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Statistics column

Plot your data
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esson 3: Plot your data

Writers of statistics textbooks tend to copy other text-
ooks rather than draw on experience. This leaves a serious
ap: Techniques that are highly useful in practice are not
aught. With this series of columns I am trying to fill that
ap. The first column [1] pointed out that doing something
imperfect) is better than doing nothing. The second [2] was
bout the value of transforming your data.

A third neglected lesson about data analysis is plot your
ata. More precisely, make all reasonable graphs of your
ata. Make a histogram of every measurement (to see its
istribution), plot every measurement against its date, and
lot every measurement against every other measurement.
his is a good way to generate ideas.

To read almost any statistics textbook, even the best
e.g., Box et al. [3]), you’d think science was all about
esting ideas. It isn’t. Where do the tested ideas come from?
dea generation, which these books ignore, is just as im-
ortant as idea testing. One of the best ways to generate new
deas worth testing, I have found, is to make many graphs of
y data.
It is like searching for buried treasure. New ideas worth

esting are very valuable but hard to find. Only a tiny
raction (1%?) of the graphs I’ve made led to new ideas but
ome of those ideas had a big effect.

My graphs generated new ideas in two ways. 1) Causal-
ty. The graph suggested a cause–effect relation I hadn’t
hought of. 2) Simplicity. Something turned out to be sim-
ler than expected. Here are examples.

ausality

eight and sleep duration

Hoping to sleep better, I measured my sleep duration [4].
uring a routine analysis of the data, I plotted sleep duration

* Corresponding author. Tel.: �510-418-7753; fax: �267-222-4105.

dE-mail address: twoutopias@gmail.com (S. Roberts).

899-9007/09/$ – see front matter © 2009 Elsevier Inc. All rights reserved.
oi:10.1016/j.nut.2008.12.005
ersus date. The graph showed that my sleep duration had
harply decreased several months earlier, which I hadn’t
oticed. The sleep change occurred at exactly at the same
ime I’d lost weight by changing my diet. The dietary
hange was to eat less-processed food, food closer to its
atural state—to eat oranges instead of orange juice, for
xample. The upper panel of Figure 1 shows the decrease in
leep duration; the lower panel of Figure 1 shows the weight
oss. Before seeing these data, I’d never suspected that
eight controls sleep duration, nor had anyone else, as far

s I know. I later found other evidence for this [4]. In a
ircuitous way, the graph of sleep duration led to several
ore new ideas; the first was that breakfast caused early

wakening [4].

eward expectancy and bar-press duration

Learning research is often done with rats in Skinner boxes,
xperimental chambers with a bar that a rat can press and a
ellet dispenser. The rats press the bar to get food pellets.
igure 2 shows Skinner-box results from rats trained with a

ime-discrimination task called the peak procedure [5]. Usually
he box was dark and quiet. Now and then a light or white
oise went on. This marked the start of a trial. On most trials,
he rat’s first bar press more than 40 s later was rewarded, and
he signal went off. Earlier bar presses had no effect. For
xample, suppose a rat presses the bar 5, 22, 28, 36, and 37 s
fter the start of the trial. Nothing happens. Then it presses the
ar 42 s after the start of trial. This bar press causes the pellet
ispenser to dispense a food pellet and turns off the light,
nding the trial. On other trials, however, the signal lasted
uch longer than 40 s and no food was given. The upper panel

f Figure 2 shows bar-pressing rate as a function of time since
he start of the signal. Bar-pressing rate varied with time; it
eached a maximum around the time that reward was most
ikely. These results were what I expected. In contrast, I was
hocked by a parallel graph that showed bar-press duration
how long the rats held the bar down) as a function of time
ince the start of the signal (lower panel of Fig. 2). The first
ime I saw it I thought I’d made a mistake because it looked so

ifferent from the rate function. Eventually its shape made

mailto:twoutopias@gmail.com
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ense. The changes in mean bar-press duration reflected
hanges in the variability of the form of bar presses. The
istribution of bar-press duration was very skew (asymmetri-
al); as the distribution became wider (i.e., more variable), its
ean increased. When rats expected food less, the manner in
hich they pressed the bar became more variable. Eventually

his graph (lower panel of Fig. 2) led to a new idea about what
ontrols the variability of behavior and a new way to study it
5]. My colleagues and I have so far published two studies
ased on this idea [5,6].

implicity

ultiplicative relation

Another time-discrimination experiment of mine used
he same equipment as the experiment shown in Figure 2. It

ig. 1. Sleep duration over 5 y (upper panel) and weight loss over 4 mo
lower panel). Each point in the upper panel is a 10% trimmed mean over
4 d. The error bars are jackknife-derived SEs.

ig. 2. Bar-press rate (upper panel) and duration (lower panel) as a function
f time since the start of the signal. Points in the duration function are
nequally spaced along the time axis so that each point will represent
toughly the same number of bar presses.
ewarded rats for pressing a bar during one signal (light or
ound) and pulling a chain during another signal (sound or
ight). During both signals, only the first response (bar press
r chain pull) more than 60 seconds after the start of the
ignal was rewarded. At that point, when the reward (a food
ellet) was given, the signal (light or sound) went off and
here was a period of darkness and silence before the next
rial. Figure 3 shows half of the results—the bar-pressing
ata. The upper panel shows the time and signal discrimi-
ations that this procedure produced. The rats pressed the
ar more often as the time of reward approached; and they
ressed the bar more often during the bar-press signal than
uring the chain-pull signal. One day, just to see what
ould happen, I plotted bar-press rates during the bar-press

ignal against bar-press rates during the chain-pull signal.
he lower panel of Figure 3 shows the graph I made. Each
oint is a different time during the trial. To my surprise,
ost of the points fell on a straight line. This indicated that

ffects of time and signal combined in a proportional way;
n technical terms, the two factors, time and signal, had
ultiplicative effects. Saul Sternberg [7] had pointed out

ig. 3. (Upper panel) Bar-press rate as a function of time during two
ignals. During the bar-press signal, bar presses were rewarded. During the
hain-pull signal, bar presses were not rewarded. (Lower panel) Bar-press
ate during signal as a function of bar-press rate during the other signal.
ach point is a mean over six rats.
hat additive factors with reaction time could be explained
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y assuming that the underlying mechanism could be di-
ided into serially arranged parts. I realized that multipli-
ative factors with rate could be explained the same way. I
tarted to look for them and found several other examples
8]. The theoretical conclusions that these examples sug-
ested are supported by other lines of evidence [9].

ower-law distribution (or close to one)

I made a histogram of the bar-press durations from the
xperiment of Figure 2. I was surprised to see that with a
og-transformation of both axes (x, value; y, relative fre-
uency) most of the distribution was linear (Fig. 4). The two
ines in Figure 4 come from different parts of the trial
before and after the first response after 40 s). The remark-
ble feature of the data is the near linearity. Distributions
inear on a log-log scale are often called power-law distri-
utions; the technical name is Pareto distribution. They
ccur in a wide range of situations [10]; what those situa-
ions have in common suggests why the rat’s brain gener-
tes a near power-law distribution in this case [6].

iscussion

These examples reflect my research. Graphs can generate
deas in other ways. A project to ensure the quality of the
oints of a high-speed train track measured the current at the
ime they were welded together. A graph of current versus
ime of day showed that the current was higher at night. This
urprised the welders, who had assumed that the source of
urrent (the power grid) was constant [11]. A medical re-
earcher might make a histogram showing that a measure-
ent of disease has a bimodal distribution. This might

uggest that the disease has two different causes.
I have chosen extreme examples, cases where graphs led

o new theories and new research. Those are cases of ideas
ith a big impact. But, as Saul Sternberg commented on a
raft of this column, plotting any data is likely to give you

ig. 4. Distribution of bar-press distributions. Each point is a median over
6 rats. The two functions are before (early in trial) and after (late in trial)
he first bar-press more than 40 s after the start of the trial.
better mental picture of it. It will show unusual points, c
inearity, or bimodality. This could affect how you analyze
our data (what tests you do, what data you include in those
ests). I suspect a power-law distribution: a small fraction of
raphs have a big effect and a large fraction have a small but
on-zero effect.

I learned to plot my data from John Tukey’s Exploratory
ata Analysis [12]. Under its influence, I started plotting
y data a lot. Then something surprising happened: A few

f my graphs suggested new ideas—not just new ideas
bout my data, new ideas about how the world worked.
ukey’s book had said nothing about this. I eventually
rasped a larger point:

You should analyze your data two ways:

1. To test ideas you already have (mostly by doing
statistical tests).

2. To generate new ideas (mostly by making graphs).

Statistics texts, with a few exceptions (e.g., De Veaux
nd Velleman [13]), teach only the first way.

It wasn’t always like this. R. A. Fisher’s Statistical Meth-
ds for Research Workers [14], published in 1925, had a
hapter about graphs. Graphs are “no substitute for such
ritical tests as may be applied to the data,” wrote Fisher,
but are valuable in suggesting such tests” (p. 27). After
isher, interest in graphs disappeared from mainstream sta-

istics research until Exploratory Data Analysis (1977).
ore recently, William Cleveland of Bell Laboratories has

one much to promote and improve exploratory graphics
15,16], especially by inventing loess, a way to draw a line
hrough a scatterplot [17]. I use loess often (e.g., lower
anel of Fig. 1).

To almost all statisticians, however, the use of data to
enerate ideas is unfamiliar. They don’t talk or write about
t, and statistics texts don’t include it. The result is that
cientists are poorly taught, they analyze their data poorly,
nd a lot of buried treasure remains buried. I can think of
hree possible reasons for this unfortunate state of affairs. 1)
eparation of statistics professors from the practice of sci-
nce. Maybe they fail to understand the importance of idea
eneration. Most scientists realize you can’t test the ideas
ou already have forever. Eventually you need new ones.
ut I doubt they say this to statistics professors. 2) Difficulty
f finding examples. In my experience, examples of graphs
uggesting ideas with big consequences are rare. And they
ften require subject-matter knowledge to understand.
isher didn’t give any examples of graphs “suggesting such

ests.” 3) Lack of interest in idea generation among statis-
ics professors. Statistics professors may understand per-
ectly well the importance of idea generation but ignore it
ecause it doesn’t fit their research needs. Idea generation is
ard to study. It is unpredictable and episodic, with a long
ime between episodes (my examples span 25 y). However,
s Nassim Taleb has argued [18], to equate rare with un-
mportant is a huge mistake.

I thank Saul Sternberg and Andrew Gelman for helpful

omments.
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