in a physical 
space helpful in research to improve Wi-Fi technology.

FIGURE 2-26  Cinemetrics 
(2012) by Frederic Brodbeck, 
http://cinemetrics.frederic​
brodbeck.de

http://cinemetrics.fredericbrodbeck.de
http://cinemetrics.fredericbrodbeck.de
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FIGURE 2-27  A History of the Sky (2011) by Ken Murphy, http://datafl.ws/25s

Again, this brings you back to, “What is data art?” Or more important, “What 
is visualization?” It’s a medium with a wide range of applications. There are 
genres of visualization within a spectrum, but there are no clear-cut bound-
aries (which there doesn’t need to be). Like movies, which can be both a 
documentary and a drama or even a comedy and a horror, a visualization 
work can be art and factual. 

For example, Stamen Design, known for both practical and beautiful interac-
tive maps, put an artistic spin on geography with its experimental prettymaps, 
shown in Figure 2-29. They mapped freely available, community-generated 
data from Flickr, Natural Earth, and OpenStreetMap, which provided six layers 
of data. Mapped separately, the geography looks standard, but when you map 
them all at once with semi-transparency, you get something else.

http://datafl.ws/25s
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FIGURE 2-28  Immaterials: Light painting WiFi (2011) by Timo Arnall, Jørn Knutsen and Einar Sneve Martinussen, https://vimeo​.com/20412632;  
Photo by Timo Arnall

Real data sources are used and they are mapped geographically, but by com-
bining all the sources and using less traditional aesthetics, the appearance of 
the geography seems to change.

In Wind Map, another work by Fernanda Viégas and Martin Wattenberg, who 
use visualization as both a tool and expression, wind patterns flow across the 
United States, as shown in Figure 2-30. The forecasts are updated once per 
hour from the National Digital Forecast Database, which you can explore by 
zooming and panning. You can also mouse over flows for wind speed and 
direction. The more concentrated and faster the streams on the map, the 
greater the forecasted speed.

FIGURE 2-29  (following page) 
prettymaps (2010) by Stamen 
Design, http://prettymaps 
.stamen.com/

https://vimeo.com/20412632
http://prettymaps.stamen.com/
http://prettymaps.stamen.com/
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The map could be useful to meteorologists who study wind patterns or to 
educators who teach weather concepts, but Viégas and Wattenberg consider 
it an art project. To see the environment as a living, breathing thing is certainly 
something beautiful to see.

I Want You To Want Me, by Jonathan Harris and Sep Kamvar, shown in 
Figure 2-31, is an installation that was commissioned by New York’s Museum 
of Modern Art. Like DuBois’ map (shown in Chapter 1, “Understanding Data”), 
Harris and Kamvar’s piece uses data collected from online dating sites, which 
captures how people identify themselves and who they want to be with. I 
Want You To Want Me parses profiles and extracts sentences that start with “I 
am” or “I am looking for” and represents each sentence with a balloon float-
ing in an interactive sky. Each balloon carries the silhouette of an animated 
person, almost as if each represents an individual’s floating hope to find an 
ideal partner. (The piece, by the way, was installed on Valentine’s Day.)

Although there are statistical breakdowns for aspects like top first dates, 
desires, and turn-ons, I Want You To Want Me, installed on a large, high-reso-
lution touchscreen, is like a story that lets you peek in and explore people’s 
search for relationships. You can easily immerse yourself in the data, which 
is both personal and easy to relate to. It’s harder to do that with a traditional 
graph. That said, the key to high-quality data art, like any visualization, is still 
to let the data guide design. 

THE EVERYDAY

Visualization has also found its way into the everyday, especially because almost 
all online content is stored in a database. And as people grow more comfort-
able with interacting on their computers, developers can create interfaces 
that display more data at once. From the side of those who build applications, 
this is great because the growing amounts of data require new views that the 
old ones can’t accommodate, and from the consumer side, the experience 
improves as the data is easier to digest.

In 2004, Marcos Weskamp created newsmap, which is a treemap view into 
Google News, as shown in Figure 2-32. If you go straight to Google News, 
you get a standard list of headlines, complemented with a thumbnail. Some 
of the top stories are listed at the top, and recent ones in the right sidebar.

FIGURE 2-30  (following page) 
Wind Map (2012) by Fernanda 
Viégas and Martin Wattenberg, 
http://hint.fm/wind/

http://hint.fm/wind/
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FIGURE 2-31  I Want You To Want Me (2008) by Jonathan Harris and Sep Kamvar, http://www.iwantyoutowantme.org/

However, Weskamp’s newsmap shows headlines sized by popularity, based on 
a number of related articles. Each rectangle represents a clickable story and 
is colored by topic, such as world, national, or business. So you get a sense of 
what’s going on in the world at a glance, and there are a variety of options (such 
as country of interest and time frame) and you can include and exclude topics.

Geographic maps are heavily used as a search tool. Their main use on the web 
was to look up directions from point A to point B, but as developers add layers 
of information and integrate deeper functionality, complete applications are 
developed to provide information and context of areas. 

http://www.iwantyoutowantme.org/
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FIGURE 2-32  newsmap by Marcos Weskamp, http://newsmap.jp

Google Maps is, of course, the most heavily used because you can look up 
nearby stores, restaurants, and other businesses, but the application mostly 
shows only pointers and markers on specific locations. Sometimes, you want 
to know trends and patterns or just get a general sense of an area, like when 
you look for a place to live. Trulia, a site that helps you search for real estate, 
provides useful layers of information other than the properties for sale, as 
shown in Figure 2-33.

http://newsmap.jp
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FIGURE 2-33  Trulia Local, http://www.trulia.com/local

You can look at crime, violent and nonviolent; filter schools by rating; and see 
approximate commute times from a given location. The applications helps 
you make a more informed decision, based on more than just square feet and 
price, when you buy a house.

Some interfaces completely change how you interact and relate to the data. 
Planetary, by Bloom, is an iPad app that places your iTunes music library into 
the context of a solar system. 

http://www.trulia.com/local
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FIGURE 2-34  Planetary by Bloom, http://planetary.bloom.io/

Artists are stars, albums are planets that orbit the stars, and tracks are moons 
that orbit the planets. Instead of a music library to jump to a specific song, 
your music is transformed into a landscape you can explore and rediscover. 
And because you use Planetary via the iPad’s touch interface, the data almost 
feels tangible.

What happens when data actually is tangible, embedded in a physical object? In 
2010, the Really Interesting Group made Christmas ornaments shaped by scrob-
bles on music site Last.fm, miles traveled according to Dopplr, and apertures 
used on Flickr, as shown in Figure 2-35. Tada. Instant personalized Christmas gift.

Rachel Binx and Sha Hwang streamlined the process with meshu, a service 
that enables you to make your own jewelry based on geographic locations. 
Pick points on a map, and they fabricate your necklace, earrings, or cufflinks 
out of wood, acrylic, nylon, or silver. 

Location data represents where you are, where you’ve been, and where you’re 
going, so each meshu is like a snapshot of life, that you can wear.

As mobile technology advances, and the gap between digital and physical 
gets smaller, visualization will play a larger role in connecting the two worlds. 

http://planetary.bloom.io/
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FIGURE 2-35  datadecs by Really Interesting Group, http://datafl.ws/25v 

FIGURE 2-36  meshu by Rachel Binx and Sha Hwang, http://meshu.io/

http://datafl.ws/25v
http://meshu.io/
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WRAPPING UP

The definition of visualization changes by who you ask, and as a whole, the 
breadth of visualization changes every day. As you come across rules and 
design suggestions for how to present data, be sure to know their context. 

In writing, there is grammar and syntax that is good to know, but where you 
can bend the rules is also important. Certain movie formulas can work, but 
often the ones that stray are the biggest success stories. 

With visualization, draw from previous work and keep guidelines in mind, 
but don’t let it keep you from what works best to achieve your goal and to 
communicate to your audience. As you’ve seen in this chapter, your goals 
and your audience can change dramatically across applications. It’s good that 
visualization is a medium that you can use for a lot of things.
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Representing Data
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When you visualize data, you represent it with a combination of visual cues 
that are scaled, colored, and positioned according to values. Dark-colored 
shapes mean something different from light-colored shapes, or dots in the 
top right of a two-dimensional space mean something different than dots in 
the bottom left. 

Visualization is what happens when you make the jump from raw data to 
bar graphs, line charts, and dot plots. It’s the process that takes you from the 
grid of photos in Chapter 1, “Understanding Data,” to a bar graph over time, 
as shown in Figure 3-1. 

FIGURE 3-1  Abstraction process
It’s easy to think that this process is instant because software enables you to 
plug data in, and you get something back instantly, but there are steps and 
choices in between. What shape should you choose to encode your data? What 
color is most appropriate for the purpose and message? You can let the com-
puter choose everything for you (it can save time), but there are advantages 
when you choose. At the least, if you know the elements of visualization and 
how they can be combined and modified, you know what to tell the computer 
to do rather than let the computer dictate everything you make.

In many ways, visualization is like cooking. You are the chef, and datasets, 
geometry, and color are your ingredients. A skilled chef, who knows the pro-
cess of how to prepare and combine ingredients and plate the cooked food, 
is likely to prepare a delicious meal. A less skilled cook, who heads to the local 
freezer section to see what microwave dinners look good, might nuke a less 
savory meal. Of course, some microwave dinners taste good, but there are a 
lot that taste bad. 
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Whereas the person who is only familiar with entering the time and power 
level on a microwave must either endure poor-tasting meals or stick only to 
the handful of good ones, people who understand the ingredients and actu-
ally know how to cook have fewer limitations. The skilled chef might even 
transform an average frozen dinner into a gourmet meal.

Likewise, with visualization, when you know how to interpret data and how 
graphical elements fit and work together, the results often come out better 
than software defaults.

VISUALIZATION COMPONENTS

What are the ingredients of visualization? Figure 3-2 shows 
a breakdown into four components, with data as the driving 
force behind them: visual cues, coordinate system, scale, and 
context. Each visualization, regardless of where it is on the spec-
trum, is built on data and these four components. Sometimes, 
they are explicitly displayed, and other times they form an invisible framework.  
The components work together, and your choice with one affects the others.

VISUAL CUES

In its most basic form, visualization is simply mapping data to geometry and 
color. It works because your brain is wired to find patterns, and you can switch 
back and forth between the visual and the numbers it represents. This is the 
important bit. You must make sure that the essence of the data isn’t lost in 
that back and forth between visual and the value it represents because if you 
can’t map back to the data, the visualization is just a bunch of shapes.

You must choose the right visual cue, which changes by purpose, and you 
must use it correctly, which depends on how you perceive the varied shapes, 
sizes, and shades. Figure 3-3 shows what’s available.

Position

When you use position as a visual cue, you compare values based on where 
others are placed in a given space or coordinate system. For example, when 
you look at a scatterplot, as shown in Figure 3-4, you judge a data point based 
on its x- and y-coordinate and where it is relative to others.

Note:  Cartographer Jacques Bertin described 

a similar breakdown in Semiology of Graphics, 

and statistician Leland Wilkinson later provided 

a variation in The Grammar of Graphics.

FIGURE 3-2  (following page) 
The components of visualization





FIGURE 3-3  Visual cues
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FIGURE 3-4  Scatterplots
One of the advantages of using just position is that it tends to take up less 
space than the other visual cues because you can draw all the data within 
the x- and y-plane, and you can represent each point with a dot. Unlike other 
visual cues that use size to compare values, all points in a position-based 
plot are the same size. In turn, you can spot trends, clusters, and outliers by 
plotting a lot of data at once.

However, the advantage of using position alone can also be a disadvantage. 
If you look at a lot of points at once in a scatterplot, it can be a challenge to 
identify what each point represents. Even in an interactive plot, you still must 
mouse over or select a point to find out more information, and overlap can 
cause more problems.

Length

Length is most commonly used in the context of bar charts. The longer a bar 
is, the greater the absolute value, and it can work in all directions: horizontal, 
vertical, or even at different angles on a circle.

How do you judge length visually? You figure out the distance from one end 
of a shape to the other end, so to compare values based on length, you must 
see both ends of the lines or bars. Otherwise, you end up with a skewed view 
of maximums, minimums, and everything in between. 

As a simple example, as shown in Figure 3-5, a major news outlet displayed 
a bar graph on television that compared a tax rate before and after a date.
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FIGURE 3-5  Incorrect bar graph 
on left and correct one on the right

The difference between the two values looks like a huge increase—the 
length of the right bar is about five times the length as the other—because 
the value axis starts at 34 percent. The chart on the right shows the change 
when the axis starts at zero, which looks less dramatic. Of course, you can 
always look at the axis to verify what you see (and you always should), but 
that defeats the purpose of showing the values with length, and if the chart 
is shown quickly on television, most people won’t notice the misstep.

Angle

Angles range from zero to 360 degrees on a circle. There’s the 90-degree right 
angle, the obtuse angle that is greater than 90 degrees, and the acute angle 
that is less than 90 degrees. A straight line is 180 degrees. 
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FIGURE 3-6  Mmm, pies and 
donuts

For each angle in between zero and 360 degrees, there 
is an implied opposite angle that completes the rotation, 
and together those two angles are considered conjugates. 
This is why angles are commonly used to represent parts 
of a whole, using the fan favorite, but often maligned, pie 
chart shown in Figure 3-6. The sum of the wedges makes 
a complete circle. 

Direction

Direction is similar to angle, but instead of relying on two vectors joined at a 
point, direction relies on a single vector’s orientation in a coordinate system. 
You can see which way is up, down, left, and right and everything in between. 

This helps you determine slope, as shown in Figure 3-7. You can see increases, 
decreases, and fluctuations.

The amount of perceived change depends a lot on the scale, as shown in 
Figure 3-8. For example, you can make a small change in percentage look like 

Note:  Although the donut chart is often con-

sidered the pie chart’s close cousin, arc length 

is the former’s visual cue because the center of 

the circle, which indicates angles, is removed.
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a lot by stretching out the scale. Likewise, you can make a big change look 
like a little by compressing the scale.

A rule of thumb is to scale your visualization so that direction fluctuates mostly 
around 45 degrees, but this is hardly a concrete rule. The best thing to do is 
to start with this suggestion and then adjust accordingly based on context. If 
a small change is significant, then it might be appropriate to stretch the scale 
so that you can see the shift. In contrast, if a small change is not significant, 
don’t stretch out the scale just to make a shift look dramatic.

FIGURE 3-7  Slope and time series
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FIGURE 3-8  Same amount of 
change shown on varied scales

Shapes

Shapes and symbols are commonly used with maps to differentiate categories 
and objects. Location on a map can be directly translated to the real world, 
so it makes sense to use icons to represent things in the real world. You might 
represent forests with trees or residential areas with houses.

In a chart context, shapes to show variation are used less frequently than they 
used to be. When graphs were drawn with paper and a pencil and computers 
still worked with punch cards, symbols were an easy way to differentiate cat-
egories. For example, as shown in Figure 3-9, triangles and squares could be 
used in a scatterplot, which is quicker to draw than to switch between colored 
pencils and pens or fill a single shape with a solid or cross-hatched pattern.

Nevertheless, varied shapes can provide context that points alone can’t, and 
it’s typically not more difficult to try with your favorite software.

Area and Volume

Bigger objects represent greater values. Like length, area and volume can be 
used to represent data with size, but with two and three dimensions, respec-
tively. For the former, circles and rectangles are commonly used, and with the 
latter, cubes and sometimes spheres. You can also size more detailed icons 
and illustrations.

Be sure to mind how many dimensions you use. The most common mistake 
is to size a two- or three-dimensional object by only one dimension, such 
as height, but to maintain the proportions of all dimensions. This results in 
shapes that are too big and too small, which makes it impossible to fairly 
compare values.
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FIGURE 3-9  Different shapes in 
scatterplot

Say you use squares, shapes with two dimensions—width and height—to 
represent your data. The greater a value, the greater the area of a square, so if 
one value is 50 percent greater than another, you want the area of the square 
to be 50 percent greater than the other. However, if you increase the sides of 
the square by 50 percent instead of the area, which is what some software 
does by default, the larger square is too big. Instead of an increase in 50 per-
cent, it’s an increase of 125 percent. See the jump in difference in Figure 3-10.

You run into the same problem with three-dimensional objects, but the mistake 
is more pronounced. Increase the width, height, and depth of a cube by 50 
percent, and the volume of the cube increases by approximately 238 percent.
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FIGURE 3-10  Squares and cubes sized by different dimensions
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Color

Color as a visual cue can be spilt into two categories: hue and saturation. They 
can be used individually or in combination. 

Color hue is what you usually just refer to as color. That’s red, green, blue, 
and so on. Differing colors used together usually indicates categorical data, 
where each color represents a group. Saturation is the amount of hue in 
a color, so if your selected color is red, high saturation would be very red, 
and as you decrease saturation, it looks more faded. Used together, you can 
have multiple hues that represent categories, but each category can have 
varying scales.

Careful color selection can lend context to your data, and because there is 
no dependency on size or position, you can encode a lot of data at once. 
However, keep color blindness in mind if you want to make sure that everyone 
can interpret your graphics. Approximately 8 percent of men and 0.5 percent 
of women are red-green deficient, so when you encode your data only with 
those colors, this segment of your audience will have trouble decoding your 
visualization, if they can at all. Figure 3-11 shows how some shades are per-
ceived by those who are color-deficient.

Does this mean you aren’t allowed to use red and green 
in your graphics? No. You can combine visual cues so that 
everyone can make out differences, which you’ll get to in 
a few sections.

FIGURE 3-11  Colors as perceived by those who have color vision deficiencies

Note:  Something to think about: If someone 

is red-green deficient, how do they follow traf-

fic signals that use red for stop and green for 

go? They note the order of the lights.



104  |  CHAPTER  3:  Representing Data

Perception of Visual Cues

In 1985, William Cleveland and Robert McGill, then statistical scientists at AT&T 
Bell Laboratories, published a paper on graphical perception and methods. 
The focus of the study was to determine how accurately people read the 
visual cues above (excluding shapes), which resulted in a ranked list from most 
accurate to least accurate, as shown in Figure 3-12.

FIGURE 3-12  Visual cues ranked by Cleveland and McGill

A lot of visualization suggestions (and current research) stem from this list, 
which places bar charts above pie charts, heat maps at the bottom, and so on. 
This is sound advice, and you see more on this in Chapter 5, “Visualizing with 
Clarity,” but remember that this list doesn’t mean that dot plots are always 
better than bubble plots or that pie charts are evil. 

Following this list blindly is an oversimplification of what visualization is. As 
you saw in the previous chapter, efficiency and exactness are not always the 
goal. That said, regardless of what you want to visualize data for, it’s good to 
know how well people can read your visual cues and what information they can 
extract. In other words, use these rankings as a guide rather than a rule book.

COORDINATE SYSTEMS

When you encode data, you eventually must place the objects somewhere. 
There’s a structured space and rules that dictate where the shapes and colors 
go. This is the coordinate system, which gives meaning to an x-y coordinate 
or a latitude and longitude pair. There are several systems, but as shown in 
Figure 3-13, there are three that cover most of your bases: Cartesian, polar, 
and geographic.
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FIGURE 3-13  Commonly used 
coordinate systems
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Cartesian

The Cartesian coordinate system is the most commonly used one with charts. 
If you’ve made a traditional graph, such as a bar chart or a dot plot, you’ve 
used Cartesian coordinates.

You typically think of coordinates in the system as an x and y pair that is 
denoted as (x, y). Two lines that are perpendicular to each other, and range 
from negative to positive, form the axes. The place the lines intersect is the 
origin, and the coordinate values indicate the distance from that origin. For 
example, the (x, y) pair at (0, 0) is at the intersection of the lines, and the (1, 2) 
pair is one unit away from the origin on the horizontal and two units away 
on the vertical.

To make this high school geometry flashback complete, you can find the dis-
tance between any two points, denoted as (x1, y1) and (x2, y2), with the distance 
formula.

You can also extend the Cartesian space to more than two dimensions. For 
example, a three-dimensional space would use a (x, y, z) triplet instead of just 
a (x, y) pair.

The takeaway is that you can describe geometric shapes using Cartesian coor-
dinates, which makes it easier to draw in the space. From an implementation 
standpoint, the coordinate system enables you to encode values to paper or 
a computer screen.

Polar

Made a pie chart? You’ve used the polar coordinate system, too. Although you 
might have used only the angle part and not the radius. Referring to Figure 3-13, 
the polar coordinate system consists of a circular grid, where the rightmost 
point is zero degrees. The greater the angle is, the more you rotate counter-
clockwise. The farther away from the circle you are, the greater the radius is.

Place yourself on the outer-most circle, and increase the angle. This rotates you 
counterclockwise toward the vertical line (or the y-axis if this were Cartesian 
coordinates), which is 90 degrees (that is, a right angle). Rotate one-quarter 
more, and you get to 180 degrees. Rotate back to where you started, and 
that’s a 360-degree rotation. Your radius would be smaller if you rotated along 
the smaller circle.
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This system is used less than the Cartesian coordinate system, but it can be 
useful in cases in which the angle or direction is important.

Geographic

Location data has the added benefit of a connection to the physical world, 
which in turn lends instant context and a relationship to that point, relative 
to where you are. With a geographic coordinate system, you can map these 
points. Location data comes in many forms, but it’s most commonly described 
as latitude and longitude, which are angles relative to the Equator and Prime 
Meridian, respectively. Sometimes elevation is also included. 

Latitude lines run east and west, which indicates north and south position on 
a globe. Longitude lines run north and south and indicate the east and west 
position. Elevation can be thought of as a third dimension. Compared with 
Cartesian coordinates, latitude is like the horizontal axis, and longitude is like 
the vertical axis. That is, if you use a flat projection.

The tricky part about mapping the surface of Earth is that it’s wrapped around a 
spherical mass, but you usually need to display it on a two-dimensional surface, 
like a computer screen. The variety of ways to do this are called projections, 
and as shown in Figure 3-14, each has its advantages and disadvantages.

When you project something that is three-dimensional onto a two-dimensional 
plane, some information is lost, whereas other information is preserved. 

The Mercator projection, for example, preserves angles in local regions. It 
was created in the 16th century by cartographer Geradus Mercator primarily 
for navigation on the seas and is still the most-used projection for online 
direction lookup. On the other hand, the Albers projection preserves area 
but distorts shape. So the projection you choose depends on what you 
want to focus on.

SCALES

Whereas coordinate systems dictate the dimensions of a visualization, scale 
dictates where in those dimensions your data maps to. There’s a variety of 
them, and you can even define your own scales based on mathematical func-
tions, but most likely you’ll rarely stray from the ones in Figure 3-15. These can 
be grouped into three categories: numeric, categorical, and time. 

FIGURE 3-14  (following page) 
Map projections
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FIGURE 3-15  Scales

Numeric

The visual spacing on a linear scale is the same regardless of where you are on 
the axis. So if you were to measure the distance between two points on the 
lower end of the scale, it’d be the same if they were at the high end of the scale.

On the other hand, a logarithmic scale condenses as you increase values. 
This scale is used less than the linear scale and is not as well understood or 
straightforward for those who don’t regularly work with data, but it’s useful 
if you’re interested in percent differences more than you are raw counts or 
your data has a wide range.

For example, when you compare state populations in the United States, you 
deal with numbers from the hundreds of thousands up to the tens of millions. 
As of this writing, California has a population of approximately 38 million peo-
ple, whereas Wyoming has a population of approximately 600,000. As shown 
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in Figure 3-16, with a linear scale, states with smaller populations are clustered 
on the bottom, and then a few states rest on top. It’s easier to see points on 
the bottom with a logarithmic scale.

FIGURE 3-16  Linear versus 
logarithmic scale

A percent scale is usually linear, but when it’s used to represent parts of a 
whole, its maximum is 100 percent. As shown in Figure 3-17, the sum of all the 
parts is 100 percent. This seems obvious—that the sum of percentages in a 
pie chart, represented with wedges, should not exceed 100 percent—but the 
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mistake seems to come up occasionally. Sometimes it’s due to mislabeling, 
but some people just aren’t familiar with the concept.

FIGURE 3-17  Incorrect 
and correct pie charts

Categorical

Data doesn’t always need to be numeric. It can be cate-
gorical, such as people’s cities of residence or the polit-
ical parties of government officials. A categorical scale 
provides visual separation for these different groups and 
often works with a numeric scale. A bar plot for example, 
can use a categorical scale on the horizontal axis and a 
numeric scale on the vertical to show counts or mea-
surements for different groups, as shown in Figure 3-18.

Spacing between each category is arbitrary because 
it does not depend on a numeric value, but it is typi-
cally adjusted to increase clarity, which is discussed in 
Chapter 6, “Visualizing with Clarity.” 

Ordering should be used in the context of the data. 
Although this can also be arbitrary, for an ordinal scale 
that uses categories, order of course matters. If your data is a categorical 
ranking on movies that ranges from horrible to great, then it makes sense to 
keep that order visually, which makes it easier to compare and judge quality.

FIGURE 3-18  Numeric and categorical scales on a bar plot
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Time

Time is a continuous variable, which lets you plot temporal data on a linear 
scale, but you can divide it into categories such as months or days of the week, 
which lets you visualize it as a discrete variable. Also, it cycles, as shown in 
Figure 3-19. There’s always another noon time, Saturday, and January.

FIGURE 3-19  Time cycles

You saw this in Chapter 1, which showed fatal crashes over time, by year, by 
month, by day, and by hour. Data was plotted continuously in these cases. 
However, aggregates by time of day, day of the week, and month (over mul-
tiple years) showed a different picture.

When communicating data to an audience, the time scale, like geographic 
maps, gives you an advantage of lending a reader connection because time 
is a part of everyday life. You feel and experience time internally and through 
your clocks and calendars, and as the sun rises and sets.

CONTEXT

Context (information that lends to better understanding the who, what, when, 
where, and why of your data) can make the data clearer for readers and point 
them in the right direction. At the least, it can remind you what a graph is 
about when you come back to it a few months later.

Sometimes context is explicitly drawn, and other times it’s implied through 
the medium. For example, as shown in Figure 3-20, designers Matt Robinson 
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and Tom Wrigglesworth drew “sample” on a wall, with ballpoint pens and 
different typefaces. Because ink usage varies by typeface, each pen had a dif-
ferent amount of ink left, which made for an interesting bar graph. There’s no 
need to label the numeric axis because it’s implied by the pens and their ink.

Designer George Kokkinidis approached iPad usage in a similar way; however, 
as shown in Figure 3-21, instead of comparing remaining ink, he looked at 
fingerprint traces while he used different apps. For example, in Mail, he typed 
messages most of the time, so the keyboard pattern is most evident, with 
some scrolling on the side. In contrast, most interaction is in the bottom-left 
corner for the game Angry Birds. 

Of course, you can’t always draw on familiar physical objects for context, so 
you must provide familiarity and a sense of scale in other ways. The easiest 
and most straightforward way is to label your axes and specify units of mea-
sure, or provide a description that tells others what each visual cue represents. 
Otherwise, when the data is abstracted, there’s no way to decode the shapes, 
sizes, and colors, and you might as well show an amorphous blob. 

FIGURE 3-20  Measuring Type (2010) by Matt Robinson and Tom Wrigglesworth, http://datafl​.ws/27m

http://datafl.ws/27m
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FIGURE 3-21  Remnants of a 
Disappearing UI (2010) by George 
Kokkinidis, http://datafl.ws/27n

http://datafl.ws/27n
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A descriptive title is a small but easy thing you can create to set up readers 
for what they’re about to look at. Imagine you produce a time series plot for 
gas prices that shows an upward trend. You could just title it “Gas Prices” and 
that would be a fair title. That’s what it is, but you could also title it “Rising 
Gas Prices,” which says what data is used and what is shown. You could also 
include lead-in text underneath the title that describes fluctuations or by how 
much gas prices rose.

Your choice of visual cues, a coordinate system, and scale can implicitly provide 
context. Bright, cheery, and contrasting colors says something different than 
dark, neutral, and blending colors. Similarly, a geographic coordinate system 
places you within the context of physical space, whereas an x-y plot using 
Cartesian coordinates keeps you within a virtual space. A logarithmic scale could 
suggest a focus on percentage changes and reduce focus on absolute values.

This is why it’s important to pay attention to software defaults.

Programs are designed to be flexible and fast and they 
work outside the context of the data. This is great to draw a 
visualization base and explore your data, but it’s up to you 
to make the right decisions along the way and to make the 
computer output something for humans. This comes partly 
from knowing how you perceive geometry and colors, but 
mostly it comes from practice and the experience gained 
from seeing a lot of data and evaluating how others, who 
aren’t familiar with your data, interpret your work. Common 
sense also goes a long way.

PUTTING IT TOGETHER

You know what ingredients are available. Now it’s time to cook the meal. 
Viewed separately, the visualization components aren’t that useful because 
they are just bits of geometry floating in an empty space without context. 
However, when you put the components together, you get a complete visu-
alization worth looking at.

For example, what do you get when you use length as a visual cue, a Cartesian 
coordinate system, and a categorical scale on the horizontal axis and a linear 
scale on the vertical? You get a bar chart. Use position with a geographic 
coordinate system, and you get points on a map.

Note:  The people who visualize data best got 

to that level because they examined and visual-

ized a lot of data. They gained experience with 

each graph made. Reading books will inform 

better decisions, but it’s not until you put 

what you learn into practice when you really 

improve.
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What do you get when you use a polar coordinate system with the area as the 
visual cue, a percentage scale on the radius, and a time scale on the rotation? 
That’s a polar area diagram. The most famous one, as shown in Figure 3-22, 
is Florence Nightingale’s chart that visualizes deaths from treatable diseases 
over time.

On the Origin of Species: The Preservation of Favoured Traces, by designer and 
developer Ben Fry, uses color and length, Cartesian coordinates, and a linear 
scale, as shown in Figure 3-23. The interactive and animated visualization shows 
how Charles Darwin’s theory of evolution changed through six editions. The 
gray blocks represent the original text, and each subsequent color represents 
a revision in an edition, so you can see what changed and by how much.

FIGURE 3-22  Diagram of the Causes of Mortality in the Army in the East (1858) by Florence Nightingale
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In the deaths chart shown in Figure 3-24, from the Statistical Atlas of the United 
States published in 1874, length is used to show the distribution of deaths for 
each state, by age and gender. The horizontal axis on each plot represents the 
number of deaths on a linear scale, and the vertical axis represents numeric 
categories that represent age groups.

Figure 3-25 shows generalized combinations, which cover common visual-
ization types such as the line chart, bubble plot, and choropleth map. The 
key is learning how each component fits together—how each ingredient can 
complement and enhance others—to make something more useful than the 
separate parts.

Now try to fit components together, starting with the data and then building 
on that foundation. Figure 3-26 is a data table from the United States Census 
Bureau that shows educational attainment (high school graduate or more, 
bachelor’s degree or more, and advanced degree or more) by state, in 1990, 
2000, and 2009. The values are percentages for people 25 years old and over. 
These are important bits about the data that you need to know before actually 
looking at the data.

The “or more” for each column means you can’t just add the values from each 
column because there’s overlap between them. If you want to make a pie chart 
that shows the values of each column, you must do some math. For example, 
the United States estimate for people with a high school degree (or equivalent) 
or more is 75.2 percent. Subtract those with a bachelor’s degree or more, 20.3 
percent, to get rid of the “or more” part of the high school value, which gives 
you 54.9 percent of people with only a high school degree. 

It’s also useful to know the sample population. If it were everyone in America, 
the percentages would be lower, or if for some odd reason the sample was 
those under 18, the percentages for an advanced degree or more would 
represent a tiny group of people who skipped or advanced quickly through 
elementary and high school.

So you have the most important part of any visualization: the data. There are 
nine columns, spread out over 3 years and three subcategories, plus one more 
column for state names, so you can visualize the data on multiple dimensions. 
You might want to focus on educational attainment in 2009, in which case, a 
few bar charts, as shown in Figure 3-27, could work. 

FIGURE 3-24  (facing page) 
Chart showing the distributions 
of deaths, based on United States 
census of 1870 by Francis A. Walker
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FIGURE 3-25  Visualization component combinations



FIGURE 3-25  Visualization component combinations
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FIGURE 3-26  Data table on educational attainment in the United States



FIGURE 3-27  Bar charts on educational attainment
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This is practically a direct translation of the last three columns in the table. 
Each row represents the values for a state, and each column is a level of attain-
ment. Each bar chart has its own linear scale, but the increments are spaced 
equally and start at zero percent. States are sorted by estimated percent of 
people with a high school diploma or equivalent, in descending order, rather 
than alphabetically, like in the table. Instead of giving the national average 
its own row, it’s presented as a vertical dotted line to provide a sense of low 
and high. Color hue—gray, light blue, and blue—is used to indicate three 
separate estimates.

Break it down. That’s length (bars), color (each bar chart), and position (lines for 
national averages) as visual cues, a Cartesian coordinate system, linear scales 
for each of the bar charts, and a categorical scale for the sorted states. The 
title and subtitles provide context for what the data is about.

If you are more interested in the changes between 2000 and 2009 than you 
are just the 2009 percentages, Figure 3-28 shows a few options that shift focus. 
Length and position are still used, as well as a linear scale on the horizontal 
axis and a categorical scale on the vertical. However, the context and layout 
are different than the bar charts. Some other visual cues are also incorporated.

An open circle represents the high school attainment in 2000 for each state, and 
the solid circles represent the same for 2009. The dots are placed in the same 
position vertically, and a line is used to connect the two dots. The longer the 
line is, the greater the change, by percentage points, was from 2000 to 2009.

The shift from open circle to closed circle provides a sense of direction. In this 
example, high school attainment in all states improved, so your eyes always 
shift from left to right, but if attainment decreased in one of the states, you 
could use the same visual cue. For example, if there were a decrease from 80 
percent to 70 percent, the solid dot would be on the left of the open one. You 
can also use arrows if you want to highlight direction more prominently. All 
states showed increases in this example, though, so a focus on the magnitude 
of the changes and the values of the endpoints was more appropriate.

You can see how a change in sorting can shift focus. States are sorted alphabet-
ically in the first chart, and the lack of visual order makes it more challenging 
to make comparisons. You can see the increases and it’s easy to find a state 
of interest, but as an overall picture, you don’t get much.
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In contrast, the second chart shows the same data ordered instead by the 
highest percentage of attainment in 2009. It starts with Wyoming and goes 
down to Texas. This focuses on the more recent estimates, whereas still mak-
ing it easy to pick out the values for 2000 because generally speaking, states 
with higher percentages in 2009 were higher in the rankings in 2000, too. That 
said, you can also sort by the 2000 estimates and move the labels to the left 
to shift focus in this direction.

Finally, the chart on the far right introduces color as a visual cue. This is the 
same as the second chart that sorts by 2009 estimates, but color is used to 
highlight states that increase the most by percentage. The District of Columbia, 
which albeit isn’t a state, had the greatest percentage increase, so it is shown 
in black. The lower the increase, the lighter the states are shown. States in 
between are shown with varying shades of green. So if you look at the indi-
vidual components of this chart, you get length, position, direction, and color 
used as visual cues; it uses a Cartesian coordinate system; and a linear numeric 
scale is used on the horizontal, with a categorical scale on the vertical.

You don’t have to stop here. As shown in Figure 3-29, position and direction 
can be used differently to show the increases from 2000 to 2009. Unlike the 
previous charts, states are plotted on a linear scale that represents high school 
attainment instead of on a categorical scale. Values are categorized by year on 
the horizontal. This is essentially a couple of ticks on a time series plot. If you 
were to show years in between, there would be more than two categories on 
the horizontal axis. In any case, like in a time series plot, a greater slope from 
point to point means a greater rate of change.

The chart on the right uses the same geometry as the one on the left, and 
uses color to represent regions in the United States. So although you see 
improvement with all states, you also see a lot of the states in the South 
toward the bottom of the scale and Midwest and West states more toward 
the top. Although, as is usually the case with real data, there are exceptions, 
such as California in the West that is toward the bottom and Maryland that is 
in the South is higher up.

Generally speaking though, the higher the attainment in 2000, the higher the 
attainment was in 2009. This is obvious in Figure 3-30, which uses position as 
a visual cue and linear scales on both axes. 

FIGURE 3-28  (following page) 
Change in high school educational 
attainment between 2000 and 2009
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FIGURE 3-29  Using position and direction
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FIGURE 3-30  Position, symbols, and colors in scatterplots
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High school attainment in 2000 is plotted on the horizontal axis, and attain-
ment in 2009 is on the vertical. There is an obvious upward trend, and you 
can spot Washington, DC sticking out somewhat, indicating the higher rate 
of improvement (and probably difference in demographics). You can also 
see Texas and California lagging around the bottom-left corner. As shown 
in previous charts—and I’m sure you’re getting the hang of it now—you can 
incorporate other visual cues such as color, symbols, or both to provide addi-
tional dimensions of information.

Remember this is geographic data, so you must map it, 
right? (Actually, just because location is attached to your 
data, which seems like almost always these days, a map is 
not always the most useful view, which is discussed in the 
next chapter.) Figure 3-31 shows a handful of maps with 
states colored using varying scales and metrics, which are 
called choropleth maps.

Note that although each map uses the same method, the choice of scale can 
change the map’s focus and message. For example, the map on the top left 
uses a quartile scale, which means the states were split into four even groups 
based on a metric. In this case, the metric is the percentage of people with 
a bachelor’s degree in 2009. This makes a map with colors that are evenly 
distributed.

However, the map that shows the same data on a linear scale, with just three 
shades of green, shows darker shades in the Midwest and Northeast regions. 
Compare this with the quartile map, and you still get the lighter areas in the 
South, but the rest of the map tells a different story. Likewise, you can further 
abstract the data by coloring states by whether they are below or above the aver-
age (top right) or whether percentages increased or decreased (bottom right).

As shown in Figure 3-32, you can also show several maps at once to see how 
something has changed geographically over time. Since you’ve looked the data 
from several perspectives already, you know that a high value in 2000 generally 
means a higher value in 2009, because the states improved at similar rates. 

You see about the same thing when you compare 1990 to 2000. In 1990, you 
see a more lightly colored map, where several states showed 15 percent or 
less of people 25 years or older with a bachelor’s degree. Only Wyoming, 
which had the highest percentage in 2009, shows a percentage higher than 
25 percent. As you move left to right, the map gets darker, like you’d expect.

Note:  If you want to annoy cartographers, 

you can also call choropleth maps heat maps, 

as they are often referred to. The heat map was 

created to visualize 2-D data, and choropleth 

maps are the geographic equivalent. I person-

ally keep the terms and methods separate.
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FIGURE 3-31  Choropleth maps
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FIGURE 3-32  Maps over time

WRAPPING UP

At its core, visualization is an abstraction process to map data to color and 
geometry. This is easy to do from a technical perspective. You can easily draw 
and color shapes with a pencil and paper. The challenge is to figure out what 
shapes and colors work best, where to put them, and how to size them.

To make the jump from data to visualization, you must know your ingredients. 
A skilled chef doesn’t just blindly throw ingredients in a pot, turn the stove 
on high, and hope for the best. Instead, the chef gets to know how each 
ingredient works together, which ones don’t get along, and how long and at 
what temperature to cook these ingredients. 

With visualization, visual cues, coordinate systems, scales, and context are your 
ingredients. Visual cues are the main thing that people see, and the coordinate 
system and scale provide structure and a sense of space. Context breathes life 
into the data and makes it understandable, relatable, and worth looking at. 

Get to know how the components work, play with them, and get other people 
to look at your results and see what information they extract.
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Don’t forget the main component of every visualization, though. Without data, 
you have nothing to visualize. Likewise, if you have data with little substance, 
you get visualization with little substance. However, when you do get data 
that offers a high number of dimensions or is granular enough to see the 
interesting details, you still must know what to look for. 

The challenge of more data is that you have more visualization options, and 
many of those options will be poor ones. To filter out the bad and find the 
worthwhile options—to get to visualization that means something—you must 
get to know your data. Now on to exploration.
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In 1977, statistician John Tukey published his book Exploratory Data Analysis, 
which detailed how and encouraged data professionals to analyze data through 
visualization. This was during a time when most analysis was performed in the 
context of hypothesis tests and statistical models, one computer filled a room, 
and graphs were typically drawn by hand. For example, in his book, Tukey 
provides a tip on how to draw darker symbols with a pen instead of a pencil.

Nevertheless, although the technology was bigger and slower back then, the 
driving principle is the same. You can see a lot in a picture, and what you see 
can lead to answers or generate more questions you otherwise never would 
have thought of.

“The greatest value of a picture is when it forces us to notice what we 
never expected to see.”

—John W. Tukey, Exploratory Data Analysis (1977)

The public-facing side of visualization—the polished graphics that you see in the 
news, on websites, and in books—are fine examples of data graphics at their best, 
but what is the process to get to that final picture? There is an exploration phase 
that most people never see, but it can lead to visualization that is a level above 
the work of those who do not look closely at their data. The better that you under-
stand what your data is about, the better you can communicate your findings.

Even if you don’t plan to show your results to a wide 
audience, visualization as an analysis tool enables you 
to explore data and find stories that you might not find 
with formal statistical tests. You just need to know what 
to look for and what questions to ask based on the data 
that you have available. 

The great thing is that tools and access to data are less of a limiting factor than 
they were in Tukey’s time, so you aren’t stuck with just pencils, paper, and a 
ruler to draw thousands of dots and lines. 

PROCESS

The specific steps you take in any analysis varies by dataset and project, but 
generally speaking, you should consider these four things when you explore 
your data visually.

uu What data do you have?

uu What do you want to know about your data?

Note:  The New York Times and The Washington Post 

discuss the process behind their graphics at http://

chartsnthings.tumblr.com/ and http://postgraphics​

.tumblr.com/, respectively. Work often starts with 

rough sketches on paper or dry erase board and 

then moves to exploration and production.

http://chartsnthings.tumblr.com/
http://chartsnthings.tumblr.com/
http://postgraphics.tumblr.com/
http://postgraphics.tumblr.com/
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uu What visualization methods should you use?

uu What do you see and does it makes sense?

The answer to each question depends on the answers that come before, 
and it’s common to jump back and forth between questions. As shown in 
Figure 4-1, it’s an iterative process. For example, if your dataset is only a handful 
of observations, this limits what you can find in your data and what visualiza-
tion methods are useful, and you won’t see much. 

FIGURE 4-1  The iterative data exploration process

On the other hand, if you have a lot of data, what you see when you visualize 
one aspect of it can lead to a curiosity about other dimensions, which in turn 
leads to different graphics. This is the fun part.

WHAT DATA DO YOU HAVE?

People often form a picture in their head of what a visualization should look 
like or find an example that they want to mimic. The excitement is great, but 
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when it’s time to visualize, they realize they either need more data or their 
data doesn’t work with the chart they want to make.

The common mistake is to form a visual first and get the data later. It should 
be the other way around—data first and visualization follows.

Often, getting the data that you need is the hardest and most time-consuming 
part of the visualization process. In school, data is handed to you formatted 
the way you need so that you can easily load it into the software of choice, 
but this is hardly ever the case in practice. You might need to scrape data from 
a website, access an API, or derive values from existing data.

For example, you might have a list of addresses, but to map 
them, you need latitude and longitude coordinates. Or you 
have observations for individuals of a population, but you 
might be more interested in subpopulations. 

Programming can be helpful in this case to automate parts 
of the process, but there are a growing number of click-and-
play applications to manage data, too.

When you have data you want to explore, pause for a sec-
ond to consider what values represent, where the data is 
from, and how variables were measured. Essentially, apply 
everything you learned in Chapter 1, “Understanding Data.”

WHAT DO YOU WANT TO KNOW ABOUT YOUR DATA?

Imagine you have some data to explore. Where do you begin? The answer is 
easy if you have only one data point. You can just read the value, and most of 
your findings, if any, will come from outside information and additional data. 
On the other hand, when you have a dataset with thousands or millions of 
observations—think spreadsheet with a lot of rows—it can be challenging 
and often intimidating to figure out what to look at first.

This is where the phrase “drowning in data” comes from. You stare at a bunch 
of numbers on your computer screen, and values start to blur together the 
longer you stare. Soon all you see is a blob of data that feels suffocating, but 
wait; there’s hope. Take a step back. Breathe.

To avoid drowning in data, you learn to swim. When you learn to swim, you 
start at the shallow end and work your way toward the deep end. If you're 

Note:  I sometimes spend most of the time 

gathering data and little time visualizing it. 

Don’t be surprised if you have to do the same. 

Totally normal.

Note:  See Chapter 7, “Where to Go from Here,” 

for tools and resources to work with and visual-

ize data. 
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more adventurous, you snorkel or go deep-sea diving. Even then you don't 
swim the entire ocean. You explore a little bit at a time, and what you learn 
during one dive carries over to the next. People drown in the ocean, but when 
you drown in data, you still get more chances to learn and try again.

To start, ask yourself what you want to know about the data. 
Your answer doesn’t need to be complex or profound. Just 
make it less vague than, “I want to know what the data looks 
like.” The more specific you are the more direction you get. 
Maybe you want to know the best or worst thing (such as a 
country, sports team, or school) in your data, so you explore 
rankings, and if you have multiple variables, you decide what makes some-
thing good and something bad. If you have time series data, you might want 
to know if something has improved or gotten worse over the past decade.

For example, journalist Tim De Chant explores world population densities, as 
shown in Figure 4-2, and was curious how large a city might be if everyone 
who lived in the world had the same amount of space. A straightforward 
method could be to directly map population density around the world, but 
De Chant put it into a more relatable perspective.

When you ask questions about your data, you give yourself a place to start, 
and if you’re lucky, as you investigate, you’ll come up with more questions, 
and then you dig into those. Coming up with and answering potential ques-
tions a user might have while you explore also provides focus and purpose, 
and helps farther along in the design process when you make graphics for a 
wider audience. 

WHAT VISUALIZATION METHODS SHOULD YOU USE?

As you saw in the previous chapter, there are many chart options and com-
binations of visual cues to choose from. It’s easy to obsess over picking the 
right chart for your data, but during the early stages of exploration, it’s more 
important to see your data from different angles and to drill down to what 
matters for your project. 

Make multiple charts, compare all your variables, and see if there are interesting 
bits that are worth a closer look. Look at your data as a whole and then zoom 
in on categories and individual data points.

Note:  Early exploration of a dataset can be 

overwhelming, because you don’t know where 

to start. Ask questions about the data and let 

your curiosities guide you.



140  |  CHAPTER  4:  Exploring Data Visually

FIGURE 4-2  The World’s Population, Concentrated (2011) by Tim De Chant, http://persquaremile.com/

http://persquaremile.com/
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This is also a great time to experiment with visual forms. Try 
different scales, colors, shapes, sizes, and geometries, and 
you might stumble upon a graphic worth pursuing further. 
You don’t always need to stick to the visual cues that are the 
“best” at showing data most accurately and are easiest to 
read. When exploration is your goal, don’t let a list of best 
practices stop you from trying something different because 
complex data often requires complex visualization.

For example, Figure 4-3 shows an interactive exploration of arti-
cle deletions on Wikipedia by Mortiz Stefaner, Dario Taraborelli, 
and Giovanni Luca Ciampaglia. Wikipedia is a large resource 
of data with small and large data tables within articles, article 
edits over time, and user interaction with articles and between 
each other. The data can be explored on many dimensions, but 
the topic focus of Notabilia shows a clearer picture.

FIGURE 4-3  Notabilia (2011) by 
Mortiz Stefaner, Dario Taraborelli, 
and Giovanni Luca Ciampaglia, 
http://notabilia.net/

Note:  Ben Shneiderman, a professor of com-

puter science and inventor of the treemap, is 

often quoted for, “Overview first, zoom and 

filter, then details-on-demand” in his paper 

“The Eyes Have It.”

Note:  A common misconception is that you 

must understand a graphic in under 10 sec-

onds. Relationships and patterns aren’t always 

straightforward, so just because a visualization 

takes a few minutes to understand doesn’t 

make it a failed attempt.

http://notabilia.net/
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Each branch represents a user discussion about whether an article should be 
deleted, and those that curl to the right are discussions that lean strongly for 
deletion. A curl to the left is a discussion leaning toward keeping an article. 
The more prominent the curl is, the stronger the agreement between users. 
Although the visualization isn’t traditional, you get still get something out of it.

That said, traditional visualization, such as bar graphs and line charts, can be 
made easily and read quickly, which makes them great tools to explore data. 

As your goals shift, so do your choices of visualization. If you were to design a 
dashboard that provides the status of a system at a glance, you must visualize 
the data in a way that is straightforward to digest. On the other hand, if the 
goal is to encourage reflection or to evoke emotions, efficiency might not be 
your main concern.

WHAT DO YOU SEE AND DOES IT MAKE SENSE?

After you visualize your data, there are certain things to look for, as shown 
in Figure 4-4: increasing, decreasing, outliers, or some mix, and of course, be 
sure you’re not mixing up noise for patterns.

Also note how much of a change there is and how prominent the patterns are. 
How does the difference compare to the randomness in the data? Observations 
can stand out because of human or mechanical error, because of the uncer-
tainty of estimated values, or because there was a person or thing that stood 
out from the rest. You should know which it is.

When you find something interesting, ask yourself: Does it make sense? Why 
does it make sense? This is massively important. 

The tendency is to automatically think of data as fact because numbers can’t 
possibly waver. But again, there’s uncertainty attached to the data because 
each data point is a snapshot of what happened during a moment in time. 
You infer everything else.

In the rest of this chapter, you look at specific data types 
more closely. Keep the process in mind as you make your 
way through.

Note:  Inference and uncertainty: This is what 

statistics is all about. If you can, take a statistics 

course. Although you can learn a lot from visual 

exploration alone, traditional statistics can help 

you examine data in greater detail.
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VISUALIZING CATEGORICAL DATA

You might like to group people, places, and things. The classifications and 
categorizations lend structure to what otherwise would be an amorphous blob 
of stuff. Figure 4-5 shows some of your options to visualize such categories.

The bar graph, of course, is one of the most common ways to show categorical 
data. Each rectangle represents a category, and the longer the rectangle is, the 
greater the value that it represents. Whether a higher value means better or 
worse can, of course, vary by dataset and point of view.

For example, in February 2012, the Pew Internet and American Life Project surveyed 
approximately 2,200 people about how they use the Internet, social networking 
sites such as Facebook and Twitter, and whether politics was a regular occurrence 
on those sites. Figure 4-6 shows the results for four of the fifty questions. 

As you might expect, Google was the most common cho-
sen search engine; Facebook was far ahead of Twitter and 
career-based social network LinkedIn. The responses to the 
other questions probably aren’t that surprising to you either.

In this example, the bar graph is the visual equivalent of a list. Each bar rep-
resents a value, and you use separate bars and charts for separation. Length 
is your visual cue, with rectangles placed on a linear scale. You could however 
use a different scale and shapes to represent the same data. Figure 4-7 shows 
the same poll results with squares sized by area.

Notice that the differences among categories doesn’t look as dramatic in the 
symbols plots as they do in the bar graphs. For example, the bar for Google 
looks a lot longer than the rest in the search engine bar graph, but when you 
compare the square for Google, it looks bigger, but not quite by the same 
magnitude relative to the other squares. 

This might be considered a drawback, but it can also be an 
advantage when you have hundreds of values that vary by orders 
of magnitude. With symbol plots, you can organize squares and 
circles in any way you want in two-dimensional space, as shown 
in Figure 4-8. On the other hand, bar graphs are restricted in that 
each bar must start at the zero-axis and must extend straight 
across or upward to the corresponding value. 

Note:  The Pew Internet & American Life 

Project makes its survey data freely available at 

http://www.pewinternet.org/. 

FIGURE 4-4  (following page) 
Patterns and visual cues

Note:  Because there aren’t many catego-

ries for each question, the bar chart seems 

like a better choice in this example, but you 

don’t need to rule out  area as a visual cue 

automatically.

http://www.pewinternet.org/




D
ow

n
lo

a
d
 f
ro

m
 W

o
w

! 
e
B
o
o
k 

<
w

w
w

.w
o
w

e
b
o
o
k.

co
m

>



146  |  CHAPTER  4:  Exploring Data Visually

FIGURE 4-5  Visualizing categorical data
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FIGURE 4-6  Bar graphs for survey results

PARTS OF A WHOLE

When you put categories together, the sum of the parts can equal a whole. Count 
everyone in all the states and you have a national aggregate; combine sports 
divisions and you have a league. Seeing categories as a single unit can be ben-
eficial if you want to see distributions or the spread across a single population.

This is when the pie chart comes into the picture. A full 
circle represents 100 percent of a whole, and each wedge 
is a portion of that 100 percent. The sum of all the wedges 
equals 100 percent. Angle is the visual cue. 

Discussions on whether the pie chart is useful end up running in circles, so 
you decide if you want to use them. If you do use pie charts, they tend to 
clutter quickly when you have a lot of categories, simply because there is only 
so much space in a circle, and small values end up as slivers.

Note:  You might not be able to get the exact 

value from a pie chart, but you can still make 

comparisons when there aren’t a lot of categories.
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FIGURE 4-7  Symbols plot for survey results
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Returning to the Pew Research poll on Internet usage, 
Figure 4-9 shows breakdowns of awareness of targeted 
advertising online. The first three pie charts show the 
percentage of respondents who were aware of targeted 
advertising, those who were okay with it, and those that 
knew there was a way to limit it, respectively. The next 
three pie charts show actions that people took, given 
that they knew they were aware of online tracking.

If you’re not fond of pie charts, you can also use 
stacked bar charts, as shown in Figure 4-10. The full 
length of the bars represents 100 percent, and each 
small bar is the equivalent of a wedge in a pie chart.

FIGURE 4-9  Pie charts to show categories

FIGURE 4-8  Bubble plots organized differently
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SUBCATEGORIES

Subcategories, the categories within categories 
(within categories), are often more revealing than 
the main categories. As you drill down, there 
can be higher variability and more interesting 
things to see.

At the least, showing subcategories can make 
it easier to browse your data, because you can 
visually jump to the areas that you care most 
about. For example, you saw categorical hierachy 
of the news in Marcos Wescamp’s newsmap in 
Chapter 2, “Visualization: The Medium.”

As shown in Figure 4-11, you can use a treemap 
with the Pew Research survey data. It shows those 
who use the Internet regularly and those who don’t. 
Within the group of people who use the Internet 
regularly is a grouping of those who used the 
Internet the day before the survey and those who 
did not. However, the survey data doesn’t work 
well with a treemap. Whereas newsmap shows a 
rectangle for each story sized by current popularity, 
individuals within a survey are equally weighted.

Instead, a mosaic plot, which shows you propor-
tions within categories and category combina-
tions is more fitting. Like the treemap, you can 
use a mosaic plot with multiple levels of data, 
but interpretation can get difficult quickly, so 
start with the minimum and work your way to 
the more complex. 

Figure 4-12 shows the proportion of people in 
the survey who said they were the parent or 
guardian of a child younger than 18 living in 
the household.

The plot looks like one column from a stacked bar graph. The bigger a sec-
tion, the more people who gave that answer, so from this view, you see most 
people said no, some said yes, and there were a few who declined to answer.

FIGURE 4-10  Stacked bars to show categories

Note:  “Map of the Market” by SmartMoney is 

another popular treemap. It shows the status 

of the United States stock market in real-time. 

Check it out at: http://www.smartmoney.com/

map-of-the-market/

http://www.smartmoney.com/map-of-the-market/
http://www.smartmoney.com/map-of-the-market/
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FIGURE 4-11  Treemap on survey data

FIGURE 4-12  Basic mosaic plot with one variable
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What if you want to know the education level of those who are parents or 
guardians versus those who are not? As shown in Figure 4-13, you can introduce 
another dimension. It’s the same geometry, where more area equals a higher 
percentage. But now for example, you can see that of those who are parents, 
a slightly lower percentage were college graduates than those who were not.

You can keep going and bring in a third variable. The orientation of education 
and parenting are the same, but you can also see e‑mail usage. Notice the 
vertical split on the subsection in Figure 4-14.

You could keep on adding variables, but as you can see, the plot grows more 
challenging to read, so proceed with caution.

WHAT TO LOOK FOR

With categorical data, you often look for the minimum and maximum right away. 
This gives you a sense of the range of the dataset, and is easily found with a quick 

FIGURE 4-13  Mosaic plot with two variables
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sorting of values. After that, look at the distribution of the parts. Are most values 
high? Low? Somewhere in between? Finally, look for structure and patterns. If a 
couple of categories have the same value or high differing ones, it’s worth asking 
why and what makes the categories similar or different, respectively. 

FIGURE 4-14  Mosaic plot with three variables
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VISUALIZING TIME SERIES DATA
Time passes. Things change, people change, and places change. You can feel 
time through the sunrise and sunset, your clocks and watches, and the coffee 
you need to drink when you wake up. When you visualize time series data, as 
shown in Figure 4-15, your goal is to see what has passed, what is different, and 
what is the same, and by how much. Compared to last year, is there more or 
less? What are possible explanations for the increase, decrease, or nonchange? 
Is there a recurring pattern, and is that good or bad? Expected or unexpected?

As with categorical data, the bar chart is a straightforward way to look at 
data over time, except instead of categories on one of the axes, you use time. 

Figure 4-16 shows the unemployment rate in the United States from 1948 to 
2012, according to the Bureau of Labor Statistics. On top is the rate month-to-
month, and because there is a high point density, it looks like a continuous 
area. On the other hand, the graph on the bottom shows only the unemploy-
ment rate in January of each year, which allows for space in between bars and 
makes it easier to distinguish individual points.

In Chapter 1, you saw how car crashes vary over time, and how you can explore 
time series data at different granularities. The same applies here. You can look 
at data hourly, daily, annually, by decade, by century, and so on. Sometimes 
the data format dictates the level of detail because the metric was measured, 
say, only every 5 years. However, if for example you had measurements by 
the hour, a high variability might obscure a trend that’s more obvious if you 
take a step back and look at your data by the day.

Usually the magnitude of change between segments of time is more interesting 
than the value at each point. Although you can interpret trends from a bar 
graph, you must visually calculate rates. You look at one bar and compare it 
to the ones before and after. 
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FIGURE 4-15  Visualizing time series data
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FIGURE 4-16  Bar graphs for time series data, with monthly on top and annual on the bottom
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FIGURE 4-16  Bar graphs for time series data, with monthly on top and annual on the bottom
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However, where the bars look like a continuous unit (refer to Figure 4-16), 
it’s easier to distinguish changes because you can see the slope, or the rate 
of change in between points. It’s even easier to see the slope when you use 
a continuous line, as shown in Figure 4-17. The line chart shows the same 
data as the bar graph on the same scale, but change is directly displayed via 
direction as a visual cue.

A dot plot can be used in the same way, as shown in Figure 4-18. Again, the 
data and axes are the same and the visual cue is different.

Like bar charts, dots put focus on each value, and trends can be harder to see. 
Although in this example, there are enough data points, so you don’t need to 
mentally fill in the gaps. If the data were more sparse, such as in Figure 4-19, 
changes are less obvious.

When you connect the sparse dots with a line, as shown in Figure 4-20, the 
focus of the plot shifts again.

If you care more about an overall trend than you do about the more spe-
cific monthly variability, you can fit a LOESS curve to the dots, as shown in 
Figure 4-21, instead of connecting every dot. The closer you fit the curve to 
the dots, the more it resembles Figure 4-17.

Of course, the chart style you choose depends on your 
data, and although it might seem like a grab bag of options 
at first, you get a feel for what type of chart to use with 
practice. It’s not an exact science (or computers could do 
all the work) and options can vary a lot even if you have 
datasets that look similar. 

For example, the previous charts on unemployment rate provide a historical 
view of the past few decades. You can see peaks and valleys, periods of reces-
sion such as in 2001 and from 2007 to 2009, and an overall picture of changing 
rates. If you were only interested in the five highest peaks and what happened 
immediately after them, the exploration would take a different route.

Note:  LOESS (or LOWESS) stands for locally 

weighted scatterplot smoothing. It’s a statisti-

cal technique created by William Cleveland, which 

fits a polynomial function to a subset of the data 

at different points. When combined, they form a 

continuous line.
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FIGURE 4-17  Line chart to show time series

FIGURE 4-18  Dot plot to show time series
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FIGURE 4-19  Sparse dot plot

 

FIGURE 4-20  Sparse dot plot with connecting line
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FIGURE 4-21  Fitted LOESS curve

CYCLES

A number of factors feed into the economy and affect the unemployment rate, 
so there aren’t regular intervals in between significant increases. For example, 
the data doesn’t suggest that unemployment goes up to 10 percent every 10 
years. However, there are a lot of things that repeat themselves on regular inter-
vals. Students get summer breaks and people often take summer vacations, and 
lunch is typically around noontime, so the restaurant around the corner that 
makes burritos bigger than your face usually has a longer line during that hour. 

FIGURE 4-22  Weekly cycle
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You saw repetition in the crashes data: More people travel during the summer 
months; more people leave work around 5 in the afternoon and head home; 
and more accidents occur on Saturday than any other day of the week. This 
information can be used to make sure there are enough people staffed during 
each day of the week and when to allot vacation times.

Flight data from the Bureau of Transportation Statistics shows a similar cycle, as 
shown in Figure 4-23. The chart shows a weekly cycle, with the fewest flights on 
Saturdays and typically the most flights on Fridays (a contrast to car crashes).

You can see the same pattern if you switch to a polar axis, as shown in the 
star plot in Figure 4-23. The data starts at the top, and you read the chart 
clockwise. The closer to the center a point is, the lower the value, and greater 
values move further away.

Because the data repeats itself, it makes sense to compare 
like days of the week to each other. For example, compare 
all Mondays. It’s hard to do this when time is visualized 
as a continuous line or loop, but you can split the days 

FIGURE 4-23  Star plot to show 
time series data

Note:  The star plot is also commonly referred 

to as a radar chart, radial plot, and spider chart.
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into weekly segments so that you can directly compare cycles, as shown in 
Figure 4-24, with both the line chart and star plot. 

FIGURE 4-24  Line chart and star 
plot to show overlapping cycles
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There’s clearly a regular day-to-day pattern. The thin 
lines that overlap give the appearance of thicker 
bands. 

There are also some obvious outliers. Thursdays 
and Fridays are much lower than the rest of the 
year, and four Sundays also appear lower. Take a 
moment to think about why travel might be lower 
than usual on those days.

The obvious way to figure out the dates of the 
outliers is to go back to the data and look at the 
minimums for each day. That’s always there for your 
reference. You can also refer to the linear view in 
Figure 4-17 for a rough idea, but is there a way to 
directly get the dates and see the data? Figure 4-25 
shows the data in a familiar calendar format. The 
first column is Sunday, the second is Monday, and 
so on, to Saturday at the end.

The advantage of the calendar heat map over the 
line chart is that, along with seeing cycles as you 
scan top to bottom, it’s easy to see specific days in 
rows and columns, so it’s easier to reference what 
day of the year each value is for. The first three 
low-volume Sundays precede holidays that fall on 
a Monday in the United States: Memorial Day on 
May 30, Independence Day on July 4, and Labor Day 
on September 5. The last Sunday was Christmas. As 
for the low-volume Thursday and Friday, that was 
Thanksgiving weekend in November.

A disadvantage of the calendar is that color is the 
visual cue, and it can be hard to see small differ-
ences. It’s easier to compare positions on the line 
chart. So there are trade-offs between different 
views, but then again, there’s no harm in looking 
at your data from all angles.

Note:  The calendar heat map is an intuitive layout that you 

see often in your everyday life, but is underused as an explor-

atory tool. It can come in handy.FIGURE 4-25  Calendar heat map
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WHAT TO LOOK FOR

Generally speaking, look for changes over time. More specifically, note the nature 
of the changes. Are the changes relatively a lot or are they small? If they’re small, 
is the change still significant? Think of possible reasons for what you see over 
time or sudden blips and if they make sense. The change itself is interesting, 
but more importantly, you want to know the significance of a change.

VISUALIZING SPATIAL DATA

Spatial data is easy to relate to because at any given moment—as you read 
this sentence—you have a sense of where you are. You know where you live, 
where you’ve been, and where you want to go.

There is a natural hierarchy to spatial data that allows, and often requires, 
you to explore at different granularities. Far out into space, Earth looks like a 
small, blue dot with little to see, but as you zoom in, you see land and large 
bodies of water. There are continents and oceans. Zoom in again, and you get 
countries and seas, then provinces and states, counties, districts, cities, towns, 
neighborhoods, all the way down to an individual household. 

Global data is often categorized by country and national data by states, prov-
inces, or territories. However, if you have questions about variation across 
blocks or neighborhoods, such high-level aggregates won’t do you much 
good. So again, the exploration route you choose depends on the data you 
have or the data you can get.

The most obvious way to explore spatial data is with maps, which place val-
ues within a geographic coordinate system. Figure 4-26 shows some of your 
options, of which there are many.

If you care only about individual locations, you can place 
dots on a map, as shown in Figure 4-27. The map simply 
shows the 30 busiest airports in the United States, based 
on the number of outgoing flights in 2011. As you might 
expect, the busy airports are in or near major cities such 
as Los Angeles, Washington, DC, New York, and Atlanta.

Note:  A map isn’t always the most informa-

tive way to visualize spatial data. Often, you 

can treat regions as categories, and a bar graph 

might be more useful than seeing a location.
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FIGURE 4-26  Visualizing spatial data
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FIGURE 4-27  Dots in a geographic coordinate system

Figure 4-28 uses bubbles for the airports, sized by the number of outgoing 
flights. So, with the addition of an area as visual cue, you don’t just see where 
the busiest airports are, but also how busy they are relative to each other. 
Atlanta International served the most outgoing flights in 2011, followed by 
Chicago O’Hare, Dallas-Fort Worth, Denver, and Los Angeles.

Rather than separate locations, you might want to explore connections 
between locations. For example, in recent years, people have visualized global 
friendships on social network sites such as Facebook and Twitter. It’s one 
thing to see where people like to use the sites, but it’s another to see how 
they interact.

With the flight data, you already saw counts for outgoing flights via bubbles 
on a map, but where did those flights go to? Each flight has an origin and a 
destination. Figure 4-29 shows these connections. The brighter a line is, the 
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more flights that went to and from those two airports. Busier airports also 
appear where there is a higher density of flights.

It’s fun to see patterns emerge when you plot a lot of data at once. The map 
represents more than 6 million domestic flights in 2011, and you gain a rough 
idea of where people flew to and from. But there’s more you can take away 
from this data by splitting it into categories. For example, map flights by 
airline, as shown in Figure 4-30, and you see the data with a new dimension. 

Hawaiian Airlines flies only from the west coast to the islands; 
Atlantic Southeast Airlines is true to its name; Southwest 
stays within the contiguous United States; and Delta flies 
to a number of places, but you can see their major hubs in 
Atlanta, New York, Detroit, and Salt Lake City.

FIGURE 4-28  Bubbles to show an additional metric on a map

Note:  When you have a lot of data, it is often 

to your benefit to split it into groups so that 

you can see details more clearly.
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FIGURE 4-29  Connections between locations

REGIONS

To maintain the privacy of individuals and to keep personal addresses hidden, 
it’s common to aggregate spatial data before releasing it. Sometimes it’s not 
possible to make estimates at a higher granularity because it would be too 
big of an undertaking. For example, it’s rare to see global data more than 
country-specific because it’s difficult to get a big enough sample in every 
country for such high detail. 

FIGURE 4-30  (following page) 
Categorizing data for more 
specific views
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Why not combine studies if they estimate the same thing? If methodology is 
different, it can be hard to make a case that the results are comparable.

Other times it just makes sense to provide data in aggregate because people 
want to compare regions. For example, if you work with open data, you often 
see estimates by country, state, or county. Although less specific, you can still 
extract information from aggregated data.

Choropleth maps are the most common way to visualize regional data in a 
spatial context. The method uses color as its visual cue, and regions are filled 
based on the data. Higher values are typically represented with higher satu-
ration and lower values with lower saturation, such as the map in Figure 4-31.

The map shows estimated national gas prices around the world. The darker 
the shade of brown, the higher the price per gallon. Gray indicates that there 
was no data available for that country. Prices are relatively high in Europe and 
Africa, compared to that of the United States. 

FIGURE 4-31  Choropleth world map
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How deeply can you read into the data, though? Look at gas prices across 
your country, and there’s variation. Heck, look at two gas stations within a 
few blocks of each other, and there can be a big difference. So although you 
can see general patterns, you shouldn’t be too quick to judge as you explore. 
This data in particular comes from a variety of sources, such as government 
databases and newspaper articles, and from different years.

On the other hand, some sources use well-established methodologies and 
have done so for a long time. For example, the Bureau of Labor Statistics 
estimates the unemployment rate every month. You saw the national estimate 
over time in Figure 4-17, but you can also see the data by county, as shown 
in Figure 4-32. The map shows unemployment rate by county during August 
2012. You can see high rates on the West Coast and in the Southeast and lower 
unemployment in the Midwest.

FIGURE 4-32  County choropleth map
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There are also times when your spatial data actually does contain specific 
locations, but you’re more interested in the aggregates. You might have a 
dataset with a lot of locations, and there are a lot of points in metropolitan 
areas. So when you map everything, points overlap, and it’s difficult to tell 
how many observations there are in the dense areas.

For example, Figure 4-33 shows all recorded UFO sightings between 1906 to 
2007, according to the National UFO Reporting Center. In areas where there 
were a lot of sightings (which curiously are where a lot of major airports are 
located), you just see a black blob, and it’s hard to tell how many sightings 
there were when there is too much overlap.

Figure 4-34 shows the same data, but as a filled contour map. A color scale 
is used to show sightings density, where white means more sightings and 
black means none, and varying shades of red are for everything in between.

FIGURE 4-33  Overlapping points on a map
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FIGURE 4-34  Filled contour map

CARTOGRAMS

A challenge with mapping regions, the choropleth map in particular, is that 
larger regions always get more visual attention regardless of the data. They take 
up more space in the physical world and on the computer screen. Cartograms 
are one way to remedy this. Location is somewhat preserved, but geographical 
areas and boundaries are not.

For example, a diffusion-based cartogram preserves boundaries but stretches 
them out so that the area of regions match the data. For example, Figure 4-35 
shows the UFO sighting data as a cartogram. Notice the shrinking of Texas 
and swelling of California. 

Obviously, the upside of cartograms is that areas fill the appropriate amount 
of space, but the trade-off is less geographic accuracy. When your data is for 
larger regions, with a wide range of sizes, this trade-off is worth it, but when 
regions are uniform in size, a choropleth map is most likely a better fit.
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FIGURE 4-35  Diffusion-based cartogram

WHAT TO LOOK FOR

Spatial data is a lot like categorical data, but with a geographic component. 
You should know the range of the data to start with, and then look for regional 
patterns. Are there higher or lower values clustered in a certain area of a 
country or continent? Because a single value only tells you about a small part 
about a region filled with people, think about what a pattern implies and look 
to other datasets to verify hunches.

MULTIPLE VARIABLES

Data often comes in table form, with multiple columns, and each column 
represents a variable. You might have response data from a poll with mul-
tiple questions, results from an experiment that measured multiple aspects 
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of a system, or demographic data on countries that includes multiple bits of 
information on each.

Some visualization methods let you explore multivariate data in one view. That 
is, all your data might fit onto a screen, and you can interpret relationships 
between variables and explore trends in individual ones. 

Often though, the relationships between variables aren’t straightforward. There 
isn’t always a clear increasing or decreasing trend. In these cases, multiple 
views using more straightforward charts and graphs can help a lot. As usual, 
your approach depends on the data you have.

A FEW VARIABLES

With time series data, you look for how a variable changes when another 
variable, time, does. Similarly, when you have two metrics about people, 
places, and things, you might want to know how one metric changes, given 
the other does. Do cities with higher burglary rates also have higher homicide 
rates? What is the relationship between housing prices and square footage? 
Do people who drink more soda per day tend to weigh more?

You can visualize relationships similarly to how you look for them with time 
series data. Whereas the dot plots in this chapter placed time on the horizon-
tal axis and a variable on the vertical axis, a scatter plot replaces time with 
a different variable, so you have two variables plotted against each other, as 
shown in Figure 4-36.

Each dot represents a player during the 2008–2009 NBA basketball season. 
Usage percentage, an estimated percentage of possessions that a player is 
involved in while on the court, is plotted on the horizontal axis, and points per 
game is plotted on the vertical axis. As you might expect, those who spend 
more time with the ball tend to score more points per game. 

This statistical relationship between variables is called correlation. As one vari-
able increases, the other one usually does, too. In this example, the correlation 
is strong and obvious in the chart, but the correlation strength can vary, as 
shown in Figure 4-37.

For a more defined view of how two variables are related, you can fit a line 
through the points, as shown in Figure 4-38. You saw the same method used 
with time series data in Figure 4-21. The increasing curve rounds off as points 
per game approaches zero, but the line straightens out, showing a linear rela-
tionship. (It’d be a different story if the line resembled a sine wave.)
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FIGURE 4-36  Scatter plot to 
compare two variables

FIGURE 4-37  Varying correlation 
strength
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FIGURE 4-38  Fitted LOESS curve 
on a scatter plot

As you explore relationships between variables, don’t confuse correlation with 
causation. Visualization-wise, a correlative and causal relationship between 
two variables will look similar, if not the same, but the latter usually requires 
rigorous statistical analysis and context from subject experts. 

Obviously, some causal relationships are easy to interpret, such as when you 
place your hand over an open flame, you burn yourself. That’s why you don’t walk 
around in fire. On the other hand, the price of both milk and fuel has increased 
over the years. If you want to decrease the cost at the pump, should you just 
decrease the price of milk? Do basketball players score more points because 
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they handle the ball more often, or do they handle the ball more often because 
they are good at scoring points and the coach runs more plays for such players?

Figure 4-39 shows two ways to incorporate a third variable in 
a scatter plot. The symbol plot on the left should look famil-
iar because it was used with spatial data on a geographic 
scale earlier in the chapter. The area of a circle represents 
assists per game. The scatter plot on the right uses color 
instead of area to show the same thing. The darker the 
shade, the more assists per game.

The hope is that you’ll see larger circles or darker shades clustered in an area 
of the scatter plot. In Figure 4-40, you see assist leaders closer toward the right 
corner of higher usage percentage and points, but there’s high variability and 
there isn’t a clear trend. There are players with a lot of assists per game who 
don’t score that many points, and there are others who score a lot of points, 
have high usage percentage, and a lot of assists. It is clear however that those 
who don’t score many points and have lower usage percentage typically don’t 
have many assists either.

You can also double up on encodings, using both size and color to represent 
a third variable, as shown in Figure 4-40. The redundant visual cues help 
reinforce what might be more of a challenge to see with just one visual cue.

Warning:  Don’t mix up causal and correlative 

relationships. They look the same when you 

visualize them, but the former is more difficult 

to prove than the latter.

FIGURE 4-39  Symbol plot on the left and colored scatter plot on the right
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FIGURE 4-40  Using redundant 
visual cues

For example, if you were to go the opposite direction and use area and color to 
represent two separate metrics, the plot could be difficult to read. Figure 4-41 
shows the same values on the axes, usage percentage and points per game, 
but uses area for rebounds and color for assists. Compare this to the previous 
figure, and it’s clear that the additional encodings don’t make anything clearer.

MANY VARIABLES

You might show four variables with a scatter plot, but what 
about five variables? Ten variables? There’s only so much 
space in a scatter plot for so many visual cues. Unlike the 
scatter plot, there are views that are more conducive to 
comparing multiple variables at one time.

Note:  You might be looking for a rule about 

how many encodings you can use at the same 

time before a visualization becomes useless, 

but I’d be overgeneralizing. It depends on the 

data. And the visualization. Experiment.
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FIGURE 4-41  Multiple encodings 
with a scatter plot

A heat map, as shown in Figure 4-42, can be used to translate a table to a set 
of colors. It shows the same basketball player data, in addition to several other 
variables, including number of games played, field goal percentage, and three-
point percentage. Each row represents a player, and darker shades represent 
relatively higher values.

With players sorted alphabetically, it’s hard to see patterns, but if you sort 
by a column, say, points per game, as shown in Figure 4-44, relationships are 
easier to see. For example, usage percentage and minutes are roughly dark 
to light. On the other hand, the turnover rate appears to indicate a negative 
correlation because it goes from light to dark, and games played, field goal 
percentage, and three-point percentage look scattered, indicating a weak 
correlation, if any.
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FIGURE 4-42  Heat map to show multiple variables

Parallel coordinates plots also arrange variables horizontally, but instead of 
using color like a heat map, you use vertical position, as shown in Figure 4-44. 
Each vertical axis represents a variable that typically ranges from the minimum 
and maximum of that variable, so the highest value is plotted at the top and 
the lowest at the bottom. Then lines are drawn left to right, positioned by the 
variables of each observation.
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FIGURE 4-43  Relationships with heat map

For example, to plot a player, you start on the left, look up how many games 
he played, and start a line in the corresponding spot on the first vertical axis. 
Draw the line to the spot on the next axis that corresponds to the player’s 
usage percentage. Do that for all the variables and all the players, and that’s 
the parallel coordinates plot.
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FIGURE 4-44  Parallel coordinates plot

If all the variables had strong positive correlations (which almost never hap-
pens), all lines would run straight across. If two variables were negatively 
correlated, you’d see lines on the top of one variable connect to the bottom 
of the axis for the other variable. Figure 4-45 shows a few more relationships.

FIGURE 4-45  Relationships with parallel coordinates plot

When there aren’t clear relationships across the board, it can be hard to see 
patterns. There’s high variability from player to player in Figure 4-45, so you 
end up with a jumble of lines. You can however, highlight data based on 
criteria for a better view. 

For example, if you highlight players who averaged five assists or more and 
gray out everyone else, as shown in Figure 4-46, it’s easier to see how these 
type of players perform in other categories. Assist leaders play in more games, 
play more minutes, and tend to rebound less, but still vary in terms of points 
and field goal percentage.
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Whereas the heat map and parallel coordinates plot provide an overview of the 
data, you might also want to look at individual data points more closely. Star 
plots, as you saw with time series data and shown again in Figure 4-47, pres-
ent data separately. That is, you represent each row of data with its own plot. 

The time series example uses the angle portion of the polar coordinate system 
for time. This example uses multiple variables. So in the same way that the 
star plot can be a polar coordinate version of a time series chart, it can also 
be a polar coordinate version of a parallel coordinates plot.

FIGURE 4-46  Highlight data for easier reading

USING MULTIPLE VIEWS

There’s an inclination to show all the data at once, in a single 
view. When you have categorical data, you make a bar chart, 
and when you have time series data, you use a line chart. So if 
you have multiple variables that might be categorical, temporal, 
and spatial, you might also want to put it all in a single chart. 

However, it can and often is better to use multiple charts instead because it 
lets you see the data from more angles.

You can, for example, make a lot of the same type of chart on multiple dimen-
sions, such as the maps in Figure 4-30. The flight data is actually spatial, cat-
egorical, and temporal, so you get natural breaks in the data and a hint of 
places to look. Figure 4-48 explores the time series component of the flight 
data. Each line represents flight volume for an airline.

Note:  As you gain more experience visualiz-

ing data, you’ll notice that you can use many 

of the same type of  charts for different types 

of data.
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FIGURE 4-47  Star plots
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FIGURE 4-48  Multiple time series charts for categories
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An alternative to the parallel coordinates plot, a scatter plot matrix, as shown 
in Figure 4-49, can show similar relationships. The relationships between 
variables are often easier to see in the matrix than with parallel coordinates 
because you can compare pairwise correlations instead of trying to decipher 
relationships between multiple variables at once. The latter is often compli-
cated and hard to see.

It’s also often useful to look at data with different views at the same time. For 
example, Figure 4-50 shows data as a heat map, bar chart, and star plot, for 
several players. The heat map provides detailed information about where the 
players shoot from; the bar graph provides an overview of the aggregates; 
and the star plot shows values for additional variables. Together, the views 
represent the playing style of several individuals, or more generally speaking, 
a detailed overview of several categories.

WHAT TO LOOK FOR

There are a lot of visualization methods that help you explore various aspects 
of your data, whether it is categories, time, space, or a combination of these. 
You can visualize the data all at once, but you can also make use of simpler, 
more straightforward views, which can help extract relationships. Sometimes 
the relationships are straightforward between two variables, but usually the 
relationship is complex, especially when you introduce more than two vari-
ables. Don’t make assumptions as you explore relationships, and keep in mind 
there are variables not captured in the data that might contribute to changes. 
Finally, when it comes to correlation and causation, you need to take in all the 
context you can before you assign the latter.

DISTRIBUTIONS

You often hear or read about means and medians. They’re used to describe 
a group of people, places, or things, and these measurements typically imply 
what is “normal” or “average,” and anything that is far away from these mea-
surements is abnormal or above or below average. However, what qualifies 
as extremely above average or just slightly below average? Is something 10 
percent greater than the median a lot or a little? To answer these questions, 
you must know more about the data than just where the middle is. You have 
to know the spread.

FIGURE 4-49  (following page) 
Scatter plot matrix
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Now look at a classic example. Imagine there are 100 adults in a room. These 
100 people have different heights, as shown in Figure 4-51. They range from 
4 feet and 10-inches tall to 61/2-feet tall, and the average height for the group 
is 5 feet and 4 inches.

It’s hard to determine how many people there are in various height ranges 
without counting each dot, but you can get a better idea if you sort everyone 
from shortest to tallest, as shown in Figure 4-52. There are a few relatively tall 
people and a few short people, but most heights are around the 5 to 6-foot 
range. The median line at 64 inches is in the middle, where 50 people are 
shorter and 50 people are taller.

You get a better sense of the heights in the room, but there’s a better way to 
see the distribution. You can group them into height categories or bins, such 
as those in between 4 feet and 41/2- feet, as shown in Figure 4-54.

Now it is easy to see where most people are centered and to see the spread 
across a range. However, the dot plot can take a lot of space, especially if you 
had a lot more heights to show. So instead of dots, you could use bars, as 
shown in Figure 4-54. This chart is called a histogram, which you’ll see more 
of soon. This counting and binning process is the basis for visualizations used 
to explore distributions.

As shown in Figure 4-55, you can visualize distributions with varying levels 
of granularity. Some views show only summary statistics, such as median, 
whereas other views, such as the histogram, show distribution in greater 
detail.

FIGURE 4-51  Heights of 100 imaginary people

FIGURE 4-50  (facing page) Using 
multiple visualization methods to 
explore different dimensions
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FIGURE 4-53  Heights arranged in bins FIGURE 4-54  Histogram showing heights

FIGURE 4-52  Heights of imaginary people, sorted from shortest to tallest

The box plot, as shown in Figure 4-56, is an overview visualization that pro-
vides a general sense of distribution. The box in the middle is defined by 
the lower and upper quartiles. That is, whereas the median (the line in the 
middle) represents the halfway point, the lower quartile represents where 
one-quarter of the values are lower, and the upper quartile represents 
where one-quarter of the values are higher.
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FIGURE 4-55  Visualizing distributions
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The range in between the upper and lower quartiles is called the interquartile 
range. The outer lines are the lower and upper fences, defined by subtracting 
and adding 11/2 times the interquartile range from the lower and upper quartiles, 
respectively. If the maximum and minimum values are within the upper and 
lower fences, the outlines are only drawn to the extremes. Otherwise, dots are 

used to represent any points that fall 
outside the upper and lower fences 
and are considered outliers.

That said, the terminology makes the 
chart more confusing than it actu-
ally is. The main point: You can see a 
general distribution with a box plot. 
You can also use multiple box plots 
to compare distributions, as shown 
in Figure 4-57.

The histogram provides a more 
detailed view, which you saw in 
Figure 4-54. Bar height represents 
the proportion of values within a 
corresponding range, and when you 
change bin sizes, you change how 
much variability is visible. Figure 4-58 
shows how the same height data can 
be represented with different bins.

FIGURE 4-56  Box plot

FIGURE 4-57  Multiple box plots for comparison
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Like box plots, you can also use multiple histograms to compare 
distributions. In one last return to the flight data, Figure 4-59 
shows the distributions of arrival delays for major airlines. 
Delays of more than 15 minutes are highlighted in orange. 

FIGURE 4-58  Varying bin sizes with histograms

Note:  Bin size changes by dataset, but you 

want it to be big enough so that you can see the 

variability over the range of values, but not so 

small that the histogram is too noisy to interpret.
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FIGURE 4-59  Multiple histograms to compare distributions
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Notice the spike at the zero-minute mark, where airlines aim to be right on 
time? It looks like airlines either arrive right on time or whoever records the data 
rounds to on-time arrivals. You wouldn’t see that with just means and medians.

WHAT TO LOOK FOR

Regardless of the type of visualization you use to explore distributions, look 
for peaks and valleys, range, and the spread of your data, which tell you a lot 
more than just the mean and median would. The visual analysis of raw data 
and the variation in between the summary statistics are almost always more 
interesting, so make use of the opportunity when you get it.

WRAPPING UP

Visualization can be a great tool to explore your data, and with advancing 
technologies, computers are less of a limiting factor than they were just a few 
years ago. So the key to getting the most out of your data—to understand 
what it represents and what it means—isn’t so much about finding the right 
software than it is to learn how to use the tools you have and to know what 
questions to ask.

Consider what data you have and what you can get, where the data is from, 
how it was derived, and what all the variables mean, and let that extra infor-
mation guide your visual exploration. If you use visualization as an analysis 
tool, you must learn as much as you can about your data. Even if your goal is 
to visualize data for presentation, exploration can lead to unexpected insights, 
which makes for better graphics.





 5

Visualizing with 
Clarity
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During the exploration phase, you get to look at your data from a variety of 
angles and browse various facets, without having to dwell on charting stan-
dards and clarity. You understand a chart better because you know more about 
the data after you examine lots of other quickly generated charts. However, 
when you use graphics to present results to other people, you must make 
your graphics readable to those who don’t know your data as well as you do.

A common mistake is that all visualization must be simple, but this skips a 
step. You should actually design graphics that lend clarity, and that clarity 
can make a chart “simple” to read. However, sometimes a dataset is complex, 
so the visualization must be complex. The visualization might still work if it 
provides useful insights that you wouldn’t get from a spreadsheet.

As an effort toward clarity, people often preach removing all elements of a 
graphic that don’t help you interpret the data. When you “let the data speak,” 
you have done your job. This is fine, but it assumes the only goal of visual-
ization is quick analytical insight, which is a small subset of what you can get 
out of data. It’s okay to ponder and reflect, and elements that are not helpful 
in one situation might be helpful in another.

That said, whether it’s a custom analysis tool or data art, make graphics to 
help others understand the data that you’ve abstracted, and try your best not 
to confuse your audience. How do you do this? Learn how we see data, and 
use that to your advantage.

VISUAL HIERARCHY

When you look at visualization for the first time, your eyes dart around trying 
to find a point of interest. Actually, when you look at anything, you tend to 
spot things that stand out, such as bright colors, shapes that are bigger than 
the rest, or people who are on the long tail of the height curve. Orange cones 
and yellow signs are used to alert you on the highway of an accident or con-
struction because they stand out from the monotony of the black pavement. 
In contrast, Waldo is hard to find right away because he doesn’t stand out 
enough to stick out in a sea of people.

You can use this to your advantage as you visualize data. Highlight data with 
bolder colors than the other visual elements, and lighten or soften other ele-
ments so they sit in the background. Use arrows and lines to direct eyes to the 
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point of interest. This creates a visual hierarchy that helps readers immediately 
focus on the vital parts of a data graphic and use the surroundings as context, 
as opposed to a flat graphic that a reader must visually rummage through.

For example, Figure 5-1 is the scatterplot from the previous chapter that shows 
NBA players’ usage percentage versus points per game. The dots, fitted line, 
grid, border, and labels are of the same color and thickness, so there is no clear 
visual focus. It’s a flat image, where all the elements are on the same level. 

FIGURE 5-1  All visual elements 
on the same level

This is easily remedied with a few small changes. In Figure 5-2, the line width 
of the grid lines is reduced so that they are no longer as thick as the fitted line. 
In this example, you want the data to stand out. The grid lines also alternate 
in width so that it is easier to see where each data point lies in the coordinate 
system, and there’s no imaginary blur that you get in the original chart.

FIGURE 5-2  Width of grid lines 
reduced to fit in background
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Still though, the fitted line is obscured by all the dots, because (1) it’s thin com-
pared to the radius of each dot and (2) it still blends in with the grid behind it. 
Figure 5-3 changes the color to blue to make the data stand out more, and the 
width of the fitted line is increased so that it clearly rests on top of the dots.

FIGURE 5-3  Focus of chart 
shifted to fitted line with color 
and width

The chart is a lot more readable now, but if you imagine people viewing 
the graphic like they would a body of text—from top to bottom and left to 
right—more descriptive axis labels and less prominent value labels can help, 
as shown in Figure 5-4. The text within the chart works similar to how it does 
in an essay or a book. Headers are often printed bigger and in a bold font 
to provide both structure and a sense of flow. In this case, the bolder labels 
provide immediate context for what the chart is about. Also, notice fewer 
and less prominent gridlines, which directs focus further to the upward trend.

FIGURE 5-4  Grid and value 
labels adjusted and fewer, less 
prominent gridlines
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Even if a graphic is exploratory or made to show an overview rather than a 
specific point or story in the data (such as a trend line), you can still use a 
visual hierarchy to provide structure. A presentation of a lot of data at the 
same time can be visually intimidating, but a breakdown by category helps 
readers browse visually. For example, Figure 5-5 shows 2,000 films across 20 
genres over 100 years.

Each layer alternates in color to separate genres, which makes the chart easier 
to read left to right, even if the name of the genre is not within view. Font 
and color separate genres (medium and red) and film titles (small and black), 
and the timeline on the bottom shows a division of film eras with tick marks. 
Had the same colors and fonts been used throughout, as in the scatterplot 
in Figure 5-1, it’d be a headache to browse this poster.

Sometimes visual hierarchy is used to show process or reflect how you might 
explore a dataset. Imagine you generate a lot of charts during the data explo-
ration phase. You make a few graphs to see an overall picture, and in that 
summary, you note specifics and then make charts that focus on those. You 
can design your graphics to follow this same logic, basically taking readers 
on a tour of your analysis.

The bottom line: Graphics that follow a visual hierarchy are easier to read and 
can be used to guide readers toward points of interest. In contrast, flat graphics 
that lack flow make it harder for readers to interpret results and discourages 
closer looks. You don’t want that.

READABILITY

An author who uses words to describe a world or character interactions makes 
abstractions so that a reader can picture what’s going on. Poor descriptions 
and little character development challenge readers to make sense of what 
seem like obscure clues. If readers can’t connect the dots and understand 
what the author tries to describe, the words lose their value. 

Similarly, you encode data with visual cues when you visualize it, and then 
you or others have to decode the shapes and colors to draw insights or to 
understand what a visualization represents, as shown in Figure 5-6. If you 
don’t describe the data clearly, which makes a data graphic readable, then 
the shapes and colors lose their value. The connection between the visual 
and the underlying data is broken, and you end up with a geometry lesson.

FIGURE 5-5  (following page) 
The History of Film (2012) by Larry 
Gormley, http://historyshots.com

http://historyshots.com
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FIGURE 5-6  Connecting visual 
cues to what data represents

You must instead maintain the connection between visual cues and data 
because the data is what connects a graphic to the real world. So readability 
is key. Allow comparisons, consider the context of your data and what it rep-
resents, and structure shapes and colors (and the space around them) for clarity.

ALLOW COMPARISONS

Allowing comparisons across points is the main purpose of visualizing data. 
In table form, you can compare only point by point, so you place data in a 
visual context to see how big one value is relative to the rest and how all the 
individual data points relate to each other. As a way to better understand data, 
your visualization isn’t useful if it doesn’t fill this basic requirement. Even if 
you just want to show that values are equal across the board, the key is still 
to allow that comparison and conclusion to be made.

Traditional graphs, such as the bar, line, and dot plots that you’ve seen through-
out this book were designed to make comparisons as straightforward and 
obvious as possible. They abstract the data into basic geometric shapes so 
that you can compare length, direction, or position. However, as shown in 
Figure 5-7, you can apply small variations to these charts that can make a 
graphic more or less challenging to read.

You saw how area should be used as a visual cue in Chapter 3, “Representing Data.” 
When area is used to indicate values, determine the size of shapes such as bubbles 
and squares by their total area rather than the length of radius or side length. 
Essentially, the size of shapes are based on how people interpret them visually. 

However, also keep in mind that it can be harder to see small changes between 
two-dimensional shapes than it is to see differences between position or length. 
This is not to say to avoid area as a visual cue. Instead, area is more useful when 
there are exponential differences between values. When small differences are 
important, look to a different visual cue, such as position or length.
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FIGURE 5-7  Allowing comparisons
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For example, Figure 5-8 shows a number of identified species of invertebrates 
and vertebrates. The bar chart on the left and the bubble chart on the right 
show the same data, but because there so many more identified species of 
insects than vertebrates, the bars for the latter are dwarfed. They are barely 
visible, and the bar for corals is also just a sliver.

On the other hand, the bubbles let you put large and small counts in the same 
space. The downside is that you can’t visually compare values as accurately 
as a bar chart, but in this case, the bar chart doesn’t even give you a chance 
to compare the values. So there’s a trade-off.

The graphic in Figure 5-9, made in 1912 when the Titanic 
crashed into an iceberg in the Atlantic Ocean, also places 
information within a familiar geographic context. 

Each layer from top to bottom represents the time it would 
take to travel across the ocean via a 17th century ship 

(40 days), the Titanic (4 days), and by a not yet realized airplane (1 day). If only 
you could fly the Atlantic! Grid lines separate the modes of transportation as 
well as provide estimated travel times. Grids can also improve readability in 
more traditional charts because they dictate spacing and reflect scale. 

Introduce color as a visual cue, and there are additional considerations. For exam-
ple, you saw how those who are color-deficient see shades of red and green. If 
you use red and green hues with the same saturation, the colors look the same 
to those who are color-deficient. Color options also change based on what scale 
you use for a chart or what you want to show. As shown in Figure 5-10, there 
are three main categories of color scales, with variation within each.

FIGURE 5-8  Bar chart versus 
bubble chart to show large counts

Note:  Area can also make data seem more tan-

gible or relatable, because physical objects take 

up space. A circle or a square uses more space 

than a dot on a screen or paper. There’s less 

abstraction between visual cue and real world.



FIGURE 5-9  If only we could fly the Atlantic! (1912) by Sid Treeby
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FIGURE 5-10  Color scale options

A sequential color scale is used to represent a single variable without a sep-
aration requirement (positive versus negative, for example). Darker shades 
typically represent higher values and lighter shades represent lower values. 
You essentially choose a saturated hue and then decrease the saturation in 
increments to create a scale. With the sequential scales in Figure 5-10, the 
saturated hues are on the right and saturation is decreased as you shift left.

When you do have a natural or defined split in the data, such as increases and 
decreases or political leanings toward two parties, you can use a diverging 
color scale. It’s like a combination of two (or more) sequential color scales with 
a separator in between to indicate a neutral value, such as a change of zero 
or a balance of political favor.

Qualitative color scales are useful when your data is categorical or non-nu-
meric. Each color might represent a category, and the varying shades should 
provide visual separation.

Regardless of the type of color scale you use, there should be enough variation 
between your choice of hues and saturation so that you can see differences. 
Choose shades that are too similar and it’s a challenge to make comparisons. 

A narrow color span restricts the amount 
of difference between shades, as shown 
on the left of Figure 5-11, whereas a wider 
color span on the right makes it easier to 
see differences. This works in the oppo-
site direction, too. A color span that’s too 
wide can exaggerate differences, and if FIGURE 5-11  Color scales that span the same range of values
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you don’t pay attention to the context of 
the data, you might show patterns that 
look obvious but are not significant.

Figure 5-12 is the Cartesian equivalent. 
The space between each tick mark on the 
vertical scale is tiny, but because the span 
of the values is also small, the change in 
the line’s position looks big. 

Sometimes it makes sense to do this, and 
other times the zoom exaggerates what’s 
actually there. A rule of thumb: Match the 
amount of visual change to the significance of the change in real life, and as 
always, represent the data fairly so that others can make fair comparisons.

REPRESENT CONTEXT

Context helps readers relate to and understand the data in a visualization 
better. It provides a sense of scale and strengthens the connection between 
abstract geometry and colors to the real world. You can introduce context 
through words that surround a chart, such as in a report or story, but you can 
also incorporate context into the visualizations through your choice of visual 
cue and design elements.

As shown in Figure 5-13, Stephen Von Worley showed the increased variety 
of colors in the Crayola crayon spectrum. In 1903, on the release of the first 
wax crayons under the brand name Crayola, there were just 8 colors. Over 
the years, Crayola inherited and created other colors in between the existing 
hues, and by 2010, there were 120 shades offered. In addition to red, there is 
now also bittersweet, brick red, mahogany, maroon, orange red, red orange, 
violet red, wild watermelon, radical red, razzmatazz, fuzzy wuzzy, and scarlet. 

It makes sense to use the actual colors to represent the shades each year, to 
show the increase in diversity. A grayscale version would require a label for 
each shade and would quickly clutter by 1949.

Often your choice of visual cues changes based on the 
expectations of those you make a graphic for. A graphic 
that does not fulfill expectations can confuse readers. (I of 
course, mean this from a design perspective rather than 
a data one. Unexpected trends, patterns, and outliers are 
always welcome.) 

FIGURE 5-12  Zoomed in on a 
Cartesian coordinate system

Note:  Choose geometry and color based on 

the context of your data. Software defaults are 

rarely, if not never, the best option.
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FIGURE 5-13  Crayola Color Chart 1903–2010 (2010) by Stephen Von Worley, http://www.datapointed.net/visualizations/color/crayola-crayon-chart/

http://www.datapointed.net/visualizations/color/crayola-crayon-chart/
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For example, the United States has a two-party system, with Democrats and 
Republicans. Blue is the color of the Democratic party and red is the color of 
the Republican party. Therefore, a map, as shown in Figure 5-14, should reflect 
the party colors. Flip the colors, and the proportions between two groups 
would be the same, but because the party colors are so commonplace, it’s 
probable that readers would misinterpret the results as a Barack Obama win 
in the Midwest and Southeast and a Mitt Romney in the West and Northeast.

The charts in Figure 5-15 show movie tril-
ogy ratings from the review aggregation 
site Rotten Tomatoes. On the site, a ripe red 
tomato is used for movies that earn at least 
60 percent positive reviews (fresh), whereas 
a splattered green tomato is used for movies 
below the 60 percent threshold (rotten). The 
graphs match the site’s color scheme so that 
you can easily see which movies were fresh 
and which were rotten. The length of each 
bar provides a more exact value.

Context can also affect your choice of geom-
etry. For example, the Bureau of Labor statis-
tics releases monthly estimates for number of 
jobs lost and gained. Figure 5-16 represents 
jobs lost between February 2008 and February 2010. More jobs were lost than 
gained every month during this period. The taller the bar is, the more jobs 
that were lost on the corresponding month.

The chart with values in the positive makes sense, but consider the context 
the chart is usually presented in. People expect to see bars in the positive 
for jobs gained and in the negative for jobs lost. However, the coordinate 
system in Figure 5-17 would put jobs gained in the negative. Negative jobs 
lost means new jobs.

So instead, it’s more intuitive to frame jobs lost as negative values, as shown in 
Figure 5-17. It makes more sense to show something lost moving downward, 
when that something is looked at negatively. On the other hand, decreased 
weight, when the goal is actually to lose weight, might work better on the 
positive side of the axis.

FIGURE 5-14  Color by expectation
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FIGURE 5-15  Color based on where the data comes from
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FIGURE 5-16  Visualizing data 
generically

FIGURE 5-17  Visualizing data 
in context

NEGATIVE SPACE

Clutter is the enemy of readability. A lot of objects and words packed into a 
small area can make a visualization confusing and unclear, but put some space 
in between and it’s often a lot easier to read. You can use space to separate 
clusters within a single visualization, or you can use space to divide multiple 
charts, so that they are modular and don’t all run together. This makes a visu-
alization easier to scan and mentally process piece-wise. 

Figure 5-18 shows equally spaced rectangles, which appear to be in the same 
cluster, followed by ways to separate them with space and other elements, 
such as lines and contrasting colors. The space implies division (which you 
should keep in mind when you don’t want to separate visual elements).
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FIGURE 5-18  Grouping shapes 
with space and other elements
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It’s easy to see how this works in practice. Decrease the space between the 
labels and small charts (refer to Figure 5-15), and you get Figure 5-19. Although 
you can figure out which bars correspond to which labels by their positions, 
it is not immediately clear.

The same applies even if you don’t want to show specific groups. Figure 5-20 
is the map from Chapter 1, “Understanding Data,” which shows fatal crashes 
in the United States. The top version uses small dots to show each accident, 
and the bottom version uses larger circles.

Because small dots are used in the top version, it’s easier to see the pattern 
of roads and city centers. The negative space in between points help show 
where there are no roads or where fewer people drive cars. Places where there 
is no data is just as important as the places where there is data. On the other 
hand, the bottom version uses large circles that are relatively large compared 
to the size of the United States and the total number of crashes during the 
selected time period. There is practically no negative space, so roads and city 
centers are hidden by the data, and you only see country boundaries. Without 
a sufficient amount of negative space, the visualization is useless.

FIGURE 5-19  Decreased negative 
space, decreased readability
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FIGURE 5-20  Spacing between data points makes patterns more obvious
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You can also have too much negative space that 
interferes with the primary elements. Figure 5-21 
shows a series of bars where the space in 
between each one is about the same as the 
width of a single bar. Look at the bars individu-
ally, and it’s easy to see the separation between 
each gray bar, but look at the group as a whole, 
and you perceive a visual vibration between gray 
and white that almost makes the figure appear 
blurry. The equal negative space confuses your 
brain about which part to focus on.

On the other hand, reduce the negative space 
and increase bar width, and the image appears 
less blurry, as shown in Figure 5-22. The bars 
clearly dominate focus, and the negative space 
serves as thin separators in between.

As shown in Figure 5-23, the opposite direction 
works, too. The bars are thin strips and negative 
space is relatively large. Like in the earlier sec-
tion on allowing comparisons between shapes 
and colors, contrast is the key.

With little differentiation between negative 
space and the elements of interest, a visual-
ization is less clear, so experiment to find the 
right balance.

HIGHLIGHTING

Readability in visualization helps people interpret data and make conclusions 
about what the data has to say. Embed charts in reports or surround them 
with text, and you can explain results in detail. However, take a visualization 
out of a report or disconnect it from text that provides context (as is common 
when people share graphics online), and the data might lose its meaning; or 
worse, others might misinterpret what you tried to show. 

Highlighting can guide readers through the data and direct eyeballs to the 
most important parts in a graphic. It reinforces what people might already see 
or draw attention to areas or data points that people should see.

FIGURE 5-21  Visual vibrations from equal negative space

FIGURE 5-22  Bars visually dominate with little negative space.

FIGURE 5-23  Less vibration with a contrast between bars and negative space
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To draw visual attention to a data point, you simply do what you would in real 
life. You make it stand out. Speak a little louder. Make it a little brighter. Edit 
an area or point in a visualization—while keeping the data, its visual cues, and 
readability in mind—to differentiate it from the rest. Use a brighter or bolder 
color, draw a border, thicken a line, or introduce elements that make the point 
of interest look different.

For example, Figure 5-24 shows how to use color to highlight a specific point. 
Most of the shapes are a neutral color, and the point of interest is purple, so 
attention immediately focuses on the parts that stand out.

Visualize time series data, and you might focus on specific years, such as in 
Figure 5-25. As you know, America loves their competitive eating, and no 
contest is more important than the annual hot dog eating contest on Coney 
Island. The top bar chart shows the number of hot dogs and buns that winners 
ate each year, but you can highlight bars to shift focus to years when someone 
broke a world record or when a certain person won.

On to more important matters: Figure 5-26 shows the world life expectancy 
chart from Chapter 2, “Visualization: The Medium,” categorized by geographic 
regions. Each line represents a country’s time series. The graphic shows all 
the countries that data was available for but shifts focus for each region. So 
the current point of interest is highlighted and brought to the front, and the 
rest are moved to the back and made a light gray, which remain for a sense 
of scale and context.

Again, to highlight elements, you make points of interest more visually promi-
nent than the rest of a graphic. You place it higher in the visual hierarchy, so you 
either move the point of interest up or move everything else down. Elements 
on the same level get the same attention. 

For example, Figure 5-27 shows the availability of movies that led at the box office, 
via streaming rental on iTunes, Amazon.com, and Vudu or the subscription-​only 
Netflix. DVD availability is provided for reference. Availability is the point of inter-
est, so a brighter color moves it up in the hierarchy, whereas neutral colors move 
other areas down. More specifically, rectangles highlighted yellow indicate that a 
movie was available via a service; an empty rectangle means not available; and a 
gray rectangle means the movie was only available for purchase. 
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FIGURE 5-24  Examples of highlighting with color

FIGURE 5-25  Placing focus on various aspects of the data
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FIGURE 5-26  Showing all data, but shifting focus with highlighting

As shown in Figure 5-28, the focus easily shifts. A brighter color for nonavail-
able or shades of equal brightness take away focus from the main point of 
the graphic. A poor choice of color can also lead to misinterpretation, where it 
looks like Netflix has the most available streaming movies, even if the legend 
indicates otherwise.

Highlighting doesn’t always have to be front and center. You can put it in the 
background, as shown in Figure 5-29. The unemployment time series data 
still keeps focus, but gray bars highlight periods of recession and provide 
information outside the primary dataset.
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FIGURE 5-27  Highlighting the theme of a graphic
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FIGURE 5-28  Various color choices change the visual hierarchy.
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FIGURE 5-29  Highlighting in the background

However, wherever your highlighting fits in the hierarchy, be sure the new visual 
cues don’t conflict with existing ones. If you have a bar chart that uses length 
as a visual cue, you obviously do not highlight with length, too. Have a scatter 
plot? Don’t highlight with position. Heat map? Highlight with the color palette 
rather than introduce hues that change visual patterns.

Ask yourself how people decode information via shapes and 
colors in a visualization, and then don’t get in the way. For 
example, in Figure 5-30 on the left is a bar graph with no 
highlighting, and the charts on the right show unsuccessful 
attempts to highlight. Why don’t they work? A bar chart uses 
length as its visual cue, so when you extend a bar, the new 
length changes the value. Change width, and the new bar 
fills more area. (Bar charts actually use area to encode data, 
but because width stays constant, you can decode values via 
bar height.) Then on the far right: A shift up doesn’t exactly 
change the value, but it makes the chart less readable.

In contrast, Figure 5-31 shows highlighting with visual cues 
not used by the bar graph. The color, border, and pointer 
send focus to the bar of interest but don’t change the overall 
visual pattern.

Note:  These conflicting visual cues are in the 

context of how you use bar charts, but you of 

course must consider conflicts within the context 

of your own visualization and how you encode 

your data.

Note:  Highlight with unused visual cues. 

Otherwise, you change perceived patterns 

and make it more difficult to interpret the 

visualization.
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FIGURE 5-30  Using conflicting 
visual cues to highlight

FIGURE 5-31  Using unused 
visual cues to highlight

ANNOTATION

When you highlight elements, it is not always obvious why, especially when 
readers aren’t familiar with the data. (And they aren’t most of the time.) 
Annotation within a visualization can help clearly explain what a visualiza-
tion shows. What is that outlier? What does that trend mean? This might be 
left to text outside of a visualization, but when you put explanations within 
a graphic—as an additional layer of information—the visualization is self-​
encapsulated so that it’s useful on its own.

EXPLAIN THE DATA

Like everything discussed so far, annotation follows a visual hierarchy. You 
have headers, subheaders, subsubheaders, and explanatory text. As shown 
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in Figure 5-32, size, color, and placement dictate how much attention anno-
tations receive.

FIGURE 5-32  Annotation for 
a chart

The header is typically printed with larger and bolder fonts to set the stage 
or to describe what people should see or look for in the data. If the header is 
small and blends with everything else, people might skip it and look straight 
to the more visual elements. A descriptive title also helps. For example, “Rising 
Gas Prices” says more about a chart than just “Gas Prices.” The former presents 
a conclusion immediately, and readers will look to the chart to verify and see 
details. The latter leaves data interpretation to readers and places them in the 
exploration phase. Then again, this might be your goal, so describe accordingly.

Lead-in text, like the header, is used to prepare readers for what a chart shows, 
but in further detail. The text is typically smaller than the header and expands 
on what the header declares, where the data is from, how it was derived, or 
what it means. Basically, it’s information that might help others understand 
the data better but often doesn’t directly point to specific elements.

To explain specific points or areas, you can use lines and arrows and use 
annotation as a layer on top of a chart. This places descriptions directly in the 
context of the data so that a reader doesn’t have to look outside a graph for 
additional information to fully understand what you show.
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For example, returning to the scatter plot in Figure 5-4, a layer of annotation is 
added, in addition to highlighting of specific points, as shown in Figure 5-33. Dark 
circles and pointers highlight specific players, and lines connect annotation to 
dots for the lowest scoring player with the lowest usage percentage, DeSagana 
Diop, and the highest scoring player with the highest usage percentage, Dwyane 
Wade. The point for Will Bynum, who somewhat strays from the trend, is also 
highlighted and annotated. There is also a pointer for the trend line and an 
explanation of usage percentage, which isn’t common knowledge for most.

The key to useful annotation is to explain or highlight a chart as it relates 
to the data (and your audience). For example, the explanation for the trend 
line could be, “There is a positive correlation between points per game and 
usage percentage.” This is true, but the generic statistical description doesn’t 
relate to the context of the data. Similarly, you could describe Dwyane Wade 
as the player with the highest usage percentage and points per game, but 

FIGURE 5-33  Annotation added 
to scatter plot
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what does that say about him as a player? These are subtle changes that can 
greatly decrease or improve readability.

EXPLAIN STATISTICAL CONCEPTS

If a large proportion of your audience is unfamiliar with statistical concepts, 
you can annotate to explain or help them relate. The descriptions in the pre-
vious scatter plot of basketball players are an example. They don’t just point 
out Dwyane Wade, DeSagana Diop, and Will Bynum. They also help explain 
what the corner positions, as well as a partial outlier, on an x-y plot mean so 
that readers can infer what positions in the middle represent. The pointer for 
the trend line is a description of correlation.

Figure 5-34 is another scatter plot, but it focuses on the gender pay gap in 
the United States, based on median salaries, according to the Bureau of Labor 

FIGURE 5-34  Unannotated 
scatter plot
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Statistics. Each dot represents a profession, and men’s median salary is plotted 
on the horizontal axis versus women’s median salary on the vertical.

Without annotation, it’s clear there is an expected upward trend between the 
two. With professions where men tend to make more, women tend to make 
more, too. If you look closely, you can also see that the dots tend toward 
the horizontal axis, which means men tend to make more with the same 
occupation.

The annotated chart in Figure 5-35 makes the pay difference clearer. A diagonal 
line through the middle represents equal pay, which is marked as such. Dots 
below the line are jobs where men make more than women, and dots above 
the line are where women tend to make more. These areas are also labeled. 

FIGURE 5-35  Annotated 
scatter plot
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Computer support specialist is the only profession in this dataset where women 
tended to make more than men.

The annotation explains how to read the scatter plot and what the data means. 
Sure, many people know how to read a scatter plot and interpret relationships 
between two variables, but many don’t, and it doesn’t hurt to clarify.

Distributions are another challenging concept. People have to understand 
skew, mean, median, and variation, and that observations are aggregated 
across a continuous value scale when visualized. 

For example, it is common for people to interpret the value axis of a histogram 
as time and the count or density on the vertical axis as a metric of interest. This 
leads to confusion, so it is useful to explain the various facets of a distribution.

In Chapter 4, “Exploring Data Visually,” you saw distributions for flight arrival 
delays. Figure 5-36 shows the distribution of delays for Southwest Airlines. 
A negative delay means an early arrival, and a positive one means the plane 
arrived late to the destination airport. A delay of zero means an on-time arrival.

To clarify, simply add those descriptions as annotation on the histogram, as 
shown in Figure 5-37. Avoid jargon and explain in the context of the data.

In the end, you must consider what your audience will or 
might not understand graphically and statistically, and 
annotate based on that. Single variables, time series, and 
spatial data are easier to understand visually because they 
tend to be more intuitive than multiple variables or more 
complex relationships. 

FIGURE 5-36  Histogram showing distribution

Note:  Show people your visualizations to see 

how they interpret results. If they’re confused, 

explain the data clearly. 

FIGURE 5-37  Explanation of distribution
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EXPERIMENT WITH TYPOGRAPHY

There have been plenty of polls and questionnaires that ask what the best 
typeface is for visualization, but there’s always a ton of variability, and there’s 
never any consensus. This might be because taste in typefaces has a lot to 
do with personal preference. Nevertheless, it’s worth exploring various fonts 
for labels and annotation, outside of software defaults, which are generic 
and less refined.

The effect of typeface choice is most obvious at the 
extremes. Figure 5-38 shows the same graph with vari-
ous typefaces, and you can see how readability and feel 
changes for each. For example, Helvetica, a sans-serif 

FIGURE 5-38  Trying various fonts

Note:  A typeface is a design for text, such as 

Helvetica or Baskerville, and it pertains to the appear-

ance of the characters. A font is a specification for a 

typeface, such as 10-point bold Baskerville. 
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typeface, is known for its neutral look that lends to fact presentation, whereas 
Comic Sans has developed into a meme and a way to avoid being taken seri-
ously. Serif typefaces such as Baskerville and Palatino are reminiscent of vin-
tage graphics. You should probably avoid Wingdings for most practical uses.

Again though, a lot has to do with personal preference, so experiment and see 
what you like—especially because it’s so easy to do with modern software. 
Remember the visual hierarchy, though. Headers typically stand out visually, 
so a larger, bold font often works, whereas tick labels are usually smaller and 
demand less attention, so the typeface should still be readable at a relatively 
small size. Sans-serif fonts often work well for the latter because serif fonts 
with a lot of flourish can be harder to read in confined spaces. Although, this 
is nowhere near a rule.

DO THE MATH

After you get data, the natural first step is to visualize it directly, but after that, 
it might be useful to do some math for a different point of view. This can shift 
focus toward something more interesting in the data and in some cases, avoid 
guesswork as readers try to interpret your graphics.

For example, summary statistics, such as mean or median, can serve as a quick 
point of reference or to provide a sense of scale, as shown in Figure 5-39. 
Violent crime rates for each state are shown, and bars are colored based on 
whether they are above the national average. The distributions of rates isn’t 
especially complex in this example, but it helps you get a sense of where each 
state lies relative to the national average.

As an additional step, you can transform the data based on a reference point, 
rather than just show it in the context of the raw data. Figure 5-40 shows global 
gas prices, which you saw in the previous chapter, relative to average gas price 
in the United States. Purple indicates higher gas prices, and green indicates 
countries where gas prices were lower. The two maps show the same data 
but tell different stories via subtraction and division. The first map focused 
on worldwide comparisons, whereas this map provides a simple connection 
between the data and U.S. readers.

What about Figure 5-29 that shows the unemployment rate over time? Maybe 
you’re more interested in annual changes than you are monthly unemployment 
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FIGURE 5-39  Using mean as a point of reference
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rates. From each rate, subtract the rate that came the year before, as shown 
in Figure 5-41.

You can take it the other direction, and add values, as shown in Figure 5-42. 
A step chart shows the monthly cumulative cost of cable over a year versus 
the modest cost of Hulu Plus and Netflix. An aggregate at the end shows total 
annual savings if you were to switch to the latter.

Straightforward math operations can help you see your data from a different 
angle or bring focus to a graphic. Of course, the more statistics you know, 
the better you can process and analyze your data, which in turn can lead 
to more informative graphics. Account for how people might interpret a 
graphic, and if they have to do math in their head to make inferences, it 
might be worth the effort to do the math for them and translate the results 
visually.

FIGURE 5-40  Transforming data based on point of reference
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WRAPPING UP

You get leeway as you explore data on your own. However, if you want to make 
actionable insights based purely on your graphics, you must make sure you’re 
seeing the right thing. You wouldn’t want to make a poor decision because 
you visualized your data inaccurately. 

Similarly, as you present your graphics to others or pass them onto the rest 
of the world, where others might make decisions based on what you show, 
it’s your responsibility to display the data accurately. Differentiate elements, 
highlight important bits, and annotate to explain and describe the data.

FIGURE 5-41  Showing changes instead of raw values
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Of course, as you saw in Chapter 2, visualization as a medium 
creates a wide spectrum of applications. How much you 
highlight, how much you explain to viewers and readers, 
and what you display depends on what you want to show 
and who you present to.

FIGURE 5-42  Cumulative values and totals

Warning:  Make sure your data is comparable 

when you transform multiple datasets. Are they 

from the same source? Is the methodology the 

same? What level of uncertainty is attached to 

the estimates? If you’re not sure, you should 

find out because incorrect math can lead to 

incorrect conclusions. 





 6

Designing for an 
Audience



242  |  CHAPTER  6:  Designing for an Audience

Many people have experience exploring data visually and making charts that 
are clear and concise, but when they present results, they don’t take the extra 
step to communicate to a wide audience. Instead, they take screenshots or 
software output and put the raw graphs into a report or post them online. 

This works under the assumption that your audience understands your data 
in the way that you do. Great if that’s the case, but what if it isn’t? People who 
don’t know the background behind a dataset, or have the same technical 
expertise as you won’t see the same thing as those who do.

When you design visualization for an audience, you must consider what your 
audience knows, what they don’t know, and what you want them to know. 
How will they read your graphic? How will they interpret your data?

COMMON MISCONCEPTIONS

Before getting into specifics, it’s best to clear up common misconceptions 
about designing data graphics for a wide audience. There are a lot of books 
and articles that provide suggestions as unyielding rules for various purposes, 
and these “rules” often conflict. This leads to a lot of confusion. So it’s time to 
clear the air and start fresh.

NOVEL GRAPHICAL FORMS

There are visualization types that have been around for decades. Think bar 
charts, pie charts, dot plots, and the other usual suspects. People are accus-
tomed to reading data through these traditional forms, but some see this as 
a negative. How can something traditional catch readers’ eyes and keep them 
engaged? Some think you always have to use new and exciting graphical forms 
to make visualization interesting, but this idea misses the point of visualizing 
data (which is why I don’t like visualization contests that weigh “innovation” 
as heavily as insight).

Visualization can be appreciated purely from an aesthetic 
point of view, but it’s most interesting when it’s about data 
that’s worth looking at. That’s why you start with data, 
explore it, and then show results rather than start with a 
visual and try to squeeze a dataset into it. It’s like trying to 
use a hammer to bang in a bunch of screws.

Note:  Experimentation with new visualization 

methods is great, but you also want to make sure 

that others can decode your encodings. Often, 

traditional is the best route. Traditional methods 

have been around for a while because they work.



Common Misconceptions  |  243

For example, you’ve most likely seen the graphic in Figure 6-1. It’s the periodic 
table of elements. Each square represents a chemical element, and they are 
arranged by their atomic number, or the number of protons in the nucleus of 
an atom, left to right and top to bottom. The row and column of each element 
depends on its electron configuration, which results in groups of elements 
with similar characteristics. The second column, for example, is alkaline earth 
metals, which are shiny and silver-white.

The data, which is the elements and their properties in this case, dictates the 
layout of the periodic table, which actually does represent periodicity and 
relationships of the elements. The table is specific to the data it shows. 

It doesn’t make sense to take the elements out, keep the structure, shove a 
different dataset into it and call it the periodic table of whatever, when there’s 
no periodicity or natural grouping. People have made everything from the 
periodic table of typography, to poetry, to beverages. It’s usually cleverer 
and useful to organize data based on the actual data instead of the atomic 
number of chemical elements.

Novel graphics are fine, but don’t make them hard to read or nonsensical for the 
sake of uniqueness. Instead, make use of the uniqueness or relevance of your data.

FIGURE 6-1  Periodic table of elements



244  |  CHAPTER  6:  Designing for an Audience

For example, the World Progress Report, shown in Figure 6-2, represents the 
state of the world based on data from the United Nations Statistics Division. 
At the time, the United Nations had released a lot of data, but reports were 
mostly composed of reference tables. The goal of this project was to make 
the data accessible to a wider audience, and it got a lot of attention, but 
you can see that all of the charts are traditional ones. The content made the 
graphics interesting.

From the other side of the fence, you might often see comments such as, “This 
took me more than 5 minutes to understand. Fail.” 

Some assume that insight from every data graphic should be instant, and in 
many cases, this is a perfectly valid. A dashboard that updates in real time, 
used to quickly see the status of a system, requires instant readability. On 
the other hand, a tool designed to explore connections between millions 
of people can be complex and require time to understand. You might show 
simple views and aggregates, but you might also miss details that could lead 
to better understanding of the data.

Sometimes there’s just a lot of data to show, and it takes a while to go through 
all of it. For example, the Better Life Index shown in Figure 6-3, created by the 
Organization for Economic Co-operation and Development (OECD), Moritz 
Stefaner, and creative consultancy Raureif, provides a way to explore the 
quality of life in OECD countries.

Each flower represents a country, and each has eleven petals, which represent 
topics that the OECD collects data on, such as housing conditions and spending 
and household income. An index is created based on these factors, and the 
higher a country is positioned on the vertical axis, the better the estimated 
well-being in that country.

The challenge is to decide what makes the quality of life 
in one country better than another. A better way of life 
is defined differently based on who you ask. Some might 
care little about how much money they can make but care 
a lot about overall health. Others might switch that. The 
interactive enables you to specify what’s important to you, 
and the countries adjust height based on your picks. So it’s 
your own better life index.

Although Figure 6-3 weights all topics equally, Figure 6-4 takes an extreme 
and places work-life balance as the most important topic and doesn’t consider 
anything else. Some countries move up and others move way down.

Note:  The OECD promotes policies to help 

improve economic and social well-being and 

compiles data for participating countries to esti-

mate progress. There are currently 34 member 

countries.

FIGURE 6-2  (facing page) World 
Progress Report (2010), http://
www​.flowingprints.com/
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FIGURE 6-3  Better Life Index (2011) by OECD, Moritz Stefaner, and Raureif, http://www.oecd​betterlifeindex.org/

The Better Life Index is meant to be explored and fiddled with. It can be scanned 
quickly but there’s a much better payout when you spend time with the inter-
active. The flower metaphor might not fit in with traditional statistical graphics, 
but it does make the data feel more tangible and relatable. You can also mouse 
over a country to see specific estimates for each topic, as shown in Figure 6-5.

So you need to strike a balance between function and uniqueness. Novel 
simply for the sake of novel can often make understanding of the data (which 
should always be your goal) difficult. However, unique forms that feed off the 
uniqueness of the data can help show what the numbers represent, other 
than their quantitative values.

VISUALIZING EVERYTHING

Sometimes a table is better. Sometimes it’s better to show numbers instead 
of abstract them with shapes. Sometimes you have a lot of data, and it makes 
more sense to visualize a simple aggregate than it does to show every data 
point. 

http://www.oecdbetterlifeindex.org/
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FIGURE 6-4  A custom Better Life Index

Imagine you run a fundraiser with a financial goal, and you receive hundreds 
of donations, so you have a data point for every donation: the dollar amount, 
who it’s from, and where each generous contributor lives. Although it might 
be interesting to see the distribution of donations, the total amount raised 
could be all that people care about. You don’t need to visualize data just 
because you have it.

You might also not have a lot of data to show. It’s possible (and likely) that 
the only numbers available are aggregates instead of raw data. You see this 
in magazines a lot, labeled as such and such “by the numbers” in a sidebar 
feature. It’s a bunch of numbers that represent different but related things, 
with different units. It’s okay to print the actual numbers.

For example, consider three estimates about the state of the world. Life expec-
tancy at birth is 70 years, the literacy rate of youth females ages 15 to 24 is 
87 percent, and the gross domestic product is approximately $70 trillion. You 
might be inclined to visualize this simply because there are numbers. Maybe 
you make something like Figure 6-6, but there isn’t a good reason for it because 
there aren’t any other values to compare to for each of the estimates.

FIGURE 6-5  Topic breakdowns 
for a country
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Instead, you could do something like Figure 6-7. Simply 
display the estimates. The point of visualization is to under-
stand relationships in data and patterns in data, so when you 
don’t have the data to do that, you don’t need to squeeze 
out something visual.

FIGURE 6-6  Visualization with-
out comparison

FIGURE 6-7  Just showing the 
numbers

MAKING THINGS PRETTY

It’s easy to say that a graphic is nice to look at but doesn’t provide insight. “It’s 
just a pretty picture.” The statement often assumes that there’s little return 
value when you make something beautiful, and that mechanical function is 
the only thing that matters when you design data graphics. It assumes that 
the only goal of visualizing data is analysis, but as a medium, visualization can 
also evoke feelings about a subject and encourage readers to ponder or simply 
appreciate the context of the data. Maybe memorability or nostalgia is the goal.

Aesthetics isn’t just a shiny veneer that you slap on at the last minute. It rep-
resents the thought you put into a visualization, which is tightly coupled with 
clarity and affects interpretation.

Note:  Some might argue that the figure with 

shapes and colors is more “visually compelling,” 

but in this case, it’s just fluff that fills space. 

Actually, you might argue whether three unre-

lated data points require a graphic at all.
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For example, as shown in Figure 6-8, Nicolas Garcia Belmonte visualized 
wind patterns in the United States based on data from the National Weather 
Service. The interactive animation shows the last 72 hours of wind motion. 
Lines represent wind direction, the radius of circles represents speed, and hue 
represents temperature. Each mark is a weather station, which you can mouse 
over for additional details.

In contrast, Martin Wattenberg and Fernanda Viégas also visualized wind 
patterns using the same data, but with a different look and feel, as you saw in 
Chapter 1, “Understanding Data,” and shown in Figure 6-9. Higher line density 
and longer segments represent greater wind speeds.

The first map is modular showing a circle for each of 1,200 weather stations. 
It feels like an exploratory tool. The second map interpolates wind paths and 
feels more like an art piece that you sit back and digest. Both provide similar 
insights and help you infer current wind patterns, but because the former 
is more tool-like, you might approach the data with an analytical mindset, 
whereas you might approach the latter like you would a painting in an art 
gallery. 

FIGURE 6-8  United States 
Wind Patterns (2012) by Nicolas 
Garcia Belmonte, http://www​
.senchalabs.org/philogl/PhiloGL/
examples/winds/

http://www.senchalabs.org/philog/PhiloGL/examples/winds
http://www.senchalabs.org/philog/PhiloGL/examples/winds
http://www.senchalabs.org/philog/PhiloGL/examples/winds
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FIGURE 6-9  Wind Map (2012) by Fernanda Viégas and Martin Wattenberg, http://hint.fm/wind/

This applies to more basic charts, too. I used to make graphics for a data-ish 
comic of sorts called Data Underload on FlowingData, and it was mostly an 
excuse to play with colors and shapes. They were more conceptual than they 
were based on real data but were designed as if they were based on real data. 

For example, Figure 6-10 is a chart that shows imaginary sleep schedules based 
on age. The information from WebMD was used for the average amount of 
sleep, but the start and end times were just guesses. It was mostly for my 
amusement, but some confused the chart for one that showed real data. A 
major news publication even wanted to publish a version of the graphic, until 
I explained that it was a comic.

Had the chart been drawn with pen on the back of a napkin, as shown in 
Figure 6-11, the reader interpretation would be different. It looks far less serious 
and would confuse fewer people.

http://hint.fm/wind/
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FIGURE 6-10  Sleep Schedule 
(2010), http://datafl.ws/22

At the end of the day, looks matter. After all, visualization is, well, visual, so 
people judge based on what you show and how you show it. Often, a poor 
chart doesn’t mean poor analysis, but many people see it this way, regardless 
of whether it’s right.

People buy things (or at least look at them more closely) in a store based on 
looks, and the same thing applies to visualization. For example, Figure 6-12 
shows graphs with the same data, but they look different. If you had to read 
a report filled with graphs, which aesthetic would you choose?

That said, thoughtful aesthetics doesn’t compensate for visu-
alization with a poor foundation (the data). You need both 
sound analysis and design that considers your objectives 
and your audience. Without the former, you just have pretty 
pictures, and without the latter, you have software output.

Note:  As you know, beauty is in the eye of 

the beholder, so a visualization with software 

defaults can look great. The beauty is in the 

data. A text file of numbers can be beautiful, 

but that inner beauty isn’t obvious to everyone. 

FIGURE 6-9  Wind Map (2012) by Fernanda Viégas and Martin Wattenberg, http://hint.fm/wind/

http://datafl.ws/22
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FIGURE 6-11  A rough sketch 
rather than a polished graphic

THE RULES

If you’ve looked up the how-to’s of visualization, you’ve no doubt come across 
plenty of “rules.” There are books that are nothing but do’s and don’ts for 
your graphics, and a common mistake is to assume that these apply to all 
visualization when they are written for specific applications, such as analysis, 
reports, or presentations.

FIGURE 6-12  Same data and graph with different aesthetics
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“There are no hard rules, but, as in any skill-based profession, there 
are some things that work better than others, and as for any cultural 
activity, you are not acting in the void, but in an established set of 
conventions, expectations and common knowledge.”

—Moritz Stefaner

This isn’t to say that these rules are wrong. You just have to know when they 
apply and keep in mind that most visualization rules are generalizations. 
Don’t follow them blindly, or you might as well get a computer to do all the 
work for you.

One frequently voiced rule is to show only what is useful and to strip out the 
rest, which often leads people to believe that you should always make stripped 
down, almost barebones charts. However, what is considered useful? That 
depends on your goals. For example, Santiago Ortiz visualized six seasons of 
the show Lost, as shown in Figure 6-13. 

FIGURE 6-13  Lostalgic (2012) 
by Santiago Ortiz, http://moebio​
.com/lostalgic

http://moebio.com/lostalgic
http://moebio.com/lostalgic
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Each row represents an act and each profile picture is shown whenever the 
corresponding character says something. It might have been more efficient 
to represent each act as a bar chart, but that was not the goal of Lostalgic. 
Although you can certainly draw insights about character relationships and inter-
actions, the purpose of the interactive is to provide a new look into the show 
that fans can use to rewind and fast forward to the episodes they enjoyed most. 

The details made the show fun to watch, so without them, the exploratory 
visualization would not be as interesting to the audience it was intended for.

So although visualization rules are fine for guidance and to 
ensure that others interpret your work correctly, you still 
must decide when the rules apply and to what degree you 
should follow them.

When you first learn visualization, it’s good to learn the 
rules of perception, structure, and layout. When you learn to 
write, there are rules for grammar, sentence and paragraph 

structure, and punctuation. This ensures that people can understand your 
words. Whereas with visualization, you want to help people decode visual 
cues to understand data; with writing you want to help people translate your 
words to complete thoughts. However, as you write more or read your favor-
ite authors—even though a lot of the grammar stays intact—the rules don’t 
always need to be followed with an iron fist. Visualization, which is essentially 
a visual language of data, works the same way.

PRESENT DATA TO PEOPLE

With misconceptions out of the way, now consider the groups of people who 
look at your graphics. Visualizing data for various audiences means different 
goals that depend on what you want people to see and interpret. Accuracy and 
truth should always top your list of objectives, but this comes in many visual 
forms as you present to one person, a hundred people, a thousand, or a million.

JUST YOU

This is an exciting part of the visualization process. Not only is it when you 
get to explore your data to figure out what it represents and what it means, 
but it’s also when you get to play with shapes, colors, and layouts to see what 

Note:  More often than not visualization 

rules are actually strong suggestions or make 

assumptions about what you want to visualize 

your data for. Keep these suggestions in mind 

as you design data graphics, but also use your 

own judgment to decide what works best for 

your goals.
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works and doesn’t. It’s always a little different for each dataset, so you learn 
something new every time.

You might tend to create charts in a rapid fire fashion during the exploration 
phase. You want to know what the data is about and if there are any angles 
you should explore in depth. Layout and aesthetics is of little concern at this 
point, whereas efficiency and speed is what you need to look for. If there’s 
a lot of data or the dataset is complex, you shouldn’t be surprised to spend 
most of your time in this phase.

When you know what you want to show, you can figure out 
how you want to show it. You can start with paper before 
you mess around on the computer, so you need to have a 
notebook within arm’s reach. Sketch, scribble, and jot down 
notes for what you think might be useful, and then try to 
translate that through the computer.

Sketching on paper can provide a separation between what you want to do 
and the limitations or technical challenges imposed by a computer. It’s good 
to have limitations in mind, but it’s better (and easier) to have a lot of ideas 
and then dial back to fit within digital limits and time constraints than it is to 
restrict work to what you know how to do on a computer.

Use the tools that work best for you. Then learn all you can 
about your data through exploration and analysis. Use your 
findings to guide design.

A SPECIFIC AUDIENCE

The main challenge of visualization for an audience is that you must make sure 
readers can make the leaps from encoding to decoding to understanding the 
data. If your audience is already familiar with the background behind your data 
or has perhaps even worked with it, the barriers to get to each step are lower.

You can take readers through your analysis or the graphics 
you created during the exploration phase, and it probably 
won’t be a stretch that most can follow your logic. 

However, because you are presenting data to others, con-
sider how they will examine your work. When you’re the only audience, you 
design for one person, one distance, and one computer screen or piece of 
paper. When there are others in the mix, there is variability. People have 

Note:  More formal analyses happen during 

this time, too. It’s an iterative process in which 

visualization informs statistical methods and 

vice versa. The more you learn about your data 

during this phase, the more you have to say to 

an audience. 

Note:  You tell the computer what to do—not 

the other way around.

Note:  You have some leeway if your audience 

is familiar with your data and analyses, but it’s 

better to explain too much than too little.
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different backgrounds, printers, and screen resolutions, and although it’s 
often hard to accommodate for everyone, you can at least try to account for 
as many situations as you can—within reason, of course.

For example, when you give a slide presentation, there are people who sit in 
the front, in the middle, and in the back. Start with the suggestions from the 
previous chapter on clarity, but consider how people in the back will see your 
graphics versus those in the front. As shown in Figure 6-14, a graphic might 
look fine up close but unreadable from far away. 

Design your graphics for just those in the front, and those in the back might 
not see, but design for those in the back, and everyone can see. This seems 
obvious, but how many times have you seen a presentation where the speaker 
says, “You probably can’t see this, but….” and then goes on to explain as if 
you did?

FIGURE 6-14  How a chart might 
look from variable distance

A WIDER AUDIENCE

Designing data graphics gets tricky as your audience grows. You have the 
same variables to consider as you do when you present to colleagues, but the 
range of each variable also increases. Screen resolution can go from mobile 
phone to giant monitor, and people can easily take your graphics outside the 
context of a report or a slide deck and post it on their website. 

Most important, the range of data literacy and familiarity with your data’s 
context is much wider when you design graphics for a general audience. 
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This doesn’t mean you have to dumb down your visualization or limit what 
you show, but you do have to make sure you explain complex concepts within 
a human context. Avoid jargon and present the data in a way that is relatable 
and doesn’t require a doctorate in statistics to understand.

For example, information visualization firm Periscopic visualized polar bear 
population, habitat, and threat information in the interactive State of the Polar 
Bear. It shows the data from various angles and lets you explore the data by 
space and time, or rather provides an overview story that you can interact with 
for more details. Figure 6-16 is the initial view, which shows subpopulations rec-
ognized throughout the circumpolar Arctic by the Polar Bear Specialist Group. 

You can see detailed information when you click on a region, as shown in 
Figure 6-16. There are other areas of the interactive to explore (which you 
should do) but the takeaway is that the source material, which is the results 
of a collaborative effort across several countries, could potentially confuse 
readers. However, layers of interaction take you through the data, and ample 
context from researchers help explain what you see.

FIGURE 6-15  State of the Polar Bear (2012) by Periscopic, http://pbsg.npolar.no/en/dynamic/app/

http://pbsg.npolar.no/en/dynamic/app/
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FIGURE 6-16  More details on a region

Although Polar Bear is interactive, the same can be done with static visu-
alization. Create multiple graphics and present them sequentially. Think of 
it as a tour through data, and you’re the guide who points to and explains 
interesting facets.

THINGS TO CONSIDER

Put yourself in the tourists’ position. You’re on a tour of a city where historic 
things have occurred over the centuries. What do you want out of your tour 
guide? You want him to tell you about when and where events occurred, 
maybe what the people were like at the time, or why that building is colored 
and labeled in that weird way. You don’t mind that the guide injects his per-
sonality into the tour, but you want him to stay on course and stick to the 
subject that you paid to hear about. Above all else, you hope that the guide 
tells you the truth and doesn’t make up content on the spot. If he doesn’t 
know an answer to a question, he should say so.
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As the tour guide of data, you assume similar responsibilities. It’s your job to 
point out the direction of interest, provide background, make sure you don’t 
confuse, and keep focus. The extent that you provide these to readers varies 
by who your readers are, but above all else, you must show the truth.

DATA BACKGROUND

Remember my wedding photos in Chapter 1? At first it was foreign—a picture 
plucked out of context—but as I told you more, it felt real, and you had a better 
sense of what happened that day. Apply this more generally to visualization, 
and it’s easier for people to understand the data. Show people a graph out 
of context, and it’s more difficult to interpret.

For example, look at Figure 6-17. This is a map from the live flight tracking 
site FlightAware. From the flight information page, I can tell you this was 
flight N48DL on April 19, 2012, from Slidell, Louisiana to Sarasota, Florida. The 
duration of the flight was 4 hours and 23 minutes.

Other than what looks like a broken flight tracker, there doesn’t seem to be 
anything notable about this map. However, the full story is that this is the flight 
path of a small plane that circled over the Gulf of Mexico for more than 2 hours 
and eventually sank in the ocean. The pilot was unresponsive. Suddenly, the 
map means something else.

Sometimes, when you work with a dataset for a while, it’s 
easy to forget that others aren’t as familiar with it as you are. 
When you know all the intimate details, it’s hard to step back 
and remember what it was like when you first opened up a 
file or database—just a bunch of numbers. However, that’s 
where a lot of people are when they look at a visualization, 
so bring them up to speed.

GUIDANCE FOR CONCEPTS

This is mentioned in the previous chapter, but it’s worth another look, more 
broadly speaking. Statistical graphics used for data exploration and designed 
by statisticians can be great tools and are the foundation of plenty of fine 
graphics. The challenge with a general audience though is that you have to 
put yourself in the place of those who don’t work with data for a living. It’s 
not enough to simply expect people to know what you do.

Note:  The best way to learn where people 

are is to show your work to those who don’t 

know your data. You get an immediate sense of 

understanding just from first impressions.
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FIGURE 6-17  A flight from Slidell, Louisiana to Sarasota, Florida, according to FlightAware, http://flightaware.com/live/flight/N48DL

Even those who do work with data might not be familiar with a chart type or look 
for the same visual features that you might. During my second year of graduate 
school, my professor showed us a line chart with an upward trend, and he asked 
if there was anything peculiar about it. No one had an answer because all we 
saw was a line headed to the upper right. But then he pointed out a small blip 
in the line, and that turned out to be the focal point of the chart. By then I had 
seen my fair share of charts, so I was surprised that the blip didn’t occur to me, 
but after the professor pointed it out, the spot on the chart seemed obvious.

So consider what your audience knows and doesn’t, and what they need to 
know to understand your visualization. Basically, make sure they can decode 
the geometry and colors. This is vital because if they can’t decipher what a 
visualization means, purely from a bits to numbers standpoint, they can’t even 
get to the part where they relate to the data and form insights (see Figure 6-18).

http://flightaware.com/live/flight/N48DL
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Statistics education research shows that when grade school 
students first read graphs, they tend to focus on individual 
values. That is, they might comprehend that the height of a 
bar in a bar chart corresponds to a value, but they don’t make 
an immediate connection between all the bars. Comparison 
comes later and then aggregation. Distributions and multi-
variate relationships are advanced concepts.

FIGURE 6-18  Broken connections 
between visual cues, data, and 
what it represents

You can see how this corresponds to data literacy. It’s rela-
tively easy to understand minimums, maximums, and anec-
dotes, but it is trickier as you try to make comparisons within 
a population and form clusters. Finally, you must understand 
distributions before you can properly interpret variability.

Although findings are in the context of education, visualization for an audience 
is essentially teaching. This doesn’t mean you should avoid more advanced 
visualization methods completely, but when you do use them, explain how 
to read them and what they show. There will be fewer misunderstandings.

DATA NARRATIVE

Visualization is often framed as a medium for storytelling. The numbers are 
the source material, and the graphs are how you describe the source. When 
referring to stories or data narrative, I don’t mean novels (but great if that’s 
what you’re after). Rather, I mean statistical stories, as shown in Figure 6-19. 

It often helps to ask a question about the data and then try to answer that 
through the visualization. It gives you a place to start with the data and pro-
vides focus in a graphic. Also, a simple question often leads to other questions 
and insights that you might not have thought of.

Note:  Check out the article “Making Sense 

of Graphs” in the Journal for Research in 

Mathematics Education by Susan Friel, Frances 

Curcio, and George Bright for a good summary 

of how students comprehend graphs.

Note:  See the Annotation section in 

Chapter 5, “Designing for an Audience,” for 

examples of describing statistical concepts.

FIGURE 6-19  (following page) 
Statistical questions and possible 
outcomes
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When you have your story, instead of just arranging graphics in a way that looks 
good, talk about the data in a way that fits with the context of the report. For 
example, you can take readers through your analysis, from big picture down 
to details and notable data points, or you can go the other way, from case 
study to overall summary.

If the work is more like a reference than a story, you can 
split up the data into groups or categories. Maybe you have 
country-specific data. Categorize by region or development 
level, or you might just want to show the profile of each 
country arranged in alphabetical order. 

Again, it is all about how you think your audience will read your graphics, 
coupled with how you want your audience to read them.

The same goes for charts embedded within text, such as with reports or articles. 
Create continuity between your visualization and words. Often people make a 
hodge-podge of graphs, with little thought to how they relate, and crudely stitch 
them together. You end up with separate modules that you look at individually, 
but you usually want to read the series of graphs like you would an article.

Sometimes continuity is as simple as paying attention to where a graphic is 
placed within a body of text. For example, Figure 6-20 shows a generic layout for 
a report where graphics are placed in areas that are convenient space-wise, but 
references to the graphics within the text are on different pages. This requires 
that a reader flip forward in the report to see a figure after reading about it 
on the previous page or to go backward to reread the figure’s explanation.

In this case, it’s useful to design the figure so that it’s self-encapsulated. Readers 
can then glean information directly from a chart rather than referring to a 
previous page for what it means. 

This makes sense if you think about how people might read your report. Do 
they read the report from front to back, or do they scan the report first, looking 
at headers and figures, and then look closer if something seems interesting? 
Self-encapsulated charts make it easier for the scanning reader.

On the other hand, your paper might use a one-column lay-
out, as shown in Figure 6-21. This layout is common online. 
It’s easier to place figures within the flow of the text, rather 
than off to the side or on a separate page, so it might make 
more sense to explain in the body text rather than within 
the figure. This might provide a better flow to the report and 
make it more readable as a whole, whereas heavy annotation 
in the figure might actually break continuity.

Note:  In Chapter 1, you first went from single 

observation to an overview with the wedding 

photos, and later in the chapter, you went from 

the overview to more specific with crashes in 

the United States.

Note:  Flipping a page to read about a figure 

might not seem like much, but it can grow to be 

a bigger burden with longer reports and more 

figures.
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FIGURE 6-20  Generic report 
layout with separated figures 
and text

FIGURE 6-21  One-column layout 
for a report with embedded charts

Think of text and graphics as a single unit instead of separate parts. Use space 
in between words and figures to group and highlight, and apply a visual hier-
archy to the text as you would the annotation of a chart. Choose typography 
based on the entirety of the report rather than just the figures or the text, 
which again, can help maintain flow.

RELATABILITY

A great way for readers to connect with a visualization is to let readers see the 
data as it pertains to them. It’s not surprising that people spend more time 
interacting with data that they somehow see themselves in or can relate to 
their surroundings.

For example, the line graph in Figure 6-22 shows the probability of death 
within a year in the United States given your age. One line is for women and 
the other for men. There’s an upward trend overall that shows an increased 
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probability of death the older that you get, and for those who reach more 
than 120 years, the probability is near certainty.

There’s an immediate connection to the data because most people are aware 
of age and mortality. When you note the overall trend, you most likely looked 
at your own age and gender to find the corresponding probability. Maybe 
you noted the age of family members or friends. It’s easy to relate to the data.

Of course, you could take it a step further, and present the data completely in 
the context of the individual who looks at the graphic. Figure 6-23 is a differ-
ent angle that asks for your age before you see the overall picture and then 
shows only your estimated probability of death. The graph is shown below the 
individual percentage, so the same data is used and visualized the same way 
(eventually), but it focuses on the individual, which makes the data personal. 

FIGURE 6-22  Probability of death in a year
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FIGURE 6-23  Individual focus for 
greater relatability

Spatial data is also often easy to relate to. For example, Figure 6-24 shows 
screenshots from an interactive map that animates the growth of Wal-Mart 
stores in the United States. As with most online maps, you can pan and zoom, 
so as the animation plays, many people can zoom into where they live and wait 
for the nearest store to appear. It is like a form of verification, where people 
used themselves as a point of reference. Then they replay the animation to 
see the pattern of store openings.
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FIGURE 6-24  Relatability through physical location

During the exploration phase, it’s often beneficial to see an overview of the 
data first and then decide where to go from there. But you can also benefit 
moving the opposite direction. You actually see this often in news articles, 
where the writer starts with an anecdote to draw readers in and then zooms 
out for a broader point of view.

Of course, not all data offers an immediate connection. Maybe you have 
data about server status or voltage in a battery. Sometimes metaphors can 
be useful, but a point of reference is the main thing you’re after—something 
familiar to compare to. 
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PUTTING IT TOGETHER

Put everything together—from understanding data, to exploration, clarity, and 
adapting to an audience—and you get a general process for how to make data 
graphics. The amount of time and effort you spend in each phase varies by the 
data and what you want to do with it. For example, if there’s not much data 
to look at, you spend less time exploring, but if you have a lot of data, you 
most likely spend more time in exploration and iterate between the phases.

Now try this with an actual dataset. The Centers for Disease Control and 
Prevention (CDC) keeps track of obesity rates at the county level in the United 
States. You can download data from the site, which includes obesity rates from 
2004 through 2009 for each county. There are approximately 3,100 counties.

How have rates changed over the years? You probably know rates have 
increased, but by how much and with what variation in between years? Start 
with box plots to see the changing distributions, as shown in Figure 6-25. 
There’s clearly an annual increase (and a good bit of variation).

FIGURE 6-25  Comparing box 
plots to see changes over time
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You might want to see the specifics of each distribution though, so instead use 
histograms stacked on top of each other to compare, as shown in Figure 6-26 
Again, you can see that as a whole, obesity rates increased. Each distribution 
looks bell curve-ish, and the peak shifts right as you scan from top to bottom. 

Figure 6-27 is specific and shows a time series line for each county. Some trans-
parency is used so that areas in which there are many lines appear darker. So 
you see the distribution around the 20 to 30 range and an increasing trend. 
The black line shows the annual county median. 

Because you do have geographic data, it might be useful to see the data 
in map form, as shown in Figure 6-28. Darker shades of red indicate higher 
obesity rates. Are there any geographic patterns or clustering? It looks like 
the southeast has higher obesity rates than the rest of the country, and that 
pattern is more pronounced in later years.  

However, the nationwide increase isn’t especially obvious year-to-year. For 
example, the map for 2004 and 2005 look similar, except of course the 2005 
map is a little darker. There are two things that get in the way of making 
the differences more clear: county borders and a color scheme that doesn’t 
provide enough contrast. The former makes the map look lighter, especially 
on the east coast where counties are smaller, and the latter makes it harder 
to see differences between counties and by year. Figure 6-29 provides more 
contrast and removes county borders for a clearer look.

Are there counties that improved, as in decreased obesity rate, during the 
years? There must be. Figure 6-30 shows such counties highlighted in blue, 
but there aren’t any regional patterns. The blue looks randomly scattered 
across the country.

The key with weight of course is about the long term. There were only 51 coun-
ties out of 3,138 that had lower obesity rates in 2009 than in 2004. Figure 6-31 
highlights the improved counties in blue, and the results aren’t impressive.

It looks like it’s best to focus on the increase of obesity rate across the country. 
There wasn’t much decrease. However, even with the color scheme that has 
more contrast and removed borders, the maps shown in Figure 6-30 don’t 
make the annual changes that obvious. There’s change each year, but not 
that much. However, compare the map for 2004 against the one for 2009. The 
differences are much easier to see. What if the final graphic uses the map from 
2004 and the one from 2009? That seems to make for a better comparison, 
so go with that. 
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FIGURE 6-26  Exploring distribu-
tions to see changes over time
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FIGURE 6-27  Time series plot 
with transparency and explo-
ration of visual form

FIGURE 6-28  Annual maps for spatio-temporal comparisons
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FIGURE 6-29  Greater contrast and borders removed for more readable maps

FIGURE 6-30  Decreased obesity rate over the years, exploring binary color scheme
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Figure 6-32 shows some quick sketches for lay-
out. I thought about using the time series plots, 
but this data seemed better fit for maps over 
time. People most likely want to examine their 
own regions, and the time series obscures that.

Finally, Figure 6-33 is the final graphic. There’s 
a map for 2004 and another for 2009. The 
histogram underneath each map doubles as 
a legend for what range each shade of red 
represents.

Notice the process that resulted in the final 
graphic. Not every chart was used, and most of 
the time was spent figuring out what the data 
had to show. On FlowingData, readers often see 
a visualization they like and then ask me what 
software was used or how they can (quickly) 
make the same thing with their data. It’s just 
not that straightforward a lot of the time. You 
poke around, understand the data the best you 
can, and then produce.

WRAPPING UP

Regardless of the audience, you must step outside the dataset and consider 
what it represents in the real world. Don’t fall into the trap of thinking that 
data is just digital output that sits alone on a hard drive and isolated in a 
spreadsheet.

There’s a saying popularized by Mark Twain that perhaps gives statistics a 
bad name: “There are three kinds of lies: lies, damned lies, and statistics.” 
People often misinterpret this as that there’s dishonesty in numbers, but the 
lies don’t come from the numbers themselves. They stem from those who 
use data incorrectly or irresponsibly. As you present data to others, it’s your 
responsibility to show the truth.

Learn all you can about your data, and design your graphics based on those 
findings. After that, the smaller things tend to fall in place.

FIGURE 6-31  Time series version of maps in Figure 6-30 to look for patterns

FIGURE 6-32  (following page) 
Sketches for layout before moving 
on to final graphic
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FIGURE 6-33  Annotated and finalized graphic using findings from exploration





 7

Where to Go 
from Here
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Now that you’ve learned about data, how to represent it, explore it visually, 
enhance clarity, and design for an audience, the obvious next step is to put 
it into practice. Grab your data and visualize. 

Visualize with what though? There are lots of tools at your disposal. The one 
that’s best for you depends on your data and what you want to do with it, but 
most likely it’ll be some combination of the ones in this chapter. Some are good 
for quick looks at your data, whereas others are better for wider audiences.

VISUALIZATION TOOLS

There are two main groups of visualization solutions: nonprogrammatic and 
programmatic. The offerings for the former used to be restricted to a handful 
of programs, but as data resources grow, more click-and-drag tools spring up 
to help you understand your data. 

MICROSOFT EXCEL

The familiar spreadsheet software is universal and has been around for decades. 
Heck, the first time I used Excel was a couple of decades ago, and I still use it 
sometimes, if only because a lot of data is made available as an Excel spread-
sheet. It’s easy to highlight columns and make a few charts, so you can get a 
quick idea of what your data looks like. 

That said, I wouldn’t use Excel for thorough analysis or graph-
ics made for publication. It’s limited by the amount of data 
it can handle at once, and unless you know Visual Basic for 
Applications (VBA), the programming language built in to Excel, 
it can be a chore to reproduce charts for different datasets.

GOOGLE SPREADSHEETS

This is essentially Google’s version of Microsoft Excel, but it’s simpler and online. 
Figure 7-1 shows some of the charting options, but the online feature is the 
main plus because you can quickly access your data across different machines 
and devices, and you can collaborate via built-in chat and real-time editing.

You can also import HTML and XML files from the web using the importHTML and 
importXML functions, respectively, which is the main thing I use the application 

Note:  If you use Excel for the entire visualiza-

tion process, work with chart settings to improve 

clarity. Default settings rarely fit the bill.
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for. For example, you might find an HTML table on Wikipedia, but you 
want the data as a CSV file, so you use importHTML and then export the 
data from Google Spreadsheets. See more at http://drive.google.com/.

TABLEAU SOFTWARE

At the time of this writing, Tableau Software is the up-and-coming 
analysis software. If you want to dig deeper into your data than you 
can in Excel, without programming, this is a good place to look. As 
shown in Figure 7-2, the program is visually-based, and you can easily 
interact with your data as you find interesting spots to look at. The 
downside is that the software is pricey (with special pricing for students 
and nonprofits). It also runs only on Windows at this time, but there is 
an OS X version in the works.

FIGURE 7-2  Tableau Software

FIGURE 7-1  Chart options with Google 
Spreadsheets

http://drive.google.com/
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Tableau Public is free and enables you to put together dashboards with a 
variety of charts and publish online. Although, as the name suggests, you 
must make your data public and upload it to Tableau servers. See more at 
http://tableausoftware.com.

MANY EYES

Many Eyes is a project by IBM Research that enables you to upload datasets 
and explore your data via a wide variety of visualization tools, some traditional 
and others experimental. The site started in 2007 and updates stopped in 
2010 but remain online for public use. Like Tableau Public, the downside is 
that your data becomes public after you upload it to the servers. See more 
at http://many-eyes.com.

DATA-SPECIFIC TOOLS

The following software options cast a wide net in that they try to handle 
multiple data types and offer a wide variety of visualizations. This is great for 
analysis and exploration because they enable you to quickly see your data 
from different angles. However, sometimes it’s better to specialize and do 
one thing well.

Gephi

If you’ve ever seen a network graph or a visualization with a bunch of edges 
and nodes (that might or might not have looked like a hairball), most likely 
it was made with Gephi (shown in Chapter 2, “Visualization: The Medium”). 
It’s open-source graphing software that enables you to interactively explore 
networks and hierarchy. See more at http://gephi.org.

ImagePlot

As you saw in Chapter 2, ImagePlot Software Studies Lab at California Institute 
for Telecommunication and Information enables you to explore large sets 
of images as if they were data points. Plot by color, time, or volume to, for 
example, explore the trends and changes of an artist or photo collection. See 
more at http://lab.softwarestudies.com/p/imageplot.html.

http://tableausoftware.com
http://many-eyes.com
http://gephi.org
http://lab.softwarestudies.com/p/imageplot.html


Visualization Tools  |  281

Treemap

There are a number of ways to make treemaps, but the interactive software 
by the University of Maryland Human-Computer Interaction Lab is the original 
and is free to use. As you saw in Chapter 3, “Representing Data,” treemaps 
(developed by Ben Shneiderman in 1991) are useful for exploring hierarchical 
data in a small space. The Hive Group also develops and maintains a commer-
cial version for businesses. See more at: http://www.cs.umd.edu/hcil/treemap/.

TileMill

Not that long ago, custom maps used to be hard to make and highly techni-
cal, but various programs have made it relatively straightforward to design 
maps to your liking, for your needs, and with your data. TileMill, by mapping 
platform MapBox, is open source desktop software available for Windows, 
OS X, and Ubuntu. Just download and install the program, and then load a 
shapefile, as shown in Figure 7-3.

FIGURE 7-3  TileMill by MapBox
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In case you’re unfamiliar with shapefiles, it’s a file format that describes geo-
spatial data, such as polygons, lines, and points, and they’re easy to find online. 
For example, the United States Census Bureau provides shapefiles for roads, 
bodies of water, and blocks. See more at http://mapbox.com/tilemill/.

indiemapper

Figure 7-4 shows indiemapper, which is a free service provided by cartography 
group Axis Maps. Like TileMill, it enables you to create custom maps and map 
your own data, but it runs in the browser rather than as a desktop client. It’s 
straightforward to use, and there are plenty of examples to help you begin. 

FIGURE 7-4  indiemapper by Axis Maps

http://mapbox.com/tilemill/
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A favorite part of the application is that you can easily change map projects, 
which provide some guidance on what projection works better for your situ-
ation. See more at: http://indiemapper.com/.

GeoCommons

GeoCommons is similar to indiemapper, but it’s more focused on exploration 
and analysis. You can upload your own data or draw from the GeoCommons 
database and then interact with points and areas. You can also export data in 
a number of common data formats to import into other software. See more 
at: http://geocommons.com/.

ArcGIS

Before the previously mentioned mapping tools were available, ArcGIS was 
the primary mapping software for most people (and still is for many). It’s a 
feature-rich platform that enables you to do just about anything with maps. 
For most though, the basic subset of features is enough, so to avoid the hefty 
cost of the software, it’s probably best to try the free options first, and if those 
aren’t enough, try ArcGIS. See more at: http://arcgis.com/.

PROGRAMMING
Out-of-the-box software gets you up and running in a short amount of time, 
but the trade-off is that you’re using software that’s generalized in some way 
so that more people can use it with their own data. Also, if you want a new 
feature or method, you need to wait for someone else to implement it for you. 
On the other hand, you can visualize data to your specific needs and gain flex-
ibility when you can code. You’re the one who tells the computer what to do.

Obviously, the trade-off when you code is that it takes time 
to learn a new language, but after you get over the learning 
hump, the visualization process tends to move faster. It’s also 
grows easier to reproduce your work and apply it to other 
datasets as you build up your library and learn new things.

R

R is a language and environment for statistical computing and graphics. It 
was originally used mostly by statisticians but it has expanded its audience in 
recent years. There are plotting functions that enable you to make graphics 
with just a few lines of code, and often, one line can do the trick. Figure 7-5 
shows examples of what you can do.

Note:  Learning to program can seem intimi-

dating at first because the code seems odd and 

foreign, but think of it as learning a new lan-

guage. It’s confusing at first, but when you’re 

fluent you can communicate your thoughts 

clearly.

http://indiemapper.com/
http://geocommons.com/
http://arcgis.com/
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FIGURE 7-5  Graphics created in R
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R’s main strength is that it’s open source and many packages 
expand on the base distribution, which makes statistical 
graphics (and analysis) more straightforward, such as:

uu ggplot2: A plotting system based on the Leland 

Wilkinson’s grammar of graphics, which is a 

framework for statistical visualization.

uu network: Create network graphs with nodes and edges.

uu ggmaps: Visualization of spatial data on top of maps from Google 

Maps, OpenStreetMap, and others. It uses ggplot2.

uu animation : Build a gallery of images and string them together for 

an animation.

uu portfolio: Visualize hierarchical data with a treemap.

These are just a small sample. You can view and install packages easily via 
the package manager.

Most of the graphics for this book were produced in R and then refined in 
illustration software, discussed later in this chapter. In any case, if you’re new 
to code, and you want to make static graphics programmatically, R is a great 
place to start. See more at: http://r-project.org/.

JAVASCRIPT, HTML, SVG, AND CSS

Not long ago, you couldn’t do much visualization-wise that was native in the 
browser. You had to use Flash and ActionScript. But when Apple mobile devices 
didn’t have Flash on them, there was a quick rush forward toward JavaScript 
and HTML. The former is used to manipulate the latter, in addition to Scalable 
Vector Graphics (SVG). Cascading Style Sheets (CSS) are used to specify color, 
size, and other aesthetic features.

Figure 7-6 shows a few examples of visualization in JavaScript, but there’s a ton 
of flexibility to make what you want. You’re limited by your own imagination 
more than you are by the technology.

Whereas support in various browsers was inconsistent 
before, functionality is available now in modern browsers, 
such as Firefox, Safari, and Google Chrome (Internet Explorer 
is getting there) to make interactive visualization online.

Note:  Although you can write code and create 

graphics with the base distribution of R, many 

find the RStudio IDE to be helpful to keep code 

organized (http://www.rstudio.com/).

Note:  Things get even more interesting when 

you introduce interaction and animation to the 

mix. R was intended for static graphics, but it’s 

a different story in the browser with JavaScript.

http://r-project.org/
http://www.rstudio.com/
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FIGURE 7-6  Charts made with JavaScript

If it’s online and interactive, most likely the creator used JavaScript. You can 
start from scratch, but there are several visualization libraries that can make 
your life a lot easier:

uu Data-Driven Documents (D3), http://d3js.org/: This is one of the 

most, if not the most, popular JavaScript library for visualization. It 

was created by Michael Bostock and is actively developed. There 

are lots of examples to work off of and a growing community to 

find help.

http://d3js.org/:
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uu Raphaël, http://raphaeljs.com/: It’s not as data-centric as D3, but 

it’s lightweight and makes drawing vector graphics in the browser 

straightforward.

uu JavaScript InfoVis Toolkit, http://philogb.github.com/jit/: The doc-

umentation and examples aren’t as plentiful as the preceding two, 

but there’s enough available for you to start.

These libraries are the main ones, but there are many specialized libraries that 
can help with certain data types. Just do a search for the visualization that 
you’re interested in followed by “JavaScript” and you should find it quickly.

PROCESSING

Originally designed for artists, Processing is an open source 
programming language that uses a sketchbook metaphor 
to write code. If you’re new to programming, this is also a 
good place to start because a few lines of code can get you 
far, with lots of examples, libraries, books, and a large and 
helpful community that make Processing inviting.

FLASH AND ACTIONSCRIPT

This isn’t a popular solution anymore, but most computers have Flash installed 
on them, so at the time of this writing, it’s not completely bizarre to visualize 
data with Flash and ActionScript. However, technology seems to be shifting 
away from Flash for online applications, so if you’re new to visualization and 
programming, you might as well go with JavaScript. That said, if you do want 
to try your hand with ActionScript, check out Flare at http://flare.prefuse.org/.

PYTHON

Python is a more general programming language that isn’t geared toward 
graphics, but it’s commonly used for data processing and web applications. 

Note:  Processing compiles to Java applets, 

but there is also a JavaScript version of 

Processing at http://processingjs.org/. 

See more at http://processing.org/.

http://raphaeljs.com/:
http://philogb.github.com/jit/:
http://processingjs.org/
http://processing.org/
http://flare.prefuse.org/
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So it makes sense to explore data visually with Python if you’re already familiar 
with the language. Although the visualization offerings aren’t as extensive, the 
matplotlib library is a good place to start: http://matplotlib.org/. See more at 
http://python.org.

PHP

Like Python, PHP is a more general scripting language than R and Processing. 
It’s mostly for web programming. However, most web servers already have 
PHP installed, which takes care of the installation step for you. Plus, PHP has a 
graphics library, which means you can use it for visualization. Basically, if you 
can load data and draw shapes based on that data, you can create a visual-
ization. See more at http://us.php.net/gd.

ILLUSTRATION

Static graphics that look polished, especially ones that you see in newspapers 
and magazines, most likely went through illustration software at some point. 
Adobe Illustrator is the most popular one, but it can be expensive for people 
who don’t use it regularly or just want to touch up their charts. Inkscape is 
the open source alternative, and although it’s not quite as usable as Illustrator, 
it’s enough to get the job done.

I use Illustrator regularly, so although the software is mainly for designers 
and artists, it’s worth it for me. My typical workflow is to use R to create the 
foundation of a graphic, save charts as PDF files, and then bring them into 
Illustrator to change colors, add annotation, and rework to maximize clarity. 
You can, of course, customize in R, but I like to shift elements with point, click, 
and drag to see immediate changes.

See more at the following sites:

uu Adobe Illustrator, http://www.adobe.com/products/illustrator.html

uu Inkscape, http://inkscape.org
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STATISTICS

Finally, remember that regardless of application, the goal is to understand 
data, and when it comes to designing for an audience, it’s to help others 
understand. You can get a lot out of visualization, and often, it’s all that you 
need to figure out what your data is about.

However, as your data grows more complex in size, dimensions, and granular-
ity, visualization only gets you part of the way there. After all, there are only 
so many pixels on a screen, and eventually you run out of space. Statistics is 
helpful in dealing with sparse and missing data, too.

“For big data: Visualisation is fundamentally limited by the number of 
pixels you can pump to a screen. If you have big data, you have way 
more data than pixels, so you have to summarise your data. Statistics 
gives you lots of really good tools for this.”

—Hadley Wickham

When I tell people that I’m a statistician, their gut reaction is to tell me how 
much they hated their introduction to statistics course in college. But before 
your eyes roll out of your head as hypothesis testing and bell curves run 
through your imagination, trust me that statistics is a lot more than that. At 
the very least, it provides you with a wider point of view for what your data is 
about and how to sift through the text files and databases of numbers. Plus, 
it’s another tool to have in your back pocket.

Most schools offer statistics courses, but some open education sources also 
have a few offerings:

uu Coursera, https://www.coursera.org/

uu Udacity, http://www.udacity.com/

WRAPPING UP

I learned to cook the summer before my second year of college. I knew how 
to make only rice, which is a standard for most Asian children, and how to 

https://www.coursera.org/
http://www.udacity.com/
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microwave premade frozen goods. During my first year of college, I survived 
on dorm food and an unlimited supply of tater tots and soft-serve ice cream, 
so my mom was worried that I would have nothing to eat after I moved into 
an apartment the next year. My daily schedule also revolves around feeding 
time, so needless to say, I was eager to learn how to cook.

Each night that summer I stood in the kitchen with my mom, and she would 
demonstrate a technique, and then I would mimic her. I learned how to use 
a wok, manage heat, prepare my ingredients ahead of time, and magically 
ended up with a meal that didn’t taste horrible at the end of each session. 

During the first weeks of learning, I carefully watched my mom’s spatula 
movements, took note of ingredient proportions, and where to put dishware 
for plating. I tried to do everything exactly the same, and this worked well for 
the specific dishes that my mom had planned. Everything was laid out for me 
so that she could clearly explain each step. 

Then it was time for me to cook on my own. I looked up recipes, sometimes ones 
that used only the ingredients I had in the refrigerator or ones that required 
that I just grab a few from the grocery store. With measuring cup, spoon, and 
timer in hand, I followed each recipe to the teaspoon and the second. 

As I followed more recipes, I learned what ingredients tasted good (and gross) 
together, when a “teaspoon” meant “around one or three teaspoons, depending 
on what’s in the pot,” and most important, I learned why so many recipes end with 
“season to taste.” Why can’t someone just tell me the exact amount of seasoning 
to put? Because it varies by dish, even when you cook the same thing twice. 

That little change, based on taste, can make the food taste amazing, subpar, or 
even inedible. These little changes happen throughout the cooking process, 
and the sum of these changes is why you like that dish so much at that one 
restaurant across town.

Learning how to visualize data works in the same way. There are general rules 
and suggestions that you learn at first. You might follow them to a cue in 
the beginning, but as you work with more data and make more things, you 
shift and adjust based on what you have and what you see. Those shifts and 
adjustments are what make great visualization stand out from the rest. 

The goal is to get to the point where you can take any ingredients—your data—
and understand what they represent. The better you understand your data, 
the better you can help others understand. That’s how you get visualization 
that means something.
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