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Preface

When attempting to make sense of data, statisticians are invariably motivated by causal
questions. For example, “How effective is a given treatment in preventing a disease?”;
“Can one estimate obesity-related medical costs?”; “Could government actions have pre-
vented the financial crisis of 2008?”; “Can hiring records prove an employer guilty of sex
discrimination?”
The peculiar nature of these questions is that they cannot be answered, or even articulated, in

the traditional language of statistics. In fact, only recently has science acquired a mathematical
language we can use to express such questions, with accompanying tools to allow us to answer
them from data.
The development of these tools has spawned a revolution in the way causality is treated

in statistics and in many of its satellite disciplines, especially in the social and biomedical
sciences. For example, in the technical program of the 2003 Joint Statistical Meeting in San
Francisco, there were only 13 papers presented with the word “cause” or “causal” in their titles;
the number of such papers exceeded 100 by the Boston meeting in 2014. These numbers rep-
resent a transformative shift of focus in statistics research, accompanied by unprecedented
excitement about the new problems and challenges that are opening themselves to statistical
analysis. Harvard’s political science professor Gary King puts this revolution in historical per-
spective: “More has been learned about causal inference in the last few decades than the sum
total of everything that had been learned about it in all prior recorded history.”
Yet this excitement remains barely seen among statistics educators, and is essentially absent

from statistics textbooks, especially at the introductory level. The reasons for this disparity is
deeply rooted in the tradition of statistical education and in how most statisticians view the
role of statistical inference.
In Ronald Fisher’s influential manifesto, he pronounced that “the object of statistical

methods is the reduction of data” (Fisher 1922). In keeping with that aim, the traditional task
of making sense of data, often referred to generically as “inference,” became that of finding
a parsimonious mathematical description of the joint distribution of a set of variables of
interest, or of specific parameters of such a distribution. This general strategy for inference is
extremely familiar not just to statistical researchers and data scientists, but to anyone who has
taken a basic course in statistics. In fact, many excellent introductory books describe smart
and effective ways to extract the maximum amount of information possible from the available
data. These books take the novice reader from experimental design to parameter estimation
and hypothesis testing in great detail. Yet the aim of these techniques are invariably the
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description of data, not of the process responsible for the data. Most statistics books do not
even have the word “causal” or “causation” in the index.
Yet the fundamental question at the core of a great deal of statistical inference is causal; do

changes in one variable cause changes in another, and if so, how much change do they cause?
In avoiding these questions, introductory treatments of statistical inference often fail even to
discuss whether the parameters that are being estimated are the relevant quantities to assess
when interest lies in cause and effects.
The best that most introductory textbooks do is this: First, state the often-quoted aphorism

that “association does not imply causation,” give a short explanation of confounding and how
“lurking variables” can lead to a misinterpretation of an apparent relationship between two
variables of interest. Further, the boldest of those texts pose the principal question: “How can
a causal link between x and y be established?” and answer it with the long-standing “gold stan-
dard” approach of resorting to randomized experiment, an approach that to this day remains
the cornerstone of the drug approval process in the United States and elsewhere.
However, given that most causal questions cannot be addressed through random experimen-

tation, students and instructors are left to wonder if there is anything that can be said with any
reasonable confidence in the absence of pure randomness.
In short, by avoiding discussion of causal models and causal parameters, introductory text-

books provide readers with no basis for understanding how statistical techniques address sci-
entific questions of causality.
It is the intent of this primer to fill this gnawing gap and to assist teachers and students of

elementary statistics in tackling the causal questions that surround almost any nonexperimental
study in the natural and social sciences. We focus here on simple and natural methods to define
causal parameters that we wish to understand and to show what assumptions are necessary for
us to estimate these parameters in observational studies. We also show that these assumptions
can be expressed mathematically and transparently and that simple mathematical machinery is
available for translating these assumptions into estimable causal quantities, such as the effects
of treatments and policy interventions, to identify their testable implications.
Our goal stops there for the moment; we do not address in any detail the optimal param-

eter estimation procedures that use the data to produce effective statistical estimates and
their associated levels of uncertainty. However, those ideas—some of which are relatively
advanced—are covered extensively in the growing literature on causal inference. We thus
hope that this short text can be used in conjunction with standard introductory statistics
textbooks like the ones we have described to show how statistical models and inference can
easily go hand in hand with a thorough understanding of causation.
It is our strong belief that if one wants to move beyond mere description, statistical inference

cannot be effectively carried out without thinking carefully about causal questions, andwithout
leveraging the simple yet powerful tools that modern analysis has developed to answer such
questions. It is also our experience that thinking causally leads to a much more exciting and
satisfying approach to both the simplest and most complex statistical data analyses. This is not
a new observation. Virgil said it much more succinctly than we in 29 BC:

“Felix, qui potuit rerum cognoscere causas” (Virgil 29 BC)
(Lucky is he who has been able to understand the causes of things)
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The book is organized in four chapters.
Chapter 1 provides the basic statistical, probabilistic, and graphical concepts that readers

will need to understand the rest of the book. It also introduces the fundamental concepts of
causality, including the causal model, and explains through examples how the model can con-
vey information that pure data are unable to provide.
Chapter 2 explains how causal models are reflected in data, through patterns of statistical

dependencies. It explains how to determine whether a data set complies with a given causal
model, and briefly discusses how one might search for models that explain a given data set.
Chapter 3 is concerned with how to make predictions using causal models, with a particular

emphasis on predicting the outcome of a policy intervention. Here we introduce techniques
of reducing confounding bias using adjustment for covariates, as well as inverse probability
weighing. This chapter also covers mediation analysis and contains an in-depth look at how
the causal methods discussed thus far work in a linear system. Key to these methods is the
fundamental distinction between regression coefficients and structural parameters, and how
students should use both to predict causal effects in linear models.
Chapter 4 introduces the concept of counterfactuals—what would have happened, had we

chosen differently at a point in the past—and discusses how we can compute them, estimate
their probabilities, and what practical questions we can answer using them. This chapter is
somewhat advanced, compared to its predecessors, primarily due to the novelty of the notation
and the hypothetical nature of the questions asked. However, the fact that we read and compute
counterfactuals using the same scientific models that we used in previous chapters should
make their analysis an easy journey for students and instructors. Those wishing to understand
counterfactuals on a friendly mathematical level should find this chapter a good starting point,
and a solid basis for bridging the model-based approach taken in this book with the potential
outcome framework that some experimentalists are pursuing in statistics.

Acknowledgments

This book is an outgrowth of a graduate course on causal inference that the first author has
been teaching at UCLA in the past 20 years. It owes many of its tools and examples to for-
mer members of the Cognitive Systems Laboratory who participated in the development of
this material, both as researchers and as teaching assistants. These include Alex Balke, David
Chickering, David Galles, Dan Geiger, Moises Goldszmidt, Jin Kim, George Rebane, Ilya
Shpitser, Jin Tian, and Thomas Verma.
We are indebted to many colleagues from whom we have learned much about causal prob-

lems, their solutions, and how to present them to general audiences. These include Clark and
Maria Glymour, for providing patient ears and sound advice on matters of both causation and
writing, Felix Elwert and Tyler VanderWeele for insightful comments on an earlier version of
the manuscript, and the many visitors and discussants to the UCLA Causality blog who kept
the discussion lively, occasionally controversial, but never boring (causality.cs.ucla.edu/blog).
Elias Bareinboim, Bryant Chen, Andrew Forney, Ang Li, KarthikaMohan, reviewed the text

for accuracy and transparency. Ang and Andrew also wrote solutions to the study questions,
which will be available on the book’s website.



❦

❦ ❦

❦

xiv Preface

The manuscript was most diligently typed, processed, illustrated, and proofed by Kaoru
Mulvihill at UCLA. Debbie Jupe and Heather Kay at Wiley deserve much credit for recogniz-
ing and convincing us that a book of this scope is badly needed in the field, and for encouraging
us throughout the production process.
Finally, the National Science Foundation and the Office of Naval Research deserve acknowl-

edgment for faithfully and consistently sponsoring the research that led to these results, with
special thanks to Behzad Kamgar-Parsi.



❦

❦ ❦

❦

List of Figures

Figure 1.1 Results of the exercise–cholesterol study, segregated by age 3

Figure 1.2 Results of the exercise–cholesterol study, unsegregated. The data points
are identical to those of Figure 1.1, except the boundaries between the
various age groups are not shown 4

Figure 1.3 Scatter plot of the results in Table 1.6, with the value of Die 1 on the
x-axis and the sum of the two dice rolls on the y-axis 21

Figure 1.4 Scatter plot of the results in Table 1.6, with the value of Die 1 on the
x-axis and the sum of the two dice rolls on the y-axis. The dotted line
represents the line of best fit based on the data. The solid line represents
the line of best fit we would expect in the population 21

Figure 1.5 An undirected graph in which nodes X and Y are adjacent and nodes Y
and Z are adjacent but not X and Z 25

Figure 1.6 A directed graph in which node A is a parent of B and B is a parent of C 25

Figure 1.7 (a) Showing acyclic graph and (b) cyclic graph 26

Figure 1.8 A directed graph used in Study question 1.4.1 26

Figure 1.9 The graphical model of SCM 1.5.1, with X indicating years of schooling,
Y indicating years of employment, and Z indicating salary 27

Figure 1.10 Model showing an unobserved syndrome, Z, affecting both treatment (X)
and outcome (Y) 31

Figure 2.1 The graphical model of SCMs 2.2.1–2.2.3 37

Figure 2.2 The graphical model of SCMs 2.2.5 and 2.2.6 39

Figure 2.3 A simple collider 41

Figure 2.4 A simple collider, Z, with one child, W, representing the scenario from
Table 2.3, with X representing one coin flip, Y representing the second
coin flip, Z representing a bell that rings if either X or Y is heads, andW
representing an unreliable witness who reports on whether or not the bell
has rung 44

Figure 2.5 A directed graph for demonstrating conditional independence (error
terms are not shown explicitly) 45

Figure 2.6 A directed graph in which P is a descendant of a collider 45



❦

❦ ❦

❦

xvi List of Figures

Figure 2.7 A graphical model containing a collider with child and a fork 47

Figure 2.8 The model from Figure 2.7 with an additional forked path between
Z and Y 48

Figure 2.9 A causal graph used in study question 2.4.1, all U terms (not shown) are
assumed independent 49

Figure 3.1 A graphical model representing the relationship between temperature
(Z), ice cream sales (X), and crime rates (Y) 54

Figure 3.2 A graphical model representing an intervention on the model in Figure
3.1 that lowers ice cream sales 54

Figure 3.3 A graphical model representing the effects of a new drug, with Z repre-
senting gender, X standing for drug usage, and Y standing for recovery 55

Figure 3.4 A modified graphical model representing an intervention on the model
in Figure 3.3 that sets drug usage in the population, and results in the
manipulated probability Pm 56

Figure 3.5 A graphical model representing the effects of a new drug, with X rep-
resenting drug usage, Y representing recovery, and Z representing blood
pressure (measured at the end of the study). Exogenous variables are not
shown in the graph, implying they are mutually independent 58

Figure 3.6 A graphical model representing the relationship between a new drug (X),
recovery (Y), weight (W), and an unmeasured variable Z (socioeconomic
status) 62

Figure 3.7 A graphical model in which the backdoor criterion requires that we
condition on a collider (Z) in order to ascertain the effect of X on Y 63

Figure 3.8 Causal graph used to illustrate the backdoor criterion in the following
study questions 64

Figure 3.9 Scatter plot with students’ initial weights on the x-axis and final weights
on the y-axis. The vertical line indicates students whose initial weights
are the same, and whose final wights are higher (on average) for plan B
compared with plan A 65

Figure 3.10 A graphical model representing the relationships between smoking (X)
and lung cancer (Y), with unobserved confounder (U) and a mediating
variable Z 66

Figure 3.11 A graphical model representing the relationship between gender, qualifi-
cations, and hiring 76

Figure 3.12 A graphical model representing the relationship between gender, quali-
fications, and hiring, with socioeconomic status as a mediator between
qualifications and hiring 77

Figure 3.13 A graphical model illustrating the relationship between path coefficients
and total effects 82

Figure 3.14 A graphical model in which X has no direct effect on Y , but a total effect
that is determined by adjusting for T 83

Figure 3.15 A graphical model in which X has direct effect ! on Y 84



❦

❦ ❦

❦

List of Figures xvii

Figure 3.16 By removing the direct edge from X to Y and finding the set of variables
{W} that d-separate them, we find the variables we need to adjust for to
determine the direct effect of X on Y 85

Figure 3.17 A graphical model in which we cannot find the direct effect of X on Y via
adjustment, because the dashed double-arrow arc represents the presence
of a backdoor path between X and Y , consisting of unmeasured variables.
In this case, Z is an instrument with regard to the effect of X on Y that
enables the identification of ! 85

Figure 3.18 Graph corresponding to Model 3.1 in Study question 3.8.1 86

Figure 4.1 A model depicting the effect of Encouragement (X) on student’s score 94

Figure 4.2 Answering a counterfactual question about a specific student’s score,
predicated on the assumption that homework would have increased to
H = 2 95

Figure 4.3 A model representing Eq. (4.7), illustrating the causal relations between
college education (X), skills (Z), and salary (Y) 99

Figure 4.4 Illustrating the graphical reading of counterfactuals. (a) The original
model. (b) The modified model Mx in which the node labeled Yx
represents the potential outcome Y predicated on X = x 102

Figure 4.5 (a) Showing how probabilities of necessity (PN) are bounded, as a
function of the excess risk ratio (ERR) and the confounding factor (CF)
(Eq. (4.31)); (b) showing how PN is identified when monotonicity is
assumed (Theorem 4.5.1) 118

Figure 4.6 (a) The basic nonparametric mediation model, with no confounding.
(b) A confounded mediation model in which dependence exists between
U

M
and (U

T
,U

Y
) 121



❦

❦ ❦

❦



❦

❦ ❦

❦

About the Companion Website

This book is accompanied by a companion website:

www.wiley.com/go/Pearl/Causality



❦

❦ ❦

❦



❦

❦ ❦

❦

1
Preliminaries: Statistical
and Causal Models

1.1 Why Study Causation

The answer to the question “why study causation?” is almost as immediate as the answer to
“why study statistics.” We study causation because we need to make sense of data, to guide
actions and policies, and to learn from our success and failures. We need to estimate the effect
of smoking on lung cancer, of education on salaries, of carbon emissions on the climate. Most
ambitiously, we also need to understand how and why causes influence their effects, which
is not less valuable. For example, knowing whether malaria is transmitted by mosquitoes or
“mal-air,” as many believed in the past, tells us whether we should pack mosquito nets or
breathing masks on our next trip to the swamps.
Less obvious is the answer to the question, “why study causation as a separate topic, distinct

from the traditional statistical curriculum?” What can the concept of “causation,” considered
on its own, tell us about the world that tried-and-true statistical methods can’t?
Quite a lot, as it turns out. When approached rigorously, causation is not merely an aspect of

statistics; it is an addition to statistics, an enrichment that allows statistics to uncover workings
of the world that traditional methods alone cannot. For example, and this might come as a
surprise to many, none of the problems mentioned above can be articulated in the standard
language of statistics.
To understand the special role of causation in statistics, let’s examine one of themost intrigu-

ing puzzles in the statistical literature, one that illustrates vividly why the traditional language
of statistics must be enriched with new ingredients in order to cope with cause–effect relation-
ships, such as the ones we mentioned above.

1.2 Simpson’s Paradox

Named after Edward Simpson (born 1922), the statistician who first popularized it, the paradox
refers to the existence of data in which a statistical association that holds for an entire popu-
lation is reversed in every subpopulation. For instance, we might discover that students who

Causal Inference in Statistics: A Primer, First Edition. Judea Pearl, Madelyn Glymour, and Nicholas P. Jewell.
© 2016 John Wiley & Sons, Ltd. Published 2016 by John Wiley & Sons, Ltd.
Companion Website: www.wiley.com/go/Pearl/Causality
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2 Causal Inference in Statistics

smoke get higher grades, on average, than nonsmokers get. But when we take into account
the students’ age, we might find that, in every age group, smokers get lower grades than
nonsmokers get. Then, if we take into account both age and income, we might discover that
smokers once again get higher grades than nonsmokers of the same age and income. The
reversals may continue indefinitely, switching back and forth as we consider more and more
attributes. In this context, we want to decide whether smoking causes grade increases and in
which direction and by how much, yet it seems hopeless to obtain the answers from the data.
In the classical example used by Simpson (1951), a group of sick patients are given the

option to try a new drug. Among those who took the drug, a lower percentage recovered than
among those who did not. However, when we partition by gender, we see thatmoremen taking
the drug recover than do men are not taking the drug, and more women taking the drug recover
than do women are not taking the drug! In other words, the drug appears to help men and
women, but hurt the general population. It seems nonsensical, or even impossible—which is
why, of course, it is considered a paradox. Some people find it hard to believe that numbers
could even be combined in such a way. To make it believable, then, consider the following
example:

Example 1.2.1 We record the recovery rates of 700 patients who were given access to the
drug. A total of 350 patients chose to take the drug and 350 patients did not. The results of the
study are shown in Table 1.1.

The first row shows the outcome for male patients; the second row shows the outcome for
female patients; and the third row shows the outcome for all patients, regardless of gender.
In male patients, drug takers had a better recovery rate than those who went without the drug
(93% vs 87%). In female patients, again, those who took the drug had a better recovery rate
than nontakers (73% vs 69%). However, in the combined population, those who did not take
the drug had a better recovery rate than those who did (83% vs 78%).
The data seem to say that if we know the patient’s gender—male or female—we can pre-

scribe the drug, but if the gender is unknown we should not! Obviously, that conclusion is
ridiculous. If the drug helps men and women, it must help anyone; our lack of knowledge of
the patient’s gender cannot make the drug harmful.
Given the results of this study, then, should a doctor prescribe the drug for a woman? A

man? A patient of unknown gender? Or consider a policy maker who is evaluating the drug’s
overall effectiveness on the population. Should he/she use the recovery rate for the general
population? Or should he/she use the recovery rates for the gendered subpopulations?

Table 1.1 Results of a study into a new drug, with gender being taken into account

Drug No drug

Men 81 out of 87 recovered (93%) 234 out of 270 recovered (87%)
Women 192 out of 263 recovered (73%) 55 out of 80 recovered (69%)
Combined data 273 out of 350 recovered (78%) 289 out of 350 recovered (83%)
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The answer is nowhere to be found in simple statistics. In order to decide whether the drug
will harm or help a patient, we first have to understand the story behind the data—the causal
mechanism that led to, or generated, the results we see. For instance, suppose we knew an
additional fact: Estrogen has a negative effect on recovery, so women are less likely to recover
than men, regardless of the drug. In addition, as we can see from the data, women are signifi-
cantly more likely to take the drug than men are. So, the reason the drug appears to be harmful
overall is that, if we select a drug user at random, that person is more likely to be a woman and
hence less likely to recover than a random person who does not take the drug. Put differently,
being a woman is a common cause of both drug taking and failure to recover. Therefore, to
assess the effectiveness, we need to compare subjects of the same gender, thereby ensuring
that any difference in recovery rates between those who take the drug and those who do not
is not ascribable to estrogen. This means we should consult the segregated data, which shows
us unequivocally that the drug is helpful. This matches our intuition, which tells us that the
segregated data is “more specific,” hence more informative, than the unsegregated data.
With a few tweaks, we can see how the same reversal can occur in a continuous example.

Consider a study that measures weekly exercise and cholesterol in various age groups. When
we plot exercise on the X-axis and cholesterol on the Y-axis and segregate by age, as in
Figure 1.1, we see that there is a general trend downward in each group; the more young
people exercise, the lower their cholesterol is, and the same applies for middle-aged people
and the elderly. If, however, we use the same scatter plot, but we don’t segregate by gender
(as in Figure 1.2), we see a general trend upward; the more a person exercises, the higher their
cholesterol is. To resolve this problem, we once again turn to the story behind the data. If we
know that older people, who are more likely to exercise (Figure 1.1), are also more likely to
have high cholesterol regardless of exercise, then the reversal is easily explained, and easily
resolved. Age is a common cause of both treatment (exercise) and outcome (cholesterol). So
we should look at the age-segregated data in order to compare same-age people and thereby
eliminate the possibility that the high exercisers in each group we examine are more likely to
have high cholesterol due to their age, and not due to exercising.
However, and this might come as a surprise to some readers, segregated data does not always

give the correct answer. Suppose we looked at the same numbers from our first example of drug
taking and recovery, instead of recording participants’ gender, patients’ blood pressure were
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Figure 1.1 Results of the exercise–cholesterol study, segregated by age
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Figure 1.2 Results of the exercise–cholesterol study, unsegregated. The data points are identical to
those of Figure 1.1, except the boundaries between the various age groups are not shown

recorded at the end of the experiment. In this case, we know that the drug affects recovery
by lowering the blood pressure of those who take it—but unfortunately, it also has a toxic
effect. At the end of our experiment, we receive the results shown in Table 1.2. (Table 1.2 is
numerically identical to Table 1.1, with the exception of the column labels, which have been
switched.)
Now, would you recommend the drug to a patient?
Once again, the answer follows from the way the data were generated. In the general pop-

ulation, the drug might improve recovery rates because of its effect on blood pressure. But
in the subpopulations—the group of people whose posttreatment BP is high and the group
whose posttreatment BP is low—we, of course, would not see that effect; we would only see
the drug’s toxic effect.
As in the gender example, the purpose of the experiment was to gauge the overall effect of

treatment on rates of recovery. But in this example, since lowering blood pressure is one of
the mechanisms by which treatment affects recovery, it makes no sense to separate the results
based on blood pressure. (If we had recorded the patients’ blood pressure before treatment,
and if it were BP that had an effect on treatment, rather than the other way around, it would be
a different story.) So we consult the results for the general population, we find that treatment
increases the probability of recovery, and we decide that we should recommend treatment.
Remarkably, though the numbers are the same in the gender and blood pressure examples, the
correct result lies in the segregated data for the former and the aggregate data for the latter.
None of the information that allowed us to make a treatment decision—not the timing of the

measurements, not the fact that treatment affects blood pressure, and not the fact that blood

Table 1.2 Results of a study into a new drug, with posttreatment blood pressure taken into account

No drug Drug

Low BP 81 out of 87 recovered (93%) 234 out of 270 recovered (87%)
High BP 192 out of 263 recovered (73%) 55 out of 80 recovered (69%)
Combined data 273 out of 350 recovered (78%) 289 out of 350 recovered (83%)
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pressure affects recovery—was found in the data. In fact, as statistics textbooks have tradi-
tionally (and correctly) warned students, correlation is not causation, so there is no statistical
method that can determine the causal story from the data alone. Consequently, there is no
statistical method that can aid in our decision.
Yet statisticians interpret data based on causal assumptions of this kind all the time. In fact,

the very paradoxical nature of our initial, qualitative, gender example of Simpson’s problem
is derived from our strongly held conviction that treatment cannot affect sex. If it could, there
would be no paradox, since the causal story behind the data could then easily assume the same
structure as in our blood pressure example. Trivial though the assumption “treatment does not
cause sex” may seem, there is no way to test it in the data, nor is there any way to represent
it in the mathematics of standard statistics. There is, in fact, no way to represent any causal
information in contingency tables (such as Tables 1.1 and 1.2), on which statistical inference
is often based.
There are, however, extra-statistical methods that can be used to express and interpret causal

assumptions. These methods and their implications are the focus of this book. With the help of
these methods, readers will be able to mathematically describe causal scenarios of any com-
plexity, and answer decision problems similar to those posed by Simpson’s paradox as swiftly
and comfortably as they can solve for X in an algebra problem. These methods will allow us to
easily distinguish each of the above three examples and move toward the appropriate statisti-
cal analysis and interpretation. A calculus of causation composed of simple logical operations
will clarify the intuitions we already have about the nonexistence of a drug that cures men
and women but hurts the whole population and about the futility of comparing patients with
equal blood pressure. This calculus will allow us to move beyond the toy problems of Simp-
son’s paradox into intricate problems, where intuition can no longer guide the analysis. Simple
mathematical tools will be able to answer practical questions of policy evaluation as well as
scientific questions of how and why events occur.
But we’re not quite ready to pull off such feats of derring-do just yet. In order to rigorously

approach our understanding of the causal story behind data, we need four things:

1. A working definition of “causation.”
2. A method by which to formally articulate causal assumptions—that is, to create causal

models.
3. A method by which to link the structure of a causal model to features of data.
4. A method by which to draw conclusions from the combination of causal assumptions

embedded in a model and data.

The first two parts of this book are devoted to providing methods for modeling causal
assumptions and linking them to data sets, so that in the third part, we can use those assump-
tions and data to answer causal questions. But before we can go on, we must define causation.
It may seem intuitive or simple, but a commonly agreed-upon, completely encompassing def-
inition of causation has eluded statisticians and philosophers for centuries. For our purposes,
the definition of causation is simple, if a little metaphorical: A variable X is a cause of a vari-
able Y if Y in any way relies on X for its value. We will expand slightly upon this definition
later, but for now, think of causation as a form of listening; X is a cause of Y if Y listens to X
and decides its value in response to what it hears.
Readers must also know some elementary concepts from probability, statistics, and graph

theory in order to understand the aforementioned causal methods. The next two sections
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will therefore provide the necessary definitions and examples. Readers with a basic under-
standing of probability, statistics, and graph theory may skip to Section 1.5 with no loss of
understanding.

Study questions

Study question 1.2.1
What is wrong with the following claims?

(a) “Data show that income and marriage have a high positive correlation. Therefore, your
earnings will increase if you get married.”

(b) “Data show that as the number of fires increase, so does the number of fire fighters. There-
fore, to cut down on fires, you should reduce the number of fire fighters.”

(c) “Data show that people who hurry tend to be late to their meetings. Don’t hurry, or you’ll
be late.”

Study question 1.2.2
A baseball batter Tim has a better batting average than his teammate Frank. However, some-
one notices that Frank has a better batting average than Tim against both right-handed and
left-handed pitchers. How can this happen? (Present your answer in a table.)

Study question 1.2.3
Determine, for each of the following causal stories, whether you should use the aggregate or
the segregated data to determine the true effect.

(a) There are two treatments used on kidney stones: Treatment A and Treatment B. Doctors
are more likely to use Treatment A on large (and therefore, more severe) stones and more
likely to use Treatment B on small stones. Should a patient who doesn’t know the size of
his or her stone examine the general population data, or the stone size-specific data when
determining which treatment will be more effective?

(b) There are two doctors in a small town. Each has performed 100 surgeries in his career,
which are of two types: one very difficult surgery and one very easy surgery. The first doctor
performs the easy surgery much more often than the difficult surgery and the second doctor
performs the difficult surgery more often than the easy surgery. You need surgery, but you
do not know whether your case is easy or difficult. Should you consult the success rate
of each doctor over all cases, or should you consult their success rates for the easy and
difficult cases separately, to maximize the chance of a successful surgery?

Study question 1.2.4
In an attempt to estimate the effectiveness of a new drug, a randomized experiment is con-
ducted. In all, 50% of the patients are assigned to receive the new drug and 50% to receive a
placebo. A day before the actual experiment, a nurse hands out lollipops to some patients who
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show signs of depression, mostly among those who have been assigned to treatment the next
day (i.e., the nurse’s round happened to take her through the treatment-bound ward). Strangely,
the experimental data revealed a Simpson’s reversal: Although the drug proved beneficial to
the population as a whole, drug takers were less likely to recover than nontakers, among both
lollipop receivers and lollipop nonreceivers. Assuming that lollipop sucking in itself has no
effect whatsoever on recovery, answer the following questions:

(a) Is the drug beneficial to the population as a whole or harmful?
(b) Does your answer contradict our gender example, where sex-specific data was deemed

more appropriate?
(c) Draw a graph (informally) that more or less captures the story. (Look ahead to Section

1.4 if you wish.)
(d) How would you explain the emergence of Simpson’s reversal in this story?
(e) Would your answer change if the lollipops were handed out (by the same criterion) a day

after the study?

[Hint: Use the fact that receiving a lollipop indicates a greater likelihood of being assigned
to drug treatment, as well as depression, which is a symptom of risk factors that lower the
likelihood of recovery.]

1.3 Probability and Statistics
Since statistics generally concerns itself not with absolutes but with likelihoods, the language
of probability is extremely important to it. Probability is similarly important to the study of cau-
sation because most causal statements are uncertain (e.g., “careless driving causes accidents,”
which is true, but does not mean that a careless driver is certain to get into an accident), and
probability is the way we express uncertainty. In this book, we will use the language and laws
of probability to express our beliefs and uncertainty about the world. To aid readers without a
strong background in probability, we provide here a glossary of the most important terms and
concepts they will need to know in order to understand the rest of the book.

1.3.1 Variables

A variable is any property or descriptor that can take multiple values. In a study that compares
the health of smokers and nonsmokers, for instance, some variables might be the age of the
participant, the gender of the participant, whether or not the participant has a family history
of cancer, and how many years the participant has been smoking. A variable can be thought
of as a question, to which the value is the answer. For instance, “How old is this participant?”
“38 years old.” Here, “age” is the variable, and “38” is its value. The probability that variable X
takes value x is written P(X = x). This is often shortened, when context allows, to P(x). We can
also discuss the probability of multiple values at once; for instance, the probability that X = x
and Y = y is written P(X = x,Y = y), or P(x, y). Note that P(X = 38) is specifically interpreted
as the probability that an individual randomly selected from the population is aged 38.
A variable can be either discrete or continuous. Discrete variables (sometimes called cate-

gorical variables) can take one of a finite or countably infinite set of values in any range. A vari-
able describing the state of a standard light switch is discrete, because it has two values: “on”


