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1. Preface
Exploratory data analysis is a bit difficult to describe in concrete definitive terms, but I
think most data analysts and statisticians know it when they see it. I like to think of it in
terms of an analogy.

Filmmakers will shoot a lot of footage when making a movie or some film production,
not all of which will be used. In addition, the footage will typically not be shot in the
order that the storyline takes place, because of actors’ schedules or other complicating
factors. In addition, in some cases, it may be difficult to figure out exactly how the story
should be told while shooting the footage. Rather, it’s sometimes easier to see how the
story flows when putting the various clips together in the editing room.

In the editing room, the director and the editor can play around a bit with different
versions of different scenes to see which dialogue sounds better, which jokes are funnier,
or which scenes aremore dramatic. Scenes that just “don’t work”might get dropped, and
scenes that are particularly powerful might get extended or re-shot. This “rough cut” of
the film is put together quickly so that important decisions can be made about what
to pursue further and where to back off. Finer details like color correction or motion
graphics might not be implemented at this point. Ultimately, this rough cut will help the
director and editor create the “final cut”, which is what the audience will ultimately view.

Exploratory data analysis is what occurs in the “editing room” of a research project
or any data-based investigation. EDA is the process of making the “rough cut” for a
data analysis, the purpose of which is very similar to that in the film editing room.
The goals are many, but they include identifying relationships between variables that
are particularly interesting or unexpected, checking to see if there is any evidence for
or against a stated hypothesis, checking for problems with the collected data, such as
missing data or measurement error), or identifying certain areas where more data need
to be collected. At this point, finer details of presentation of the data and evidence,
important for the final product, are not necessarily the focus.

Ultimately, EDA is important because it allows the investigator tomake critical decisions
aboutwhat is interesting to followup on andwhat probably isn’t worth pursuing because
the data just don’t provide the evidence (andmight never provide the evidence, evenwith
followup). These kinds of decisions are important tomake if a project is tomove forward
and remain within its budget.

This book covers some of the basics of visualizing data in R and summarizing high-
dimensional data with statistical multivariate analysis techniques. There is less of an
emphasis on formal statistical inference methods, as inference is typically not the focus



Preface 2

of EDA. Rather, the goal is to show the data, summarize the evidence and identify
interesting patterns while eliminating ideas that likely won’t pan out.

Throughout the book, we will focus on the R statistical programming language. We
will cover the various plotting systems in R and how to use them effectively. We will
also discuss how to implement dimension reduction techniques like clustering and the
singular value decomposition. All of these techniques will help you to visualize your data
and to help you make key decisions in any data analysis.



2. Principles of Analytic Graphics
Watch a video of this chapter1.

The material for this chapter is inspired by Edward Tufte’s wonderful book Beautiful
Evidence, which I strongly encourage you to buy if you are able. He discusses how tomake
informative and useful data graphics and lays out six principles that are important to
achieving that goal. Some of these principles are perhapsmore relevant tomaking “final”
graphics as opposed to more “exploratory” graphics, but I believe they are all important
principles to keep in mind.

2.1 Show comparisons

Showing comparisons is really the basis of all good scientific investigation. Evidence
for a hypothesis is always relative to another competing hypothesis. When you say
“the evidence favors hypothesis A”, what you mean to say is that “the evidence favors
hypothesis A versus hypothesis B”. A good scientist is always asking “Compared to
What?” when confronted with a scientific claim or statement. Data graphics should
generally follow this same principle. You should always be comparing at least two things.

For example, take a look at the plot below. This plot shows the change in symptom-free
days in a group of children enrolled in a clinical trial2 testing whether an air cleaner
installed in a child’s home improves their asthma-related symptoms. This study was
conducted at the Johns Hopkins University School of Medicine and was conducted in
homes where a smoker was living for at least 4 days a week. Each child was assessed
at baseline and then 6-months later at a second visit. The aim was to improve a child’s
symptom-free days over the 6-month period. In this case, a higher number is better,
indicating that they had more symptom-free days.

1https://youtu.be/6lOvA_y7p7w
2http://www.ncbi.nlm.nih.gov/pubmed/21810636

https://youtu.be/6lOvA_y7p7w
http://www.ncbi.nlm.nih.gov/pubmed/21810636
https://youtu.be/6lOvA_y7p7w
http://www.ncbi.nlm.nih.gov/pubmed/21810636
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Change in symptom-free days with air cleaner

There were 47 children who received the air cleaner, and you can see from the boxplot
that on average the number of symptom-free days increased by about 1 day (the solid
line in the middle of the box is the median of the data).

But the question of “compared to what?” is not answered in this plot. In particular, we
don’t know from the plot what would have happened if the children had not received the
air cleaner. But of course, we do have that data and we can show both the group that
received the air cleaner and the control group that did not.
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Change in symptom-free days by treatment group

Herewe can see that on average, the control group children changed very little in terms of
their symptom free days. Therefore, compared to children who did not receive an air cleaner,
children receiving an air cleaner experienced improved asthma morbidity.

2.2 Show causality, mechanism, explanation,
systematic structure

If possible, it’s always useful to show your causal framework for thinking about a
question. Generally, it’s difficult to prove that one thing causes another thing even with
the most carefully collected data. But it’s still often useful for your data graphics to
indicate what you are thinking about in terms of cause. Such a display may suggest
hypotheses or refute them, but most importantly, they will raise new questions that can
be followed up with new data or analyses.
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In the plot below, which is reproduced from the previous section, I show the change in
symptom-free days for a group of children who received an air cleaner and a group of
children who received no intervention.

Change in symptom-free days by treatment group

From the plot, it seems clear that on average, the group that received an air cleaner
experienced improved asthma morbidity (more symptom-free days, a good thing).

An interesting question might be “Why do the children with the air cleaner improve?”
This may not be the most important question—you might just care that the air cleaners
help things—but answering the question of “why?” might lead to improvements or new
developments.

The hypothesis behind air cleaners improving asthma morbidity in children is that the
air cleaners remove airborne particles from the air. Given that the homes in this study
all had smokers living in them, it is likely that there is a high level of particles in the air,
primarily from second-hand smoke.

It’s fairly well-understood that inhaling fine particles can exacerbate asthma symptoms,
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so it stands to reason that reducing the presence in the air should improve asthma
symptoms. Therefore, we’d expect that the group receiving the air cleaners should on
average see a decrease in airborne particles. In this case we are tracking fine particulate
matter, also called PM2.5 which stands for particulate matter less than or equal to 2.5
microns in aerodynamic diameter.

In the plot below, you can see both the change in symptom-free days for both groups
(left) and the change in PM2.5 in both groups (right).

Change in symptom-free days and change in PM2.5 levels in-home

Nowwe can see from the right-hand plot that on average in the control group, the level of
PM2.5 actually increased a little bit while in the air cleaner group the levels decreased on
average. This pattern shown in the plot above is consistent with the idea that air cleaners
improve health by reducing airborne particles. However, it is not conclusive proof of this
idea because there may be other unmeasured confounding factors that can lower levels
of PM2.5 and improve symptom-free days.

2.3 Show multivariate data

The real world is multivariate. For anything that you might study, there are usually
many attributes that you can measure. The point is that data graphics should attempt
to show this information as much as possible, rather than reduce things down to one or
two features that we can plot on a page. There are a variety of ways that you can show
multivariate data, and you don’t need to wear 3-D glasses to do it.
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Here is just a quick example. Below is data on daily airborne particulate matter (“PM10”)
in New York City and mortality from 1987 to 2000. Each point on the plot represents
the average PM10 level for that day (measured in micrograms per cubic meter) and
the number of deaths on that day. The PM10 data come from the U.S. Environmental
ProtectionAgency and themortality data come from theU.S.National Center forHealth
Statistics.

PM10 andmortality in New York City

This is a bivariate plot showing two variables in this dataset. From the plot it seems that
there is a slight negative relationship between the two variables. That is, higher daily
average levels of PM10 appear to be associated with lower levels of mortality (fewer
deaths per day).

However, there are other factors that are associatedwith bothmortality andPM10 levels.
One example is the season. It’s well known thatmortality tends to be higher in thewinter
than in the summer. That can be easily shown in the following plot of mortality and date.
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Daily mortality in New York City

Similarly, we can show that inNewYorkCity, PM10 levels tend to be high in the summer
and low in the winter. Here’s the plot for daily PM10 over the same time period. Note
that the PM10 data have been centered (the overall mean has been subtracted from them)
so that is why there are both positive and negative values.
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Daily PM10 in New York City

From the two plots we can see that PM10 and mortality have opposite seasonality with
mortality being high in the winter and PM10 being high in the summer. What happens
if we plot the relationship between mortality and PM10 by season? That plot is below.

PM10 andmortality in New York City by season

Interestingly, before, when we plotted PM10 and mortality by itself, the relationship
appeared to be slightly negative. However, in each of the plots above, the relationship is
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slightly positive. This set of plots illustrates the effect of confounding by season, because
season is related to both PM10 levels and to mortality counts, but in different ways for
each one.

This example illustrates just one ofmany reasonswhy it can be useful to plotmultivariate
data and to show as many features as intelligently possible. In some cases, you may
uncover unexpected relationships depending on how they are plotted or visualized.

2.4 Integrate evidence

Just because you may be making data graphics, doesn’t mean you have to rely solely
on circles and lines to make your point. You can also include printed numbers, words,
images, and diagrams to tell your story. In other words, data graphics should make use
of many modes of data presentation simultaneously, not just the ones that are familiar
to you or that the software can handle. One should never let the tools available drive the
analysis; one should integrate as much evidence as possible on to a graphic as possible.

2.5 Describe and document the evidence

Data graphics should be appropriately documented with labels, scales, and sources. A
general rule for me is that a data graphic should tell a complete story all by itself. You
should not have to refer to extra text or descriptions when interpreting a plot, if possible.
Ideally, a plot would have all of the necessary descriptions attached to it. You might
think that this level of documentation should be reserved for “final” plots as opposed to
exploratory ones, but it’s good to get in the habit of documenting your evidence sooner
rather than later.

Imagine if you were writing a paper or a report, and a data graphic was presented to
make the primary point. Imagine the person you hand the paper/report to has very little
time and will only focus on the graphic. Is there enough information on that graphic for
the person to get the story? While it is certainly possible to be too detailed, I tend to err
on the side of more information rather than less.

In the simple example below, I plot the same data twice (this is the PM10 data from the
previous section of this chapter).
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Labelling and annotation of data graphics

The plot on the left is a default plot generated by the plot function in R. The plot on
the right uses the same plot function but adds annotations like a title, y-axis label, x-axis
label. Key information included is where the data were collected (NewYork), the units of
measurement, the time scale of measurements (daily), and the source of the data (EPA).

2.6 Content, Content, Content

Analytical presentations ultimately stand or fall depending on the quality, relevance,
and integrity of their content. This includes the question being asked and the evidence
presented in favor of certain hypotheses. No amount of visualization magic or bells and
whistles can make poor data, or more importantly, a poorly formed question, shine with
clarity. Starting with a good question, developing a sound approach, and only presenting
information that is necessary for answering that question, is essential to every data
graphic.

2.7 References

This chapter is inspired by the work of Edward Tufte. I encourage you to take a look at
his books, in particular the following book:

EdwardTufte (2006).Beautiful Evidence, Graphics Press LLC.www.edwardtufte.com3

3http://www.edwardtufte.com

http://www.edwardtufte.com/
http://www.edwardtufte.com/
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