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the Data input, it will use the recipe to produce an actual Estimate 
for the answer, along with statistical estimates of the amount of 
uncertainty in that estimate. This uncertainty reflects the limited 
size of the data set as well as possible measurement errors or miss-
ing data.

To dig more deeply into the chart, I have labeled the boxes 1 
through 9, which I will annotate in the context of the query “What 
is the effect of Drug D on Lifespan L?”

1. “Knowledge” stands for traces of experience the reasoning 
agent has had in the past, including past observations, past 
actions, education, and cultural mores, that are deemed 
relevant to the query of interest. The dotted box around 
“Knowledge” indicates that it remains implicit in the mind 
of the agent and is not explicated formally in the model.

2. Scientific research always requires simplifying assumptions, 
that is, statements which the researcher deems worthy of 
making explicit on the basis of the available Knowledge. 
While most of the researcher’s knowledge remains implicit 
in his or her brain, only Assumptions see the light of day and 

Figure I. How an “inference engine” combines data with causal knowl-
edge to produce answers to queries of interest. The dashed box is not part 
of the engine but is required for building it. Arrows could also be drawn 
from boxes 4 and 9 to box 1, but I have opted to keep the diagram simple.

9780465097609-text.indd   12 3/14/18   10:42 AM



THE BOOK OF WHY26

the direction from which to approach the mammoth; in short, 
by imagining and comparing the consequences of several hunting 
strategies. To do this, the thinking entity must possess, consult, and 
manipulate a mental model of its reality.

Figure 1.1 shows how we might draw such a mental model. 
Each dot in Figure 1.1 represents a cause of success. Note that there 
are multiple causes and that none of them are deterministic. That 
is, we cannot be sure that having more hunters will enable success 
or that rain will prevent it, but these factors do change the proba-
bility of success.

The mental model is the arena where imagination takes place. 
It enables us to experiment with different scenarios by making lo-
cal alterations to the model. Somewhere in our hunters’ mental 
model was a subroutine that evaluated the effect of the number of 
hunters. When they considered adding more, they didn’t have to 
evaluate every other factor from scratch. They could make a local 
change to the model, replacing “Hunters = 8” with “Hunters = 9,” 
and reevaluate the probability of success. This modularity is a key 
feature of causal models.

I don’t mean to imply, of course, that early humans actually 
drew a pictorial model like this one. But when we seek to em-
ulate human thought on a computer, or indeed when we try to 
solve unfamiliar scientific problems, drawing an explicit dots-and- 
arrows picture is extremely useful. These causal diagrams are the 

Figure 1.1. Perceived causes of a successful mammoth hunt.
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Figure 1.2. The Ladder of Causation, with representative organisms at 
each level. Most animals, as well as present-day learning machines, are on 
the first rung, learning from association. Tool users, such as early humans, 
are on the second rung if they act by planning and not merely by imitation. 
We can also use experiments to learn the effects of interventions, and pre-
sumably this is how babies acquire much of their causal knowledge. Coun-
terfactual learners, on the top rung, can imagine worlds that do not exist 
and infer reasons for observed phenomena. (Source: Drawing by Maayan 
Harel.)
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of horses and other animals. The Lion Man is different: a creature 
of pure imagination.

As a manifestation of our newfound ability to imagine things 
that have never existed, the Lion Man is the precursor of every 
philosophical theory, scientific discovery, and technological inno-
vation, from microscopes to airplanes to computers. Every one of 
these had to take shape in someone’s imagination before it was 
realized in the physical world.

This leap forward in cognitive ability was as profound and im-
portant to our species as any of the anatomical changes that made 
us human. Within 10,000 years after the Lion Man’s creation, all 
other hominids (except for the very geographically isolated Flores 

Figure 1.3. The Lion Man of Stadel Cave. The earliest known represen-
tation of an imaginary creature (half man and half lion), it is emblematic 
of a newly developed cognitive ability, the capacity to reason about coun-
terfactuals. (Source: Photo by Yvonne Mühleis, courtesy of State Office for 
Cultural Heritage Baden-Württemberg/Ulmer Museum, Ulm, Germany.)
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such as “What is the probability that the outcome is 1, given that 
we see variable X equals 1 and we make variable Y equal 0 and 
variable Z equal 1?” If there were more variables, or more than two 
states for each one, the number of possibilities would grow beyond 
our ability to even imagine. Searle’s list would need more entries 
than the number of atoms in the universe. So, clearly a dumb list 
of questions and answers can never simulate the intelligence of a 
child, let alone an adult.

Humans must have some compact representation of the infor-
mation needed in their brains, as well as an effective procedure to 
interpret each question properly and extract the right answer from 
the stored representation. To pass the mini-Turing test, therefore, 
we need to equip machines with a similarly efficient representation 
and answer-extraction algorithm.

Such a representation not only exists but has childlike simplicity: 
a causal diagram. We have already seen one example, the diagram 
for the mammoth hunt. Considering the extreme ease with which 
people can communicate their knowledge with dot-and- arrow di-
agrams, I believe that our brains indeed use a representation like 
this. But more importantly for our purposes, these models pass the 
mini-Turing test; no other model is known to do so. Let’s look at 
some examples.

Figure 1.4 Causal diagram for the firing squad example. 
A and B represent (the actions of) Soldiers A and B.
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between merely observing an event and making it happen. “When-
ever you make an event happen,” we tell the computer, “remove 
all arrows that point to that event and continue the analysis by 
ordinary logic, as if the arrows had never been there.” Thus, we 
erase all the arrows leading into the intervened variable (A). We 
also set that variable manually to its prescribed value (true). The 
rationale for this peculiar “surgery” is simple: making an event 
happen means that you emancipate it from all other influences and 
subject it to one and only one influence—that which enforces its 
happening.

Figure 1.5 shows the causal diagram that results from our exam-
ple. This intervention leads inevitably to the prisoner’s death. That 
is the causal function behind the arrow leading from A to D.

Note that this conclusion agrees with our intuitive judgment 
that A’s unauthorized firing will lead to the prisoner’s death, be-
cause the surgery leaves the arrow from A to D intact. Also, our 
judgment would be that B (in all likelihood) did not shoot; nothing 
about A’s decision should affect variables in the model that are not 
effects of A’s shot. This bears repeating. If we see A shoot, then we 
conclude that B shot too. But if A decides to shoot, or if we make A 

Figure 1.5. Reasoning about interventions. Sol-
dier A decides to fire; arrow from C to A is deleted, 
and A is assigned the value true.
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shoot, then the opposite is true. This is the difference between see-
ing and doing. Only a computer capable of grasping this difference 
can pass the mini-Turing test.

Note also that merely collecting Big Data would not have helped 
us ascend the ladder and answer the above questions. Assume that 
you are a reporter collecting records of execution scenes day after 
day. Your data will consist of two kinds of events: either all five 
variables are true, or all of them are false. There is no way that this 
kind of data, in the absence of an understanding of who listens to 
whom, will enable you (or any machine learning algorithm) to pre-
dict the results of persuading marksman A not to shoot.

Finally, to illustrate the third rung of the Ladder of Causation, 
let’s pose a counterfactual question. Suppose the prisoner is lying 
dead on the ground. From this we can conclude (using level one) 
that A shot, B shot, the captain gave the signal, and the court gave 
the order. But what if A had decided not to shoot? Would the pris-
oner be alive? This question requires us to compare the real world 
with a fictitious and contradictory world where A didn’t shoot. In 
the fictitious world, the arrow leading into A is erased to liberate A 
from listening to C. Instead A is set to false, leaving its past history 
the same as it was in the real world. So the fictitious world looks 
like Figure 1.6.

Figure 1.6. Counterfactual reasoning. We observe that 
the prisoner is dead and ask what would have happened 
if Soldier A had decided not to fire.
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and 139). We should thank the language of counterfactuals for 
helping us to avoid such costs. 

The main lesson for a student of causality is that a causal model 
entails more than merely drawing arrows. Behind the arrows, there 
are probabilities. When we draw an arrow from X to Y, we are im-
plicitly saying that some probability rule or function specifies how 
Y would change if X were to change. We might know what the rule 
is; more likely, we will have to estimate it from data. One of the 
most intriguing features of the Causal Revolution, though, is that 
in many cases we can leave those mathematical details completely 
unspecified. Very often the structure of the diagram itself enables 
us to estimate all sorts of causal and counterfactual relationships: 
simple or complicated, deterministic or probabilistic, linear or 
nonlinear.

From the computing perspective, our scheme for passing the 
mini-Turing test is also remarkable in that we used the same rou-
tine in all three examples: translate the story into a diagram, listen 
to the query, perform a surgery that corresponds to the given query 
(interventional or counterfactual; if the query is associational then 
no surgery is needed), and use the modified causal model to com-
pute the answer. We did not have to train the machine in a multi-
tude of new queries each time we changed the story. The approach 

Figure 1.7. Causal diagram for the vaccination example. 
Is vaccination beneficial or harmful?
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He painstakingly compiled pedigrees of 605 “eminent” Englishmen 
from the preceding four centuries. But he found that the sons and 
fathers of these eminent men were somewhat less eminent and the 
grandparents and grandchildren less eminent still.

It’s easy enough for us now to find flaws in Galton’s program. 
What, after all, is the definition of eminence? And isn’t it possible 
that people in eminent families are successful because of their priv-
ilege rather than their talent? Though Galton was aware of such 
difficulties, he pursued this futile quest for a genetic explanation at 
an increasing pace and determination.

Still, Galton was on to something, which became more appar-
ent once he started looking at features like height, which are easier 
to measure and more strongly linked to heredity than “eminence.” 
Sons of tall men tend to be taller than average—but not as tall as 
their fathers. Sons of short men tend to be shorter than  average—
but not as short as their fathers. Galton first called this phenome-
non “reversion” and later “regression toward mediocrity.” It can 
be noted in many other settings. If students take two different stan-
dardized tests on the same material, the ones who scored high on 
the first test will usually score higher than average on the second 
test but not as high as they did the first time. This phenomenon of 
regression to the mean is ubiquitous in all facets of life, education, 
and business. For instance, in baseball the Rookie of the Year (a 
player who does unexpectedly well in his first season) often hits a 
“sophomore slump,” in which he does not do quite as well.

Galton didn’t know all of this, and he thought he had stumbled 
onto a law of heredity rather than a law of statistics. He believed 
that regression to the mean must have some cause, and in his Royal 
Institution lecture he illustrated his point. He showed his audience 
a two-layered quincunx (Figure 2.1).

After passing through the first array of pegs, the balls passed 
through sloping chutes that moved them closer to the center of the 
board. Then they would pass through a second array of pegs. Gal-
ton showed triumphantly that the chutes exactly compensated for 
the tendency of the normal distribution to spread out. This time, 
the bell-shaped probability distribution kept a constant width from 
generation to generation.

Thus, Galton conjectured, regression toward the mean was a 
physical process, nature’s way of ensuring that the distribution of 
height (or intelligence) remained the same from generation to gen-
eration. “The process of reversion cooperates with the general law 
of deviation,” Galton told his audience. He compared it to Hooke’s 
law, the physical law that describes the tendency of a spring to re-
turn to its equilibrium length.

Keep in mind the date. In 1877, Galton was in pursuit of a 
causal explanation and thought that regression to the mean was a 
causal process, like a law of physics. He was mistaken, but he was 
far from alone. Many people continue to make the same mistake 
to this day. For example, baseball experts always look for causal 

Figure 2.1. The Galton board, used by Francis Galton as an analogy 
for the inheritance of human heights. (a) When many balls are dropped 
through the pinball-like apparatus, their random bounces cause them to 
pile up in a bell-shaped curve. (b) Galton noted that on two passes, A and 
B, through the Galton board (the analogue of two generations) the bell-
shaped curve got wider. (c) To counteract this tendency, he installed chutes 
to move the “second generation” back closer to the center. The chutes are 
Galton’s causal explanation for regression to the mean. (Source: Francis 
Galton, Natural Inheritance [1889].)
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statements be true? How can a son be both taller and shorter than 
his father?”

The answer is that we are talking not about an individual fa-
ther and an individual son but about two populations. We start 
with the population of six-foot fathers. Because they are taller than 
average, their sons will regress toward the mean; let’s say their 
sons average five feet, eleven inches. However, the population of 
father-son pairs with six-foot fathers is not the same as the pop-
ulation of father-son pairs with five-foot-eleven-inch sons. Every 
father in the first group is by definition six feet tall. But the second 

Figure 2.2. The scatter plot shows a data set of heights, with each dot rep-
resenting the height of a father (on the x-axis) and his son (on the y-axis). 
The dashed line coincides with the major axis of the ellipse, while the solid 
line (called the regression line) connects the rightmost and leftmost points 
on the ellipse. The difference between them accounts for regression to the 
mean. For example, the black star shows that 72″ fathers have, on the aver-
age, 71″ sons. (That is, the average height of all the data points in the verti-
cal strip is 71″.) The horizontal strip and white star show that the same loss 
of height occurs in the noncausal direction (backward in time). (Source: 
Figure by Maayan Harel, with a contribution from Christopher Boucher.)
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the regression line, which is less steep than the major axis (or axis 
of symmetry) of the ellipse (Figure 2.3). In fact there are two such 
lines, depending on which variable is being predicted and which 
is being used as evidence. You can predict the son’s height based 
on the father’s or the father’s based on the son’s. The situation is 
completely symmetric. Once again this shows that where regres-
sion to the mean is concerned, there is no difference between cause 
and effect.

The slope of the regression enables you to predict the value of 
one variable, given that you know the value of the other. In the 
context of Galton’s problem, a slope of 0.5 would mean that each 
extra inch of height for the father would correspond, on average, 
to an extra half inch for the son, and vice versa. A slope of 1 would 
be perfect correlation, which means every extra inch for the father 

Figure 2.3. Galton’s regression lines. Line OM gives the best prediction of 
a son’s height if you know the height of the father; line ON gives the best 
prediction of a father’s height if you know the height of the son. Neither is 
the same as the major axis (axis of symmetry) of the scatter plot. (Source: 
Francis Galton, Journal of the Anthropological Institute of Great Britain 
and Ireland [1886], 246–263, Plate X.)
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Success = talent + luck
Great success = A little more talent + a lot of luck.

According to these equations, success in generation 2 does not in-
herit the luck of generation 1. Luck, by its very definition, is a tran-
sitory occurrence; hence it has no impact on future generations. But 
such transitory behavior is incompatible with Galton’s machine.

To compare these two conceptions side by side, let us draw their 
associated causal diagrams. In Figure 2.4(a) (Galton’s conception), 
success is transmitted across generations, and luck variations accu-
mulate indefinitely. This is perhaps natural if “success” is equated 
to wealth or eminence. However, for the inheritance of physical 
characteristics like stature, we must replace Galton’s model with 
that in Figure 2.4(b). Here only the genetic component, shown here 

Figure 2.4. Two models of inheritance. (a) The Galton board model, 
in which luck accrues from generation to generation, leading to an 
ever-wider distribution of success. (b) A genetic model, in which luck 
does not accrue, leading to a constant distribution of success.
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the Church of England. Was God punishing marriage-happy An-
glicans? No! Two separate historical trends were simply occurring 
at the same time: the country’s mortality rate was decreasing and 
membership in the Church of England was declining. Since both 
were going down at the same time, there was a positive correlation 
between them, but no causal connection.

Pearson discovered possibly the most interesting kind of “spuri-
ous correlation” as early as 1899. It arises when two heterogeneous 
populations are aggregated into one. Pearson, who, like Galton, 
was a fanatical collector of data on the human body, had obtained 
measurements of 806 male skulls and 340 female skulls from the 
Paris Catacombs (Figure 2.5). He computed the correlation be-
tween skull length and skull breadth. When the computation was 
done only for males or only for females, the correlations were 
 negligible—there was no significant association between skull 
length and breadth. But when the two groups were combined, the 
correlation was 0.197, which would ordinarily be considered sig-
nificant. This makes sense, because a small skull length is now an 
indicator that the skull likely belonged to a female and therefore 
that the breadth will also be small. However, Pearson considered it 
a statistical artifact. The fact that the correlation was positive had 

Figure 2.5. Karl Pearson with a skull from the Paris Catacombs. 
(Source: Drawing by Dakota Harr.)
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As it often happens (at least to the ingenious!), a pressing re-
search problem leads to new methods of analysis, which vastly 
transcended their origins in guinea pig genetics. Yet, for Sewall 
Wright, estimating the developmental factors probably seemed like 
a college-level problem that he could have solved in his father’s 
math class at Lombard. When looking for the magnitude of some 
unknown quantity, you first assign a symbol to that quantity, next 
you express what you know about this and other quantities in the 
form of mathematical equations, and finally, if you have enough 
patience and enough equations, you can solve them and find your 
quantity of interest.

In Wright’s case, the desired and unknown quantity (shown in 
Figure 2.7) was d, the effect of “developmental factors” on white 
fur. Other causal quantities that entered into his equations in-
cluded h, for “hereditary” factors, also unknown. Finally—and 
here comes Wright’s ingenuity—he showed that if we knew the 
causal quantities in Figure 2.7, we could predict correlations in the 

Figure 2.6. Sewall Wright was the first person to develop a mathemati-
cal method for answering causal questions from data, known as path dia-
grams. His love of mathematics surrendered only to his passion for guinea 
pigs. (Source: Drawing by Dakota Harr.)
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data (not shown in the diagram) by a simple graphical rule. This 
rule sets up a bridge from the deep, hidden world of causation to 
the surface world of correlations. It was the first bridge ever built 
between causality and probability, the first crossing of the barrier 
between rung two and rung one on the Ladder of Causation. Hav-
ing built this bridge, Wright could travel backward over it, from 
the correlations measured in the data (rung one) to the hidden 
causal quantities, d and h (rung two). He did this by solving alge-
braic equations. This idea must have seemed simple to Wright but 
turned out to be revolutionary because it was the first proof that 
the mantra “Correlation does not imply causation” should give 
way to “Some correlations do imply causation.”

In the end, Wright showed that the hypothesized developmental 
factors were more important than heredity. In a randomly bred 

Figure 2.7. Sewall Wright’s first path diagram, illustrating the factors 
leading to coat color in guinea pigs. D = developmental factors (after con-
ception, before birth), E = environmental factors (after birth), G = genetic 
factors from each individual parent, H = combined hereditary factors from 
both parents, O, O¢ = offspring. The objective of analysis was to estimate 
the strength of the effects of D, E, H (written as d, e, h in the diagram). 
(Source: Sewall Wright, Proceedings of the National Academy of Sciences 
[1920], 320–332.)
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Another beautiful example of this can be found in his “Correlation 
and Causation” paper, from 1921, which asks how much a guinea 
pig’s birth weight will be affected if it spends one more day in the 
womb. I would like to examine Wright’s answer in some detail to 
enjoy the beauty of his method and to satisfy readers who would 
like to see how the mathematics of path analysis works.

Notice that we cannot answer Wright’s question directly, be-
cause we can’t weigh a guinea pig in the womb. What we can do, 
though, is compare the birth weights of guinea pigs that spend 
(say) sixty-six days gestating with those that spend sixty-seven 
days. Wright noted that the guinea pigs that spent a day longer 
in the womb weighed an average of 5.66 grams more at birth. So, 
one might naively suppose that a guinea pig embryo grows at 5.66 
grams per day just before it is born.

“Wrong!” says Wright. The pups born later are usually born 
later for a reason: they have fewer litter mates. This means that 
they have had a more favorable environment for growth through-
out the pregnancy. A pup with only two siblings, for instance, will 
already weigh more on day sixty-six than a pup with four siblings. 
Thus the difference in birth weights has two causes, and we want 
to disentangle them. How much of the 5.66 grams is due to spend-
ing an additional day in utero and how much is due to having fewer 
siblings to compete with?

Wright answered this question by setting up a path diagram 
(Figure 2.8). X represents the pup’s birth weight. Q and P represent 
the two known causes of the birth weight: the length of gestation 
(P) and rate of growth in utero (Q). L represents litter size, which 

Figure 2.8. Causal (path) diagram for birth-weight example.
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A Presbyterian minister who lived from 1702 to 1761, the Rev-
erend Thomas Bayes appears to have been a mathematics geek. 
As a dissenter from the Church of England, he could not study at 
Oxford or Cambridge and was educated instead at the University 
of Scotland, where he likely picked up quite a bit of math. He con-
tinued to dabble in it and organize math discussion circles after he 
returned to England.

In an article published after his death (see Figure 3.1), Bayes 
tackled a problem that was the perfect match for him, pitting math 
against theology. To set the context, in 1748, the Scottish philos-
opher David Hume had written an essay titled “On Miracles,” in 
which he argued that eyewitness testimony could never prove that 
a miracle had happened. The miracle Hume had in mind was, of 
course, the resurrection of Christ, although he was smart enough 

Figure 3.1. Title page of the journal where Thomas Bayes’s posthumous 
article on inverse probability was published and the first page of Richard 
Price’s introduction.
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explain why it is harder; he took that as self-evident, proved that it 
is doable, and showed us how.

To appreciate the nature of the problem, let’s look at the exam-
ple he suggested himself in his posthumous paper of 1763. Imagine 
that we shoot a billiard ball on a table, making sure that it bounces 
many times so that we have no idea where it will end up. What is 
the probability that it will stop within x feet of the left-hand end 
of the table? If we know the length of the table and it is perfectly 
smooth and flat, this is a very easy question (Figure 3.2, top). For 
example, on a twelve-foot snooker table, the probability of the ball 
stopping within a foot of the end would be 1/12. On an eight-foot 
billiard table, the probability would be 1/8.

Figure 3.2. Thomas Bayes’s pool table example. In the first version, a 
forward- probability question, we know the length of the table and want to 
calculate the probability of the ball stopping within x feet of the end. In the 
second, an inverse-probability question, we observe that the ball stopped x 
feet from the end and want to estimate the likelihood that the table’s length 
is L. (Source: Drawing by Maayan Harel.)
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Because half of two-thirds is one-third, it follows that one-third of 
the customers order both tea and scones.

For a numerical illustration, suppose that we tabulate the or-
ders of the next twelve customers who come in the door. As Table 
3.1 shows, two-thirds of the customers (1, 5, 6, 7, 8, 9, 10, 12) or-
dered tea, and one-half of those people ordered scones (1, 5, 8, 12). 
So the proportion of customers who ordered both tea and scones is 
indeed (1/2) ¥ (2/3) = 1/3, just as we predicted prior to seeing the 
specific data.

The starting point for Bayes’s rule is to notice that we could 
have analyzed the data in the reverse order. That is, we could have 
observed that five-twelfths of the customers (1, 2, 5, 8, 12) ordered 
scones, and four-fifths of these (1, 5, 8, 12) ordered tea. So the 
proportion of customers who ordered both tea and scones is (4/5) 
¥ (5/12) = 1/3. Of course it’s no coincidence that it came out the 
same; we were merely computing the same quantity in two differ-
ent ways. The temporal order in which the customers announce 
their order makes no difference.

To make this a general rule, we can let P(T) denote the proba-
bility that a customer orders tea and P(S) denote the probability he 
orders scones. If we already know a customer has ordered tea, then 
P(S | T) denotes the probability that he orders scones. (Remember 
that the vertical line stands for “given that.”) Likewise, P(T | S) 
denotes the probability that he orders tea, given that we already 
know he ordered scones. Then the first calculation we did says,

Customer Tea Scones Customer Tea Scones

1 Yes Yes 7 Yes No

2 No Yes 8 Yes Yes

3 No No 9 Yes No

4 No No 10 Yes No

5 Yes Yes 11 No No

6 Yes No 12 Yes Yes

Table 3.1. Fictitious data for the tea-scones example.
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who don’t). The second is known as the false positive rate. Accord-
ing to the BCSC, the false positive rate for forty-year-old women is 
about 12 percent.

Why a weighted average? Because there are many more healthy 
women (~D) than women with cancer (D). In fact, only 1 in 700 
women has cancer, and the other 699 do not, so the probability of 
a positive test for a randomly chosen woman should be much more 
strongly influenced by the 699 women who don’t have cancer than 
by the one woman who does.

Mathematically, we compute the weighted average as follows: 
P(T) = (1/700) ¥ (73 percent) + (699/700) ¥ (12 percent) ª 12.1 per-
cent. The weights come about because only 1 in 700 women has 
a 73 percent chance of a positive test, and the other 699 have a 12 
percent chance. Just as you might expect, P(T) came out very close 
to the false positive rate.

Now that we know P(T), we finally can compute the updated 
probability—the woman’s chances of having breast cancer after 
the test comes back positive. The likelihood ratio is 73 percent/12.1 
percent ª 6. As I said before, this is the factor by which we augment 
her prior probability to compute her updated probability of having 
cancer. Since her prior probability was one in seven hundred, her 
updated probability is 6 ¥ 1/700 ª 1/116. In other words, she still 
has less than a 1 percent chance of having cancer.

The conclusion is startling. I think that most forty-year-old 
women who have a positive mammogram would be astounded to 
learn that they still have less than a 1 percent chance of having 
breast cancer. Figure 3.3 might make the reason easier to under-
stand: the tiny number of true positives (i.e., women with breast 
cancer) is overwhelmed by the number of false positives. Our sense 
of surprise at this result comes from the common cognitive confu-
sion between the forward probability, which is well studied and 
thoroughly documented, and the inverse probability, which is 
needed for personal decision making.

The conflict between our perception and reality partially ex-
plains the outcry when the US Preventive Services Task Force, in 
2009, recommended that forty-year-old women should not get an-
nual mammograms. The task force understood what many women 

Figure 3.3. In this example, based on false-positive and false-negative 
rates provided by the Breast Cancer Surveillance Consortium, only 3 out of 
363 forty-year-old women who test positive for breast cancer actually have 
the disease. (Proportions do not exactly match the text because of round-
ing.) (Source: Infographic by Maayan Harel.)

did not: a positive test at that age is way more likely to be a false 
alarm than to detect cancer, and many women were unnecessarily 
terrified (and getting unnecessary treatment) as a result.

However, the story would be very different if our patient had 
a gene that put her at high risk for breast cancer—say, a one-in-
twenty chance within the next year. Then a positive test would 
increase the probability to almost one in three. For a woman in this 
situation, the chances that the test provides lifesaving information 
are much higher. That is why the task force continued to recom-
mend annual mammograms for high-risk women.

This example shows that P(disease | test) is not the same for 
everyone; it is context dependent. If you know that you are at high 
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Probability was also considered at the time but immediately fell 
into ill repute, since the demands on storage space and processing 
time became formidable. I entered the arena rather late, in 1982, 
with an obvious yet radical proposal: instead of reinventing a new 
uncertainty theory from scratch, let’s keep probability as a guard-
ian of common sense and merely repair its computational deficien-
cies. More specifically, instead of representing probability in huge 
tables, as was previously done, let’s represent it with a network 
of loosely coupled variables. If we only allow each variable to in-
teract with a few neighboring variables, then we might overcome 
the computational hurdles that had caused other probabilists to 
stumble.

The idea did not come to me in a dream; it came from an article 
by David Rumelhart, a cognitive scientist at University of Califor-
nia, San Diego, and a pioneer of neural networks. His article 
about children’s reading, published in 1976, made clear that read-
ing is a complex process in which neurons on many different levels 
are active at the same time (see Figure 3.4). Some of the neurons 
are simply recognizing individual features—circles or lines. Above 
them, another layer of neurons is combining these shapes and 
forming conjectures about what the letter might be. In Figure 3.4, 
the network is struggling with a great deal of ambiguity about the 
second word. At the letter level, it could be “FHP,” but that 
doesn’t make much sense at the word level. At the word level it 
could be “FAR” or “CAR” or “FAT.” The neurons pass this infor-
mation up to the syntactic level, which decides that after the word 
“THE,” it’s expecting a noun. Finally this information gets passed 
all the way up to the semantic level, which realizes that the previ-
ous sentence mentioned a Volkswagen, so the phrase is likely to 
be “THE CAR,” referring to that same Volkswagen. The key 
point is that all the neurons are passing information back and 
forth, from the top down and from the bottom up and from side 
to side. It’s a highly parallel system, and one that is quite different 
from our self- perception of the brain as a monolithic, centrally 
controlled system.

Reading Rumelhart’s paper, I felt convinced that any artificial 
intelligence would have to model itself on what we know about 

Figure 3.4. David Rumelhart’s sketch of how a message-passing network 
would learn to read the phrase “THE CAR.” (Source: Courtesy of Center 
for Brain and Cognition, University of California, San Diego.)

human neural information processing and that machine reason-
ing under uncertainty would have to be constructed with a simi-
lar message-passing architecture. But what are the messages? This 
took me quite a few months to figure out. I finally realized that the 
messages were conditional probabilities in one direction and likeli-
hood ratios in the other.

More precisely, I assumed that the network would be hierar-
chical, with arrows pointing from higher neurons to lower ones, 
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cause to effect. Indeed, the diagram is like the engine of the Bayes-
ian network. But like any engine, a Bayesian network runs on fuel. 
The fuel is called a conditional probability table.

Another way to put this is that the diagram describes the rela-
tion of the variables in a qualitative way, but if you want quanti-
tative answers, you also need quantitative inputs. In a Bayesian 
network, we have to specify the conditional probability of each 
node given its “parents.” (Remember that the parents of a node are 
all the nodes that feed into it.) These are the forward probabilities, 
P(evidence | hypotheses).

In the case where A is a root node, with no arrows pointing 
into it, we need only specify the prior probability for each state of 
A. In our second network, Disease p Test, Disease is a root node. 
Therefore we specified the prior probability that a person has the 
disease (1/700 in our example) and that she does not have the dis-
ease (699/700 in our example).

By depicting A as a root node, we do not really mean that A has 
no prior causes. Hardly any variable is entitled to such a status. 
We really mean that any prior causes of A can be adequately sum-
marized in the prior probability P(A) that A is true. For example, 
in the Disease p Test example, family history might be a cause of 
Disease. But as long as we are sure that this family history will not 
affect the variable Test (once we know the status of Disease), we 
need not represent it as a node in the graph. However, if there is a 
cause of Disease that also directly affects Test, then that cause must 
be represented explicitly in the diagram.

In the case where the node A has a parent, A has to “listen” to 
its parent before deciding on its own state. In our mammogram 
example, the parent of Test was Disease. We can show this “listen-
ing” process with a 2 ¥ 2 table (see Table 3.2). For example, if Test 

Probability of p, 
given s

 
T = 0

 
T = 1

D = 0 88 12

D = 1 27 73

Table 3.2. A simple conditional probability table.
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“hears” that D = 0, then 88 percent of the time it will take the value 
T = 0, and 12 percent of the time it will take the value T = 1. Notice 
that the second column of this table contains the same information 
we saw earlier from the Breast Cancer Surveillance Consortium: 
the false positive rate (upper right corner) is 12 percent, and the 
sensitivity (lower right corner) is 73 percent. The remaining two 
entries are filled in to make each row sum to 100 percent.

As we move to more complicated networks, the conditional 
probability table likewise gets more complicated. For example, if 
we have a node with two parents, the conditional probability table 
has to take into account the four possible states of both parents. 
Let’s look at a concrete example, suggested by Stefan Conrady and 
Lionel Jouffe of BayesiaLab, Inc. It’s a scenario familiar to all trav-
elers: we can call it “Where Is My Bag?”

Suppose you’ve just landed in Zanzibar after making a tight 
connection in Aachen, and you’re waiting for your suitcase to ap-
pear on the carousel. Other passengers have started to get their 
bags, but you keep waiting . . . and waiting . . . and waiting. What 
are the chances that your suitcase did not actually make the con-
nection from Aachen to Zanzibar? The answer depends, of course, 
on how long you have been waiting. If the bags have just started to 
show up on the carousel, perhaps you should be patient and wait a 
little bit longer. If you’ve been waiting a long time, then things are 
looking bad. We can quantify these anxieties by setting up a causal 
diagram (Figure 3.5).

Figure 3.5. Causal diagram for airport/bag example.
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automates this computation and reveals an interesting pattern. Af-
ter one minute, there is still a 47 percent chance that it was on 
the plane. (Remember that our prior assumption was a 50 percent 
probability.) After five minutes, the probability drops to 33 percent. 
After ten minutes, of course, it drops to zero. Figure 3.6 shows a 
plot of the probability over time, which one might call the “Curve 
of Abandoning Hope.” To me the interesting thing is that it is a 

Table 3.3. A more complicated conditional probability table.

Probability of p,
Given s

 
carousel = false

 
carousel = true

bag on plane time elapsed

False 0 100 0

False 1 100 0

False 2 100 0

False 3 100 0

False 4 100 0

False 5 100 0

False 6 100 0

False 7 100 0

False 8 100 0

False 9 100 0

False 10 100 0

True 0 100 0

True 1 90 10

True 2 80 20

True 3 70 30

True 4 60 40

True 5 50 50

True 6 40 60

True 7 30 70

True 8 20 80

True 9 10 90

True 10 0 100
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curve: I think that most people would expect it to be a straight line. 
It actually sends us a pretty optimistic message: don’t give up hope 
too soon! According to this curve, you should abandon only one-
third of your hope in the first half of the allotted time.

Besides a life lesson, we’ve learned that you don’t want to do 
this by hand. Even with this tiny network of three nodes, there 
were 2 ¥ 11 = 22 parent states, each contributing to the probability 
of the child state. For a computer, though, such computations are 
elementary . . . up to a point. If they aren’t done in an organized 
fashion, the sheer number of computations can overwhelm even 
the fastest supercomputer. If a node has ten parents, each of which 
has two states, the conditional probability table will have more 
than 1,000 rows. And if each of the ten parents has ten states, the 
table will have 10 billion rows! For this reason one usually has to 
winnow the connections in the network so that only the most im-
portant ones remain and the network is “sparse.” One technical 

Figure 3.6. The probability of seeing your bag on the carousel 
decreases slowly at first, then more rapidly. (Source: Graph by 
Maayan Harel, data from Stefan Conrady and Lionel Jouffe.)
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Figure 3.8. From DNA tests to Bayesian networks. In Bayesian net-
work, unshaded nodes represent alleles, and shaded nodes represent 
genotypes. Data are only available on shaded nodes because genotypes 
cannot indicate which allele came from the father and which from the 
mother. The Bayesian network enables inference on the unobserved 
nodes and also allows us to estimate the likelihood that a given DNA 
sample came from the child. (Source: Infographic by Maayan Harel.)

Figure 3.7. Actual pedigree of a family with multiple victims in the Malay-
sia Airlines crash. (Source: Data provided by Willem Burgers.)

9780465097609-text.indd   123 3/14/18   12:31 PM



123

Figure 3.8. From DNA tests to Bayesian networks. In Bayesian net-
work, unshaded nodes represent alleles, and shaded nodes represent 
genotypes. Data are only available on shaded nodes because genotypes 
cannot indicate which allele came from the father and which from the 
mother. The Bayesian network enables inference on the unobserved 
nodes and also allows us to estimate the likelihood that a given DNA 
sample came from the child. (Source: Infographic by Maayan Harel.)

Figure 3.7. Actual pedigree of a family with multiple victims in the Malay-
sia Airlines crash. (Source: Data provided by Willem Burgers.)

9780465097609-text.indd   123 3/14/18   12:31 PM



From Evidence to Causes: Reverend Bayes Meets Mr. Holmes 127

This capsule history is correct except for one thing: Berrou 
did not know that he was working with Bayesian networks! He 
had simply discovered the belief propagation algorithm himself. 
It wasn’t until five years later that David MacKay of Cambridge 
realized that it was the same algorithm that he had been enjoy-
ing in the late 1980s while playing with Bayesian networks. This 
placed Berrou’s algorithm in a familiar theoretical context and al-
lowed information theorists to sharpen their understanding of its 
performance.

Figure 3.9. (a) Bayesian network representation of ordinary coding pro-
cess. Information bits are transformed into codewords; these are transmit-
ted and received at the destination with noise (errors). (b) Bayesian network 
representation of turbo code. Information bits are scrambled and encoded 
twice. Decoding proceeds by belief propagation on this network. Each pro-
cessor at the bottom uses information from the other processor to improve 
its guess of the hidden codeword, in an iterative process.
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Sometimes the confounders are known; other times they are merely 
suspected and act as a “lurking third variable.” In a causal dia-
gram, confounders are extremely easy to recognize: in Figure 4.1, 
the variable Z at the center of the fork is a confounder of X and Y. 
(We will see a more universal definition later, but this triangle is 
the most recognizable and common situation.)

The term “confounding” originally meant “mixing” in English, 
and we can understand from the diagram why this name was cho-
sen. The true causal effect X p Y is “mixed” with the spurious 
correlation between X and Y induced by the fork X f Z p Y. For 
example, if we are testing a drug and give it to patients who are 
younger on average than the people in the control group, then age 
becomes a confounder—a lurking third variable. If we don’t have 
any data on the ages, we will not be able to disentangle the true 
effect from the spurious effect.

However, the converse is also true. If we do have measurements 
of the third variable, then it is very easy to deconfound the true and 
spurious effects. For instance, if the confounding variable Z is age, 
we compare the treatment and control groups in every age group 
separately. We can then take an average of the effects, weighting 
each age group according to its percentage in the target population. 

Figure 4.1. The most basic version of confounding: Z 
is a confounder of the proposed causal relationship be-
tween X and Y.
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less likely to die. So we would have a causal diagram like that in 
Figure 4.2.

The classic forking pattern at the “Age” node tells us that age 
is a confounder of walking and mortality. I’m sure you can think 
of other possible confounders. Perhaps the casual walkers were 
slacking off for a reason; maybe they couldn’t walk as much. Thus, 
physical condition could be a confounder. We could go on and on 
like this. What if the light walkers were alcohol drinkers? What if 
they ate more?

The good news is, the researchers thought about all these fac-
tors. The study has accounted and adjusted for every reasonable 
factor—age, physical condition, alcohol consumption, diet, and 
several others. For example, it’s true that the intense walkers 
tended to be slightly younger. So the researchers adjusted the death 
rate for age and found that the difference between casual and in-
tense walkers was still very large. (The age-adjusted death rate for 
the casual walkers was 41 percent, compared to 24 percent for the 
intense walkers.)

Even so, the researchers were very circumspect in their conclu-
sions. At the end of the article, they wrote, “Of course, the effects 
on longevity of intentional efforts to increase the distance walked 
per day by physically capable older men cannot be addressed in 
our study.” To use the language of Chapter 1, they decline to say 
anything about your probability of surviving twelve years given 
that you do(exercise).

Figure 4.2. Causal diagram for walking example.
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times you may get lucky and apply it to the most fertile subplots. 
But by generating a new random assignment each time you per-
form the experiment, you can guarantee that the great majority 
of the time you will be neither lucky nor unlucky. In those cases, 
Fertilizer 1 will be applied to a selection of subplots that is rep-
resentative of the field as a whole. This is exactly what you want 
for a controlled trial. Because the distribution of fertility in the 
field is fixed throughout your series of experiments—the genie 
can’t change it—he is tricked into answering (most of the time) the 
causal question you wanted to ask.

From our perspective, in an era when randomized trials are the 
gold standard, all of this may appear obvious. But at the time, the 
idea of a randomly designed experiment horrified Fisher’s statis-
tical colleagues. Fisher’s literally drawing from a deck of cards to 
assign subplots to each fertilizer may have contributed to their dis-
may. Science subjected to the whims of chance?

But Fisher realized that an uncertain answer to the right question 
is much better than a highly certain answer to the wrong question. 

Figure 4.3. R. A. Fisher with one of his many innovations: a Latin square 
experimental design, intended to ensure that one plot of each plant type ap-
pears in each row (fertilizer type) and column (soil type). Such designs are 
still used in practice, but Fisher would later argue convincingly that a ran-
domized design is even more effective. (Source: Drawing by Dakota Harr.)

9780465097609-text.indd   146 3/13/18   9:56 AM



Confounding and Deconfounding: Or, Slaying the Lurking Variable 147

If you ask the genie the wrong question, you will never find out 
what you want to know. If you ask the right question, getting an 
answer that is occasionally wrong is much less of a problem. You 
can still estimate the amount of uncertainty in your answer, be-
cause the uncertainty comes from the randomization procedure 
(which is known) rather than the characteristics of the soil (which 
are unknown).

Thus, randomization actually brings two benefits. First, it elim-
inates confounder bias (it asks Nature the right question). Second, 
it enables the researcher to quantify his uncertainty. However, ac-
cording to historian Stephen Stigler, the second benefit was really 
Fisher’s main reason for advocating randomization. He was the 
world’s master of quantifying uncertainty, having developed many 
new mathematical procedures for doing so. By comparison, his un-
derstanding of deconfounding was purely intuitive, for he lacked a 
mathematical notation for articulating what he sought.

Now, ninety years later, we can use the do-operator to fill in 
what Fisher wanted to but couldn’t ask. Let’s see, from a causal 
point of view, how randomization enables us to ask the genie the 
right question.

Let’s start, as usual, by drawing a causal diagram. Model 1, 
shown in Figure 4.4, describes how the yield of each plot is deter-
mined under normal conditions, where the farmer decides by whim 
or bias which fertilizer is best for each plot. The query he wants to 
pose to the genie Nature is “What is the yield under a uniform ap-
plication of Fertilizer 1 (versus Fertilizer 2) to the entire field?” Or, 
in do-operator notation, what is P(yield | do(fertilizer = 1))?

Figure 4.4. Model 1: an improperly controlled experiment.
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If the farmer performs the experiment naively, for example ap-
plying Fertilizer 1 to the high end of his field and Fertilizer 2 to the 
low end, he is probably introducing Drainage as a confounder. If 
he uses Fertilizer 1 one year and Fertilizer 2 the next year, he is 
probably introducing Weather as a confounder. In either case, he 
will get a biased comparison.

The world that the farmer wants to know about is described 
by Model 2, where all plots receive the same fertilizer (see Figure 
4.5). As explained in Chapter 1, the effect of the do-operator is to 
erase all the arrows pointing to Fertilizer and force this variable to 
a particular value—say, Fertilizer = 1.

Finally, let’s see what the world looks like when we apply ran-
domization. Now some plots will be subjected to do(fertilizer = 1) 
and others to do(fertilizer = 2), but the choice of which treatment 
goes to which plot is random. The world created by such a model 
is shown by Model 3 in Figure 4.6, showing the variable Fertilizer 
obtaining its assignment by a random device—say, Fisher’s deck 
of cards.

Notice that all the arrows pointing toward Fertilizer have been 
erased, reflecting the assumption that the farmer listens only to 
the card when deciding which fertilizer to use. It is equally impor-
tant to note that there is no arrow from Card to Yield, because the 
plants cannot read the cards. (This is a fairly safe assumption for 
plants, but for human subjects in a randomized trial it is a serious 
concern.) Therefore Model 3 describes a world in which the re-
lation between Fertilizer and Yield is unconfounded (i.e., there is 
no common cause of Fertilizer and Yield). This means that in the 

Figure 4.5. Model 2: the world we would like to know about.
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world described by Figure 4.6, there is no difference between seeing 
Fertilizer = 1 and doing Fertilizer = 1.

That brings us to the punch line: randomization is a way of sim-
ulating Model 2. It disables all the old confounders without intro-
ducing any new confounders. That is the source of its power; there 
is nothing mysterious or mystical about it. It is nothing more or less 
than, as Joan Fisher Box said, “the skillful interrogation of Nature.”

The experiment would, however, fail in its objective of simulat-
ing Model 2 if either the experimenter were allowed to use his own 
judgment to choose a fertilizer or the experimental subjects, in this 
case the plants, “knew” which card they had drawn. This is why 
clinical trials with human subjects go to great lengths to conceal 
this information from both the patients and the experimenters (a 
procedure known as double blinding).

I will add to this a second punch line: there are other ways of 
simulating Model 2. One way, if you know what all the possible 
confounders are, is to measure and adjust for them. However, ran-
domization does have one great advantage: it severs every incom-
ing link to the randomized variable, including the ones we don’t 
know about or cannot measure (e.g., “Other” factors in Figures 
4.4 to 4.6).

By contrast, in a nonrandomized study, the experimenter must 
rely on her knowledge of the subject matter. If she is confident that 
her causal model accounts for a sufficient number of deconfound-
ers and she has gathered data on them, then she can estimate the 
effect of Fertilizer on Yield in an unbiased way. But the danger is 
that she may have missed a confounding factor, and her estimate 
may therefore be biased.

Figure 4.6. Model 3: the world simulated by a randomized controlled trial.
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both the treatment and control groups. Equality among these pro-
portions guarantees that the outcome would be just the same if we 
switched the treatments and controls. Otherwise, the treatment and 
control groups are not alike, and our estimate of the effect of the 
vaccine will be confounded. Note that the two groups may be differ-
ent in many ways. They can differ in age, sex, health conditions, and 
a variety of other characteristics. Only equality among d, c, p, and 
i determines whether they are exchangeable or not. So exchange-
ability amounts to equality between two sets of four proportions, 
a vast reduction in complexity from the alternative of assessing the 
innumerable factors by which the two groups may differ.

Using this commonsense definition of confounding, Greenland 
and Robins showed that the “statistical” definitions, both declara-
tive and procedural, give incorrect answers. A variable can satisfy 
the three-part test of epidemiologists and still increase bias, if ad-
justed for.

Greenland and Robins’s definition was a great achievement, be-
cause it enabled them to give explicit examples showing that the 
previous definitions of confounding were inadequate. However, 
the definition could not be translated into practice. To put it sim-
ply, those stickers on the forehead don’t exist. We do not even have 
a count of the proportions d, c, p, and i. In fact, this is precisely the 
kind of information that the genie of Nature keeps locked inside 
her magic lantern and doesn’t show to anybody. Lacking this in-
formation, the researcher is left to intuit whether the treatment and 
control groups are exchangeable or not.

 
Group

Percentage in 
Group

Outcome If 
Vaccinated

Outcome If Not 
Vaccinated

Doomed d Flu Flu

Causative c Flu No flu

Preventive p No flu Flu

Immune i No flu No flu

Table 4.1. Classification of individuals according to response type.
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you still find it hard, be assured that algorithms exist that can crack 
all such problems in a matter of nanoseconds. In each case, the goal 
of the game is to specify a set of variables that will deconfound X 
and Y. In other words, they should not be descended from X, and 
they should block all the back-door paths.

This one is easy! There are no arrows leading into X, therefore 
no back-door paths. We don’t need to control for anything.

Nevertheless, some researchers would consider B a confounder. 
It is associated with X because of the chain X p A p B. It is associ-
ated with Y among individuals with X = 0 because there is an open 
path B f A p Y that does not pass through X. And B is not on the 
causal path X p A p Y. It therefore passes the three-step “classical 
epidemiological definition” for confounding, but it does not pass 
the back-door criterion and will lead to disaster if controlled for.

Game 1.

Game 2.
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In this example you should think of A, B, C, and D as “pretreat-
ment” variables. (The treatment, as usual, is X.) Now there is one 
back-door path X f A p B f D p E p Y. This path is already 
blocked by the collider at B, so we don’t need to control for any-
thing. Many statisticians would control for B or C, thinking there 
is no harm in doing so as long as they occur before the treatment. 
A leading statistician even recently wrote, “To avoid conditioning 
on some observed covariates . . . is nonscientific ad hockery.” He is 
wrong; conditioning on B or C is a poor idea because it would open 
the noncausal path and therefore confound X and Y. Note that in 
this case we could reclose the path by controlling for A or D. This 
example shows that there may be different strategies for decon-
founding. One researcher might take the easy way and not control 
for anything; a more traditional researcher might control for C and 
D. Both would be correct and should get the same result (provided 
that the model is correct, and we have a large enough sample).

In Games 1 and 2 you didn’t have to do anything, but this time 
you do. There is one back-door path from X to Y, X f B p Y, 
which can only be blocked by controlling for B. If B is unobserv-
able, then there is no way of estimating the effect of X on Y with-
out running a randomized controlled experiment. Some (in fact, 
most) statisticians in this situation would control for A, as a proxy 
for the unobservable variable B, but this only partially eliminates 
the confounding bias and introduces a new collider bias.

Game 3.
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This one introduces a new kind of bias, called “M-bias” (named 
for the shape of the graph). Once again there is only one back-door 
path, and it is already blocked by a collider at B. So we don’t need 
to control for anything. Nevertheless, all statisticians before 1986 
and many today would consider B a confounder. It is associated 
with X (via X f A p B) and associated with Y via a path that 
doesn’t go through X (B f C p Y). It does not lie on a causal path 
and is not a descendant of anything on a causal path, because there 
is no causal path from X to Y. Therefore B passes the traditional 
three-step test for a confounder.

M-bias puts a finger on what is wrong with the traditional ap-
proach. It is incorrect to call a variable, like B, a confounder merely 
because it is associated with both X and Y. To reiterate, X and Y 
are unconfounded if we do not control for B. B only becomes a 
confounder when you control for it!

When I started showing this diagram to statisticians in the 1990s, 
some of them laughed it off and said that such a diagram was ex-
tremely unlikely to occur in practice. I disagree! For example, seat-
belt usage (B) has no causal effect on smoking (X) or lung disease 
(Y); it is merely an indicator of a person’s attitudes toward societal 
norms (A) as well as safety and health-related measures (C). Some 
of these attitudes may affect susceptibility to lung disease (Y). In 
practice, seatbelt usage was found to be correlated with both X 
and Y; indeed, in a study conducted in 2006 as part of a tobacco 

Game 4.
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litigation, seat-belt usage was listed as one of the first variables to 
be controlled for. If you accept the above model, then controlling 
for B alone would be a mistake.

Note that it’s all right to control for B if you also control for 
A or C. Controlling for the collider B opens the “pipe,” but con-
trolling for A or C closes it again. Unfortunately, in the seat-belt 
example, A and C are variables relating to people’s attitudes and 
not likely to be observable. If you can’t observe it, you can’t adjust 
for it.

Game 5 is just Game 4 with a little extra wrinkle. Now a second 
back-door path X f B f C p Y needs to be closed. If we close this 
path by controlling for B, then we open up the M-shaped path X f 
A p B f C p Y. To close that path, we must control for A or C as 
well. However, notice that we could just control for C alone; that 
would close the path X f B f C p Y and not affect the other path.

Games 1 through 3 come from a 1993 paper by Clarice Wein-
berg, a deputy chief at the National Institutes of Health, called 
“Toward a Clearer Definition of Confounding.” It came out during 
the transitional period between 1986 and 1995, when Greenland 
and Robins’s paper was available but causal diagrams were still 
not widely known. Weinberg therefore went through the consid-
erable arithmetic exercise of verifying exchangeability in each of 
the cases shown. Although she used graphical displays to commu-
nicate the scenarios involved, she did not use the logic of diagrams 

Game 5.
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for greater realism. (Game 4 was only meant to introduce the 
M-graph.)

In fact, the full model in Forbes’ paper has a few more vari-
ables and looks like the diagram in Figure 4.7. Note that Game 5 is 
embedded in this model in the sense that the variables A, B, C, X, 
and Y have exactly the same relationships. So we can transfer our 
conclusions over and conclude that we have to control for A and 
B or for C; but C is an unobservable and therefore uncontrollable 
variable. In addition we have four new confounding variables: D = 
parental asthma, E = chronic bronchitis, F = sex, and G = socio-
economic status. The reader might enjoy figuring out that we must 
control for E, F, and G, but there is no need to control for D. So a 
sufficient set of variables for deconfounding is A, B, E, F, and G.

In the end, Forbes found that smoking had a small and statis-
tically insignificant association with adult asthma in the raw data, 
and the effect became even smaller and more insignificant after 
adjusting for the confounders. The null result should not detract, 
however, from the fact that his paper is a model for the “skillful 
interrogation of Nature.”

Figure 4.7. Andrew Forbes’s model of smoking (X) and 
asthma (Y).
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With hindsight, it is easy to point the finger of blame at smok-
ing. If we plot the rates of lung cancer and tobacco consumption 
on a graph (see Figure 5.2), the connection is impossible to miss. 
But time series data are poor evidence for causality. Many other 
things had changed between 1900 and 1950 and were equally plau-
sible culprits: the paving of roads, the inhalation of leaded gasoline 
fumes, and air pollution in general. British epidemiologist Richard 
Doll said in 1991, “Motor cars . . . were a new factor and if I had 
had to put money on anything at the time, I should have put it on 
motor exhausts or possibly the tarring of roads.”

Figure 5.1. Highly manipulative advertisements were in-
tended to reassure the public that cigarettes were not in-
jurious to their health—including this 1948 ad from the 
Journal of the American Medical Association targeting the 
doctors themselves. (Source: From the collection of Stan-
ford Research into the Impact of Tobacco Advertising.)
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The job of science is to put supposition aside and look at the 
facts. In 1948, Doll and Austin Bradford Hill teamed up to see if 
they could learn anything about the causes of the cancer epidemic. 
Hill had been the chief statistician on a highly successful random-
ized controlled trial, published earlier that year, which had proved 
that streptomycin—one of the first antibiotics—was effective 
against tuberculosis. The study, a landmark in medical history, not 
only introduced doctors to “wonder drugs” but also cemented the 
reputation of randomized controlled trials, which soon became the 
standard for clinical research in epidemiology.

Of course Hill knew that an RCT was impossible in this case, 
but he had learned the advantages of comparing a treatment group 

Figure 5.2. A graph of the per capita cigarette consumption rate in the 
United States (black) and the lung cancer death rate among men (gray) 
shows a stunning similarity: the cancer curve is almost a replica of the 
smoking curve, delayed by about thirty years. Nevertheless, this evidence 
is circumstantial, not proof of causation. Certain key dates are noted here, 
including the publication of Richard Doll and Austin Bradford Hill’s paper 
in 1950, which first alerted many medical professionals to the association 
between smoking and lung cancer. (Source: Graph by Maayan Harel, using 
data from the American Cancer Society, Centers for Disease Control, and 
Office of the Surgeon General.)
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As explained above, the association between smoking and lung 
cancer was much too strong to be explained by the constitutional 
hypothesis.

In fact, Cornfield’s method planted the seeds of a very pow-
erful technique called “sensitivity analysis,” which today supple-
ments the conclusions drawn from the inference engine described 
in the Introduction. Instead of drawing inferences by assuming the 
absence of certain causal relationships in the model, the analyst 
challenges such assumptions and evaluates how strong alternative 
relationships must be in order to explain the observed data. The 
quantitative result is then submitted to a judgment of plausibility, 
not unlike the crude judgments invoked in positing the absence of 
those causal relationships. Needless to say, if we want to extend 
Cornfield’s approach to a model with more than three or four vari-
ables, we need algorithms and estimation techniques that are un-
thinkable without the advent of graphical tools.

Diagram 5.1.

Diagram 5.2.
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and nobody who had previously made public statements for or 
against smoking. For that reason, people like Lilienfeld and Corn-
field were ineligible. The members of the committee were distin-
guished experts in medicine, chemistry, or biology. One of them, 
William Cochran of Harvard University, was a statistician. In fact, 
Cochran’s credentials in statistics were the best possible: he was a 
student of a student of Karl Pearson.

The committee labored for more than a year on its report, and a 
major issue was the use of the word “cause.” The committee mem-
bers had to put aside nineteenth-century deterministic conceptions 
of causality, and they also had to put aside statistics. As they (prob-
ably Cochran) wrote in the report, “Statistical methods cannot es-
tablish proof of a causal relationship in an association. The causal 

Figure 5.3. In 1963, a surgeon general’s advisory committee 
wrestled with the problem of how to assess the causal effects of 
smoking. Depicted here are William Cochran (the committee’s 
statistician), Surgeon General Luther Terry, and chemist Louis 
Fieser. (Source: Drawing by Dakota Harr.)
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it might be affected by one of those other causes. If we find out that 
the mother is a smoker, this explains away the low weight and con-
sequently reduces the likelihood of a serious birth defect. But if the 
mother does not smoke, we have stronger evidence that the cause 
of the low birth weight is a birth defect, and the baby’s prognosis 
becomes worse.

As before, a causal diagram makes everything clearer. When we 
incorporate the new assumptions, the causal diagram looks like 
Figure 5.4. We can see that the birth-weight paradox is a perfect 
example of collider bias. The collider is Birth Weight. By looking 
only at babies with low birth weight, we are conditioning on that 
collider. This opens up a back-door path between Smoking and 
Mortality that goes Smoking p Birth Weight f Birth Defect p 
Mortality. This path is noncausal because one of the arrows goes 
the wrong way. Nevertheless, it induces a spurious correlation be-
tween Smoking and Mortality and biases our estimate of the ac-
tual (direct) causal effect, Smoking p Mortality. In fact, it biases 
the estimate to such a large extent that smoking actually appears 
beneficial.

The beauty of causal diagrams is that they make the source 
of bias obvious. Lacking such diagrams, epidemiologists argued 
about the paradox for forty years. In fact, they are still discussing 
it: the October 2014 issue of the International Journal of Epidemi-
ology contains several articles on this topic. One of them, by Tyler 
VanderWeele of Harvard, nails the explanation perfectly and con-
tains a diagram just like the one below.

Figure 5.4. Causal diagram for the birth-weight paradox.
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Smith, PhD); “May I suggest that you obtain and refer to a stan-
dard textbook on probability before you try to answer a question 
of this type again?” (Charles Reid, PhD); “You blew it!” (Robert 
Sachs, PhD); and “You are utterly incorrect” (Ray Bobo, PhD). 
In general, the critics argued that it shouldn’t matter whether you 
switch doors or not—there are only two doors left in the game, and 
you have chosen your door completely at random, so the probabil-
ity that the car is behind your door must be one-half either way.

Who was right? Who was wrong? And why does the problem 
incite such passion? All three questions deserve closer examination.

Let’s take a look first at how vos Savant solved the puzzle. Her 
solution is actually astounding in its simplicity and more compel-
ling than any I have seen in many textbooks. She made a list (Table 
6.1) of the three possible arrangements of doors and goats, along 
with the corresponding outcomes under the “Switch” strategy and 
the “Stay” strategy. All three cases assume that you picked Door 1. 
Because all three possibilities listed are (initially) equally likely, the 
probability of winning if you switch doors is two-thirds, and the 
probability of winning if you stay with Door 1 is only one-third. 
Notice that vos Savant’s table does not explicitly state which door 
was opened by the host. That information is implicitly embedded 
in columns 4 and 5. For example, in the second row, we kept in 
mind that the host must open Door 3; therefore switching will land 
you on Door 2, a win. Similarly, in the first row, the door opened 
could be either Door 2 or Door 3, but column 4 states correctly that 
you lose in either case if you switch.

Even today, many people seeing the puzzle for the first time find 
the result hard to believe. Why? What intuitive nerve is jangled? 

 
Door 1

 
Door 2

 
Door 3

Outcome If  
You Switch

Outcome If  
You Stay

Auto Goat Goat Lose Win

Goat Auto Goat Win Lose

Goat Goat Auto Win Lose

Table 6.1. The three possible arrangements of doors and goats in Let’s 
Make a Deal, showing that switching doors is twice as attractive as not.
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game Let’s Fake a Deal, all of Marilyn vos Savant’s critics would be 
right! Yet the data are the same in both games. The lesson is quite 
simple: the way that we obtain information is no less important 
than the information itself.

Let’s use our favorite trick and draw a causal diagram, which 
should illustrate immediately how the two games differ. First, Fig-
ure 6.1 shows a diagram for the actual Let’s Make a Deal game, in 
which Monty Hall must open a door that does not have a car be-
hind it. The absence of an arrow between Your Door and Location 
of Car means that your choice of a door and the producers’ choice 
of where to put the car are independent. This means we are ex-
plicitly ruling out the possibility that the producers can read your 
mind (or that you can read theirs!). Even more important are the 
two arrows that are present in the diagram. They show that Door 

Door You 
Chose

Door with 
Auto

Door Opened 
by Host

Outcome If  
You Switch

Outcome If  
You Stay

1 1 2 (goat) Lose Win

1 1 3 (goat) Lose Win

1 2 2 (auto) Lose Lose

1 2 3 (goat) Win Lose

1 3 2 (goat) Win Lose

1 3 3 (auto) Lose Lose

Table 6.2. Let’s Fake a Deal possibilities.

Figure 6.1. Causal diagram for Let’s Make a Deal.
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esis that has survived some test that threatens its validity becomes 
more likely. The greater the threat, the more likely it becomes after 
surviving. Door 2 was vulnerable to refutation (i.e., Monty could 
have opened it), but Door 1 was not. Therefore, Door 2 becomes a 
more likely location, while Door 1 does not. The probability that 
the car is behind Door 1 remains one in three.

Now, for comparison, Figure 6.2 shows the causal diagram 
for Let’s Fake a Deal, the game in which Monty Hall chooses a 
door that is different from yours but otherwise chosen at random. 
This diagram still has an arrow pointing from Your Door to Door 
Opened because he has to make sure that his door is different from 
yours. However, the arrow from Location of Car to Door Opened 
would be deleted because he no longer cares where the car is. In this 
diagram, conditioning on Door Opened has absolutely no effect: 
Your Door and Location of Car were independent to start with, 
and they remain independent after we see the contents of Monty’s 
door. So in Let’s Fake a Deal, the car is just as likely to be behind 
your door as the other door, as observed in Table 6.2.

From the Bayesian point of view, the difference between the two 
games is that in Let’s Fake a Deal, Door 1 is vulnerable to refuta-
tion. Monty Hall could have opened Door 3 and revealed the car, 
which would have proven that your door choice was wrong. Be-
cause your door and Door 2 were equally vulnerable to refutation, 
they still have equal probability.

Figure 6.2. Causal diagram for Let’s Fake a Deal.
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arise. Once we have “rewired our brains” to recognize colliders, 
the paradox ceases to be confusing.

MORE COLLIDER BIAS: BERKSON’S PARADOX

In 1946, Joseph Berkson, a biostatistician at the Mayo Clinic, 
pointed out a peculiarity of observational studies conducted in a 
hospital setting: even if two diseases have no relation to each other 
in the general population, they can appear to be associated among 
patients in a hospital.

To understand Berkson’s observation, let’s start with a causal 
diagram (Figure 6.3). It’s also helpful to think of a very extreme 
possibility: neither Disease 1 nor Disease 2 is ordinarily severe 
enough to cause hospitalization, but the combination is. In this 
case, we would expect Disease 1 to be highly correlated with Dis-
ease 2 in the hospitalized population.

By performing a study on patients who are hospitalized, we are 
controlling for Hospitalization. As we know, conditioning on a col-
lider creates a spurious association between Disease 1 and Disease 
2. In many of our previous examples the association was negative 
because of the explain-away effect, but here it is positive because 
both diseases have to be present for hospitalization (not just one).

However, for a long time epidemiologists refused to believe in 
this possibility. They still didn’t believe it in 1979, when David 

Figure 6.3. Causal diagram for Berkson’s paradox.
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Sackett of McMaster University, an expert on all sorts of statistical 
bias, provided strong evidence that Berkson’s paradox is real. In 
one example (see Table 6.3), he studied two groups of diseases: 
respiratory and bone. About 7.5 percent of people in the general 
population have a bone disease, and this percentage is independent 
of whether they have respiratory disease. But for hospitalized peo-
ple with respiratory disease, the frequency of bone disease jumps to 
25 percent! Sackett called this phenomenon “admission rate bias” 
or “Berkson bias.”

Sackett admits that we cannot definitively attribute this effect 
to Berkson bias because there could also be confounding factors. 
The debate is, to some extent, ongoing. However, unlike in 1946 
and 1979, researchers in epidemiology now understand causal dia-
grams and what biases they entail. The discussion has now moved 
on to finer points of how large the bias can be and whether it is 
large enough to observe in causal diagrams with more variables. 
This is progress!

Collider-induced correlations are not new. They have been 
found in work dating back to a 1911 study by the English econo-
mist Arthur Cecil Pigou, who compared children of alcoholic and 
nonalcoholic parents. They are also found, though not by that 
name, in the work of Barbara Burks (1926), Herbert Simon (1954), 
and of course Berkson. They are also not as esoteric as they may 
seem from my examples. Try this experiment: Flip two coins si-
multaneously one hundred times and write down the results only 
when at least one of them comes up heads. Looking at your table, 
which will probably contain roughly seventy-five entries, you will 

 
General Population

Hospitalized in  
Last Six Months

Respiratory
disease? s

Bone disease? s Bone disease? s

Yes No % Yes Yes No % Yes

Yes 17 207 7.6 5 15 25.0

No (control) 184 2,376 7.2 18 219 7.6

Table 6.3. Sackett’s data illustrating Berkson’s paradox.
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attack. I must be losing my marbles! This drug seems to be bad for 
women, bad for men, but good for people.”

Are you perplexed too? If so, you are in good company. This 
paradox, first discovered by a real-life statistician named Edward 
Simpson in 1951, has been bothering statisticians for more than 
sixty years—and it remains vexing to this very day. Even in 2016, 
as I was writing this book, four new articles (including a PhD dis-
sertation) came out, attempting to explain Simpson’s paradox 
from four different points of view. 

In 1983 Melvin Novick wrote, “The apparent answer is that 
when we know that the gender of the patient is male or when we 
know that it is female we do not use the treatment, but if the gen-
der is unknown we should use the treatment! Obviously that con-
clusion is ridiculous.” I completely agree. It is ridiculous for a drug 
to be bad for men and bad for women but good for people. So one 
of these three assertions must be wrong. But which one? And why? 
And how is this confusion even possible?

To answer these questions, we of course need to look at the 
(fictional) data that puzzled our good Dr. Simpson so much. The 
study was observational, not randomized, with sixty men and sixty 
women. This means that the patients themselves decided whether 
to take or not to take the drug. Table 6.4 shows how many of each 
gender received Drug D and how many were subsequently diag-
nosed with heart attack.

Let me emphasize where the paradox is. As you can see, 5 per-
cent (one in twenty) of the women in the control group later had a 
heart attack, compared to 7.5 percent of the women who took the 

Control Group 
(No Drug)

Treatment Group 
(Took Drug)

Heart attack No heart attack Heart attack No heart attack

Female 1 19 3 37

Male 12 28 8 12

Total 13 47 11 49

Table 6.4. Fictitious data illustrating Simpson’s paradox.
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men, the inequality reversed direction: (3 + 8)/(40 + 20) < (1 + 12)/
(20 + 40). If you thought such a reversal mathematically impossi-
ble, then you were probably basing your reaction on misapplied 
or misremembered properties of fractions. Many people seem to 
believe that if A/B > a/b and C/D > c/d, then it follows that (A + 
C)/(B + D) > (a + c)/(b + d). But this folk wisdom is simply wrong. 
The example we have just given refutes it.

Simpson’s reversal can be found in real-world data sets. For 
baseball fans, here is a lovely example concerning two star base-
ball players, David Justice and Derek Jeter. In 1995, Justice had a 
higher batting average, .253 to .250. In 1996, Justice had a higher 
batting average again, .321 to .314. And in 1997, he had a higher 
batting average than Jeter for the third season in a row, .329 to 
.291. Yet over all three seasons combined, Jeter had the higher av-
erage! Table 6.5 shows the calculations for readers who would like 
to check them.

How can one player be a worse hitter than the other in 1995, 
1996, and 1997 but better over the three-year period? This reversal 
seems just like the BBG drug. In fact it isn’t possible; the problem 
is that we have used an overly simple word (“better”) to describe 
a complex averaging process over uneven seasons. Notice that the 
at bats (the denominators) are not distributed evenly year to year. 
Jeter had very few at bats in 1995, so his rather low batting aver-
age that year had little effect on his overall average. On the other 
hand, Justice had many more at bats in his least productive year, 
1995, and that brought his overall batting average down. Once you 
realize that “better hitter” is defined not by an actual head-to-head 
competition but by a weighted average that takes into account how 
often each player played, I think the surprise starts to wane.

Table 6.5. Data (not fictitious) illustrating Simpson’s reversal.

Hits/At Bats

1995 1996 1997 All Three Years

David Justice 104/411 = .253 45/140 = .321 163/495 = .329 312/1,046 = .298

Derek Jeter 12/48 = .250 183/582 = .314 190/654 = .291 385/1,284 = .300
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principle would read as follows: an action that increases the prob-
ability of a certain outcome assuming either that Event C occurred 
or that Event C did not occur will also increase its probability if 
we don’t know whether C occurred . . . provided that the action 
does not change the probability of C. In particular, there is no such 
thing as a BBG drug. This corrected version of Savage’s sure-thing 
principle does not follow from classical logic: to prove it, you need 
a causal calculus invoking the do-operator. Our strong intuitive 
belief that a BBG drug is impossible suggests that humans (as well 
as machines programmed to emulate human thought) use some-
thing like the do-calculus to guide their intuition.

According to the corrected sure-thing principle, one of the fol-
lowing three statements must be false: Drug D increases the prob-
ability of heart attack in men and women; Drug D decreases the 
probability of heart attack in the population as a whole; and the 
drug does not change the number of men and women. Since it’s 
very implausible that a drug would change a patient’s sex, one of 
the first two statements must be false.

Which is it? In vain will you seek guidance from Table 6.4. To 
answer the question, we must look beyond the data to the data- 
generating process. As always, it is practically impossible to dis-
cuss that process without a causal diagram.

The diagram in Figure 6.4 encodes the crucial information that 
gender is unaffected by the drug and, in addition, gender affects 
the risk of heart attack (men being at greater risk) and whether the 

Figure 6.4. Causal diagram for the Simpson’s para-
dox example.
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6.4! Nevertheless, the conclusion is exactly the opposite. As you 
can see, taking Drug B succeeded in lowering the patients’ blood 
pressure: among the people who took it, twice as many had low 
blood pressure afterward (forty out of sixty, compared to twenty 
out of sixty in the control group). In other words, it did exactly 
what an anti–heart attack drug should do. It moved people from 
the higher-risk category into the lower-risk category. This factor 
outweighs everything else, and we can justifiably conclude that the 
aggregated part of Table 6.6 gives us the correct result.

As usual, a causal diagram will make everything clear and allow 
us to derive the result mechanically, without even thinking about 
the data or whether the drug lowers or increases blood pressure. 
In this case our “lurking third variable” is Blood Pressure, and the 
diagram looks like Figure 6.5. Here, Blood Pressure is a mediator 
rather than a confounder. A single glance at the diagram reveals 
that there is no confounder of the Drug p Heart Attack relation-
ship (i.e., no back-door path), so stratifying the data is unneces-
sary. In fact, conditioning on Blood Pressure would disable one of 
the causal paths (maybe the main causal path) by which the drug 
works. For both these reasons, our conclusion is the exact opposite 
of what it was for Drug D: Drug B works, and the aggregate data 
reveal this fact.

From a historical point of view, it is noteworthy that Simpson, 
in his 1951 paper that started all the ruckus, did exactly the same 
thing that I have just done. He presented two stories with exactly 

Table 6.6. Fictitious data for blood pressure example.

Control Group 
(No Drug)

Treatment Group 
(Took Drug)

Heart 
attack

No heart 
attack

Heart 
attack

No heart 
attack

Low blood 
pressure

1 19 3 37

High blood 
pressure

12 28 8 12

Total 13 47 11 49
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the same data. In one example, it was intuitively clear that aggre-
gating the data was, in his words, “the sensible interpretation”; 
in the other example, partitioning the data was more sensible. So 
Simpson understood that there was a paradox, not just a reversal. 
However, he suggested no resolution to the paradox other than 
common sense. Most importantly, he did not suggest that, if the 
story contains extra information that makes the difference between 
“sensible” and “not sensible,” perhaps statisticians should embrace 
that extra information in their analysis.

Dennis Lindley and Melvin Novick considered this sugges-
tion in 1981, but they could not reconcile themselves to the idea 
that the correct decision depends on the causal story, not on the 
data. They confessed, “One possibility would be to use the lan-
guage of causation. . . . We have not chosen to do this; nor to dis-
cuss causation, because the concept, although widely used, does 
not seem to be well-defined.” With these words, they summarized 
the frustration of five generations of statisticians, recognizing that 
causal information is badly needed but the language for express-
ing it is hopelessly lacking. In 2009, four years before his death at 
age ninety, Lindley confided in me that he would not have written 
those words if my book had been available in 1981.

Some readers of my books and articles have suggested that the 
rule governing data aggregation and separation rests simply on the 
temporal precedence of the treatment and the “lurking third vari-
able.” They argue that we should aggregate the data in the case of 

Figure 6.5. Causal diagram for the Simpson’s 
paradox example (second version).
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be a confounder of Exercise and Cholesterol. So we should control 
for Age. In other words, we should look at the age-segregated data 
and conclude that exercise is beneficial, regardless of age.

A cousin of Simpson’s paradox has also been lurking in the sta-
tistical literature for decades and lends itself nicely to a visual in-
terpretation. Frederic Lord originally stated this paradox in 1967. 
It’s again fictitious, but fictitious examples (like Einstein’s thought 
experiments) always provide a good way to probe the limits of our 
understanding.

Lord posits a school that wants to study the effects of the diet 
it is providing in its dining halls and in particular whether it has 
different effects on girls and boys. To this end, the students’ weight 
is measured in September and again the following June. Figure 6.7 
plots the results, with the ellipses once again representing a scatter 
plot of data. The university retains two statisticians, who look at 
the data and come to opposite conclusions.

The first statistician looks at the weight distribution for girls as 
a whole and notes that the average weight of the girls is the same 
in June as in September. (This can be seen from the symmetry of 
the scatter plot around the line WF = WI, i.e., final weight = initial 
weight.) Individual girls may, of course, gain or lose weight, but 
the average weight gain is zero. The same observation is true for 

Figure 6.6. Simpson’s paradox: exercise appears to be beneficial (down-
ward slope) in each age group but harmful (upward slope) in the popula-
tion as a whole.
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the boys. Therefore, the statistician concludes that the diet has no 
differential effect on the sexes.

The second statistician, on the other hand, argues that because 
the final weight of a student is strongly influenced by his or her 
initial weight, we should stratify the students by initial weight. If 
you make a vertical slice through both ellipses, which corresponds 
to looking only at the boys and girls with a particular value of the 
initial weight (say W0 in Figure 6.7), you will notice that the verti-
cal line intersects the Boys ellipse higher up than it does the Girls 
ellipse, although there is a certain amount of overlap. This means 
that boys who started with weight W0 will have, on average, a 
higher final weight (WF) than the girls who started with weight W0. 
Accordingly, Lord writes, “the second statistician concludes, as is 
customary in such cases, that the boys showed significantly more 
gain in weight than the girls when proper allowance is made for 
differences in initial weight between the sexes.”

What is the school’s dietitian to do? Lord writes, “The conclu-
sions of each statistician are visibly correct.” That is, you don’t 
have to crunch any numbers to see that two solid arguments are 
leading to two different conclusions. You need only look at the 

Figure 6.7. Lord’s paradox. (Ellipses represent scatter 
plots of data.) As a whole, neither boys nor girls gain 
weight during the year, but in each stratum of the initial 
weight, boys tend to gain more than girls.
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The first statistician simply compares the difference in weight 
gain between girls and boys. No back doors between S and Y need 
to be blocked, so the observed, aggregated data provide the an-
swer: no effect, as the first statistician concluded.

By contrast, it is hard to even formulate the question that the 
second statistician is trying to answer (that is, the “correctly for-
mulated query” described in the Introduction). He wants to ensure 
that “proper allowance is made for differences in initial weight be-
tween the two sexes,” which is language you would usually use 
when controlling for a confounder. But WI is not a confounder of 
S and Y. It is actually a mediating variable if we consider Sex to be 
the treatment. Thus, the query answered by controlling for WI does 
not have the usual causal effect interpretation. Such control may at 
best provide an estimate of the “direct effect” of gender on weight, 
which we will discuss in Chapter 9. However, it seems unlikely that 
this is what the second statistician had in mind; more likely he was 
adjusting out of habit. And yet his argument is such an easy trap 
to fall into: “Is not the overall gain just an average of the stratum- 
specific gains?” Not if the strata themselves are shifting under 
treatment! Remember that Sex, not Diet, is the treatment, and Sex 
definitely changes the proportion of students in each stratum of WI.

This last comment brings up one more curious point about 
Lord’s paradox as originally phrased. Although the stated intention 

Figure 6.8. Causal diagram for Lord’s paradox.
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diagram will tell us what procedure we need to use. However, for 
statisticians who are trained in “conventional” (i.e., model- blind) 
methodology and avoid using causal lenses, it is deeply paradox-
ical that the correct conclusion in one case would be incorrect in 
another, even though the data look exactly the same.

Now that we have a thorough grounding in colliders, confound-
ers, and the perils that both pose, we are at last prepared to reap 
the fruits of our labor. In the next chapter we begin our ascent up 
the Ladder of Causation, beginning with rung two: intervention.

Figure 6.9. Wainer and Brown’s revised version of Lord’s paradox and the 
corresponding causal diagram.

a b
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no direct arrow points from Smoking to Cancer, and there are no 
other indirect pathways.

Suppose we are doing an observational study and have collected 
data on Smoking, Tar, and Cancer for each of the participants. Un-
fortunately, we cannot collect data on the Smoking Gene because 
we do not know whether such a gene exists. Lacking data on the 
confounding variable, we cannot block the back-door path Smok-
ing f Smoking Gene p Cancer. Thus we cannot use back-door 
adjustment to control for the effect of the confounder. 

So we must look for another way. Instead of going in the back 
door, we can go in the front door! In this case, the front door is the 
direct causal path Smoking p Tar p Cancer, for which we do have 
data on all three variables. Intuitively, the reasoning is as follows. 
First, we can estimate the average causal effect of Smoking on Tar, 
because there is no unblocked back-door path from Smoking to 
Cancer, as the Smoking f Smoking Gene p Cancer f Tar path 
is already blocked by the collider at Cancer. Because it is blocked 
already, we don’t even need back-door adjustment. We can simply 
observe P(tar | smoking) and P(tar | no smoking), and the difference 
between them will be the average causal effect of Smoking on Tar.

Likewise, the diagram allows us to estimate the average causal 
effect of Tar on Cancer. To do this we can block the back-door path 
from Tar to Cancer, Tar f Smoking f Smoking Gene p Cancer, 

Figure 7.1. Hypothetical causal diagram for smok-
ing and cancer, suitable for front-door adjustment.
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(JTPA) Study, conducted from 1987 to 1989. As a result of the 1982 
JTPA, the Department of Labor created a job-training program 
that, among other services, provided participants with occupa-
tional skills, job-search skills, and work experience. It collected 
data on people who applied for the program, people who actually 
used the services, and their earnings over the subsequent eighteen 
months. Notably, the study included both a randomized controlled 
trial (RCT), where people were randomly assigned to receive ser-
vices or not, and an observational study, in which people could 
choose for themselves.

Glynn and Kashin did not draw a causal diagram, but from their 
description of the study, I would draw it as shown in Figure 7.3. 
The variable Signed Up records whether a person did or did not 
register for the program; the variable Showed Up records whether 
the enrollee did or did not actually use the services. Obviously the 
program can only affect earnings if the user actually shows up, so 
the absence of a direct arrow from Signed Up to Earnings is easy 
to justify.

Glynn and Kashin refrain from specifying the nature of the con-
founders, but I have summed them up as Motivation. Clearly, a 
person who is highly motivated to increase his or her earnings is 
more likely to sign up. That person is also more likely to earn more 
after eighteen months, regardless of whether he or she shows up. 
The goal of the study is, of course, to disentangle the effect of this 

Figure 7.2. The basic setup for the front-
door criterion.
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confounding factor and find out just how much the services them-
selves are helping.

Comparing Figure 7.2 to Figure 7.3, we can see that the front-
door criterion would apply if there were no arrow from Motivation 
to Showed Up, the “shielding” I mentioned earlier. In many cases 
we could justify the absence of that arrow. For example, if the ser-
vices were only offered by appointment and people only missed 
their appointments because of chance events unrelated to Motiva-
tion (a bus strike, a sprained ankle, etc.), then we could erase that 
arrow and use the front-door criterion.

Under the actual circumstances of the study, where the services 
were available all the time, such an argument is hard to make. 
However—and this is where things get really interesting—Glynn 
and Kashin tested out the front-door criterion anyway. We might 
think of this as a sensitivity test. If we suspect that the middle ar-
row is weak, then the bias introduced by treating it as absent may 
be very small. Judging from their results, that was the case.

By making certain reasonable assumptions, Glynn and Kashin 
derived inequalities saying whether the adjustment was likely to be 
too high or too low and by how much. Finally, they compared the 
front-door predictions and back-door predictions to the results from 
the randomized controlled experiment that was run at the same 
time. The results were impressive. The estimates from the back-
door criterion (controlling for known confounders like Age, Race, 
and Site) were wildly incorrect, differing from the experimental 

Figure 7.3. Causal diagram for the JTPA Study.
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for confounders. I believed no one could do this without the do- 
calculus, so I presented it as a challenge in a statistics seminar at 
Berkeley in 1993 and even offered a $100 prize to anyone who could 
solve it. Paul Holland, who attended the seminar, wrote that he 
had assigned the problem as a class project and would send me 
the solution when ripe. (Colleagues tell me that he eventually pre-
sented a long solution at a conference in 1995, and I may owe him 
$100 if I could only find his proof.) Economists James Heckman 
and Rodrigo Pinto made the next attempt to prove the front-door 
formula using “standard tools” in 2015. They succeeded, albeit at 
the cost of eight pages of hard labor.

In a restaurant the evening before the talk, I had written the 
proof (very much like the one in Figure 7.4) on a napkin for David 
Freedman. He wrote me later to say that he had lost the napkin. 
He could not reconstruct the argument and asked if I had kept a 
copy. The next day, Jamie Robins wrote to me from Harvard, say-
ing that he had heard about the “napkin problem” from Freed-
man, and he straightaway offered to fly to California to check the 

Figure 7.4. Derivation of the front-door adjustment formula from the 
rules of do-calculus.
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U1, U2 (see Figure 7.5). He challenged me to figure out if the effect 
of X on Y was estimable. There was no way to block the back-door 
paths and no front-door condition. I tried all my favorite shortcuts 
and my otherwise trustworthy intuitive arguments, both pro and 
con, and I couldn’t see how to do it. I could not find a way out 
of the maze. But as soon as Bareinboim whispered to me, “Try 
the do-calculus,” the answer came shining through like a baby’s 
smile. Every step was clear and meaningful. This is now the sim-
plest model known to us in which the causal effect needs to be es-
timated by a method that goes beyond the front- and back-door 
adjustments.

In order not to leave the reader with the impression that the 
do-calculus is good only for theory and to serve as a recreational 
brainteaser, I will end this section with a practical problem re-
cently brought up by two leading statisticians, Nanny Wermuth 
and David Cox. It demonstrates how a friendly whisper, “Try the 
do-calculus,” can help expert statisticians solve difficult practical 
problems.

Around 2005, Wermuth and Cox became interested in a prob-
lem called “sequential decisions” or “time-varying treatments,” 
which are common, for example, in the treatment of AIDS. Typi-
cally treatments are administered over a length of time, and in each 
time period physicians vary the strength and dosage of a follow-up 
treatment according to the patient’s condition. The patient’s condi-
tion, on the other hand, is influenced by the treatments taken in the 

Figure 7.5. A new napkin problem?
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past. We thus end up with a scenario like the one depicted in Figure 
7.6, showing two time periods and two treatments. The first treat-
ment is randomized (X), and the second (Z) is given in response to 
an observation (W) that depends on X. Given data collected under 
such a treatment regime, Cox and Wermuth’s task was to predict 
the effect of X on the outcome Y, assuming that they were to keep 
Z constant through time, independent of the observation W.

Jamie Robins first brought the problem of time-varying treat-
ments to my attention in 1994, and with the help of do-calculus, we 
were able to derive a general solution invoking a sequential version 
of the back-door adjustment formula. Wermuth and Cox, unaware 
of this method, called their problem “indirect confounding” and 
published three papers on its analysis (2008, 2014, and 2015). Un-
able to solve it in general, they resorted to a linear approximation, 
and even in the linear case they found it difficult to handle, because 
it is not solvable by standard regression methods.

Fortunately, when a muse whispered in my ear, “Try the do- 
calculus,” I noticed that their problem can be solved in three lines 
of calculation. The logic goes as follows. Our target quantity is 
P(Y | do(X), do(Z)), while the data we have available to us are of 
the form P(Y | do(X), Z, W) and P(W | do(X)). These reflect the 
fact that, in the study from which we have data, Z is not controlled 

Figure 7.6. Wermuth and Cox’s example of a sequential treatment.
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poor, both large houses and small; there is no difference either in 
the condition or occupation of the persons receiving the water of 
the different Companies.” Even though the notion of an RCT was 
still in the future, it was very much as if the water companies had 
conducted a randomized experiment on Londoners. In fact, Snow 
even notes this: “No experiment could have been devised which 
would more thoroughly test the effect of water supply on the prog-
ress of cholera than this, which circumstances placed ready made 
before the observer. The experiment, too, was on the grandest 
scale. No fewer than three hundred thousand people of both sexes, 
of every age and occupation, and of every rank and station, from 
gentlefolks down to the very poor, were divided into two groups 
without their choice, and in most cases, without their knowledge.” 
One group had received pure water; the other had received water 
tainted with sewage.

Snow’s observations introduced a new variable into the causal 
diagram, which now looks like Figure 7.8. Snow’s painstaking 
detective work had showed two important things: (1) there is no 
arrow between Miasma and Water Company (the two are inde-
pendent), and (2) there is an arrow between Water Company and 
Water Purity. Left unstated by Snow, but equally important, is a 
third assumption: (3) the absence of a direct arrow from Water 
Company to Cholera, which is fairly obvious to us today because 

Figure 7.7. Causal diagram for cholera (before discov-
ery of the cholera bacillus).
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we know the water companies were not delivering cholera to their 
customers by some alternate route.

A variable that satisfies these three properties is today called 
an instrumental variable. Clearly Snow thought of this variable as 
similar to a coin flip, which simulates a variable with no incoming 
arrows. Because there are no confounders of the relation between 
Water Company and Cholera, any observed association must be 
causal. Likewise, since the effect of Water Company on Cholera 
must go through Water Purity, we conclude (as did Snow) that the 
observed association between Water Purity and Cholera must also 
be causal. Snow stated his conclusion in no uncertain terms: if the 
Southwark and Vauxhall Company had moved its intake point up-
stream, more than 1,000 lives would have been saved.

Few people took note of Snow’s conclusion at the time. He 
printed a pamphlet of the results at his own expense, and it sold a 
grand total of fifty-six copies. Nowadays, epidemiologists view his 
pamphlet as the seminal document of their discipline. It showed 
that through “shoe-leather research” (a phrase I have borrowed 
from David Freedman) and causal reasoning, you can track down 
a killer.

Although the miasma theory has by now been discredited, pov-
erty was undoubtedly a confounder, as was location. But even 
without measuring these (because Snow’s door-to-door detective 
work only went so far), we can still use instrumental variables to 

Figure 7.8. Diagram for cholera after introduction of an instrumental 
variable.
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determine how many lives would have been saved by purifying the 
water supply.

Here’s how the trick works. For simplicity we’ll go back to the 
names Z, X, Y, and U for our variables and redraw Figure 7.8 as 
seen in Figure 7.9. I have included path coefficients (a, b, c, d) to 
represent the strength of the causal effects. This means we are as-
suming that the variables are numerical and the functions relating 
them are linear. Remember that the path coefficient a means that 
an intervention to increase Z by one standard unit will cause X to 
increase by a standard units. (I will omit the technical details of 
what the “standard units” are.)

Because Z and X are unconfounded, the causal effect of Z on 
X (that is, a) can be estimated from the slope rXZ of the regression 
line of X on Z. Likewise, the variables Z and Y are unconfounded, 
because the path Z p X f U p Y is blocked by the collider at X. So 
the slope of the regression line of Z on Y (rZY) will equal the causal 
effect on the direct path Z p X p Y, which is the product of the 
path coefficients: ab. Thus we have two equations: ab = rZY and a = 
rZX. If we divide the first equation by the second, we get the causal 
effect of X on Y: b = rZY/rZX.

In this way, instrumental variables allow us to perform the same 
kind of magic trick that we did with front-door adjustment: we 
have found the effect of X on Y even without being able to control 

Figure 7.9. General setup for instrumental variables.
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arrows, but I would ask the reader not to lose too much sleep over 
it. With some mathematical trickery we could equally well replace 
the Demand p Price p Supply chain with a single arrow Demand 
p Supply, and the figure would then look like Figure 7.9 (though 
it would be less acceptable to economists). The important point 
to note is that Philip Wright deliberately introduced the variable 
Yield per Acre (of flaxseed) as an instrument that directly affects 
supply but has no correlation to demand. He then used an analysis 
like the one I just gave to deduce both the effect of supply on price 
and the effect of price on supply.

Historians quarrel about who invented instrumental variables, 
a method that became extremely popular in modern econometrics. 
There is no question in my mind that Philip Wright borrowed the 
idea of path coefficients from his son. No economist had ever be-
fore insisted on the distinction between causal coefficients and re-
gression coefficients; they were all in the Karl Pearson–Henry Niles 
camp that causation is nothing more than a limiting case of cor-
relation. Also, no one before Sewall Wright had ever given a recipe 
for computing regression coefficients in terms of path coefficients, 
then reversing the process to get the causal coefficients from the 
regression. This was Sewall’s exclusive invention.

Naturally, some economic historians have suggested that Sewall 
wrote the whole mathematical appendix himself. However, stylo-
metric analysis has shown that Philip was indeed the author. To 

Figure 7.10. Simplified version of Wright’s supply-price causal diagram.
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use a binary definition for Cholesterol, recording an outcome of 
1 if the cholesterol levels were reduced by a certain fixed amount.

Notice that in this case our variables are binary, not numeri-
cal. This means right away that we cannot use a linear model, and 
therefore we cannot apply the instrumental variables formula that 
we derived earlier. However, in such cases we can often replace the 
linearity assumption with a weaker condition called monotonicity, 
which I’ll explain below.

But before we do that, let’s make sure our other necessary assump-
tions for instrumental variables are valid. First, is the instrumental 
variable Z independent of the confounder? The randomization of Z 
ensures that the answer is yes. (As we saw in Chapter 4, randomiza-
tion is a great way to make sure that a variable isn’t affected by any 
confounders.) Is there any direct path from Z to Y? Common sense 
says that there is no way that receiving a particular random number 
(Z) would affect cholesterol (Y), so the answer is no. Finally, is there 
a strong association between Z and X? This time the data them-
selves should be consulted, and the answer again is yes. We must 
always ask the above three questions before we apply instrumental 
variables. Here the answers are obvious, but we should not be blind 
to the fact that we are using causal intuition to answer them, intu-
ition that is captured, preserved, and elucidated in the diagram.

Table 7.1 shows the observed frequencies of outcomes X and 
Y. For example, 91.9 percent of the people who were not assigned 
the drug had the outcome X = 0 (didn’t take drug) and Y = 0 (no 
reduction in cholesterol). This makes sense. The other 8.1 percent 

Figure 7.11. Causal diagram for an RCT with noncompliance.
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had the outcome X = 0 (didn’t take drug) and Y = 1 (did have a 
reduction in cholesterol). Evidently they improved for other rea-
sons than taking the drug. Notice also that there are two zeros in 
the table: there was nobody who was not assigned the drug (Z = 0) 
but nevertheless procured some (X = 1). In a well-run randomized 
study, especially in the medical field where the physicians have ex-
clusive access to the experimental drug, this will typically be true. 
The assumption that there are no individuals with Z = 0 and X = 1 
is called monotonicity.

Now let’s see how we can estimate the effect of the treatment. 
First let’s take the worst-case scenario: none of the noncompliers 
would have improved if they had complied with treatment. In that 
case, the only people who would have taken the drug and improved 
would be the 47.3 percent who actually did comply and improve. 
But we need to correct this estimate for the placebo effect, which is 
in the third row of the table. Out of the people who were assigned 
the placebo and took the placebo, 8.1 percent improved. So the net 
improvement above and beyond the placebo effect is 47.3 percent 
minus 8.1 percent, or 39.2 percent.

What about the best-case scenario, in which all the noncompli-
ers would have improved if they had complied? In this case we add 
the noncompliers’ 31.5 percent plus 7.3 percent to the 39.2 percent 
baseline we just computed, for a total of 78.0 percent.

Thus, even in the worst-case scenario, where the confounding 
goes completely against the drug, we can still say that the drug 
improves cholesterol for 39 percent of the population. In the best-
case scenario, where the confounding works completely in favor of 
the drug, 78 percent of the population would see an improvement. 

Table 7.1. Data from cholestyramine trial.

Outcome Not Assigned Drug (Z = 0) Assigned Drug (Z = 1)

X = 0, Y = 0 0.919 0.315

X = 1, Y = 0 0.000 0.139

X = 0, Y = 1 0.081 0.073

X = 1, Y = 1 0.000 0.473
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if they knew which version they had, the high-HDL version or the 
low-HDL one. But until 2008 no such genes were known, and even 
today, people do not routinely have access to this information. So 
it’s highly likely that no such arrow exists.

At least two studies have taken this Mendelian randomization 
approach to the cholesterol question. In 2012, a giant collaborative 
study led by Sekar Kathiresan of Massachusetts General Hospi-
tal showed that there was no observable benefit from higher HDL 
levels. On the other hand, the researchers found that LDL has a 
very large effect on heart attack risk. According to their figures, 
decreasing your LDL count by 34 mg/dl would reduce your chances 
of a heart attack by about 50 percent. So lowering your “bad” cho-
lesterol levels, whether by diet or exercise or statins, seems to be a 
smart idea. On the other hand, increasing your “good” cholesterol 
levels, despite what some fish-oil salesmen might tell you, does not 
seem likely to change your heart attack risk at all.

As always, there is a caveat. The second study, published in 
the same year, pointed out that people with the lower-risk variant 
of the LDL gene have had lower cholesterol levels for their entire 
lives. Mendelian randomization tells us that decreasing your LDL 
by thirty-four units over your entire lifetime will decrease your 
heart attack risk by 50 percent. But statins can’t lower your LDL 
cholesterol over your entire lifetime—only from the day you start 
taking the drug. If you’re sixty years old, your arteries have already 
sustained sixty years of damage. For that reason it’s very likely that 
Mendelian randomization overestimates the true benefits of statins. 

Figure 7.12. Causal diagram for Mendelian randomization example.
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Figure 8.1. Hume’s “regularity” definition of cause and effect, proposed 
in 1739.

And yet Hume, to his credit, did not remain satisfied with this 
definition. Nine years later, in An Enquiry Concerning Human Un-
derstanding, he wrote something quite different: “We may define 
a cause to be an object followed by another, and where all the ob-
jects, similar to the first, are followed by objects similar to the sec-
ond. Or, in other words, where, if the first object had not been, the 
second never had existed” (emphasis in the original). The first sen-
tence, the version where A is consistently observed together with 
B, simply repeats the regularity definition. But by 1748, he seems 
to have some misgivings and finds it in need of some repair. As au-
thorized Whiggish historians, we can understand why. According 
to his earlier definition, the rooster’s crow would cause sunrise. To 
patch over this difficulty, he adds a second definition that he never 

9780465097609-text.indd   265 3/13/18   9:56 AM



THE BOOK OF WHY270

 every causal question they might wish to ask, at both the popula-
tion and individual levels.

In the Rubin causal model, a potential outcome of a variable 
Y is simply “the value that Y would have taken for individual u, 
had X been assigned the value x.” That’s a lot of words, so it’s of-
ten convenient to write this quantity more compactly as YX = x(u). 
Often we abbreviate this further as Yx(u) if it is apparent from the 
context what variable is being set to the value x.

To appreciate how audacious this notation is, you have to step 
back from the symbols and think about the assumptions they em-
body. By writing down the symbol Yx, Rubin asserted that Y defi-
nitely would have taken some value if X had been x, and this has 
just as much objective reality as the value Y actually did take. If 
you don’t buy this assumption (and I’m pretty sure Heisenberg 
wouldn’t), you can’t use potential outcomes. Also, note that the 
potential outcome, or counterfactual, is defined at the level of an 
individual, not a population.

The very first scientific appearance of a potential outcome came 
in the master’s thesis of Jerzy Neyman, written in 1923. Neyman, 

Figure 8.2. Donald Rubin (right) with the author in 2014. (Source: 
Photo courtesy of Grace Hyun Kim.)
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college graduate, and S1(u) represents u’s salary if u were a college 
graduate. A typical counterfactual question we might want to ask 
is, “What would Alice’s salary be if she had a college degree?” In 
other words, what is S1(Alice)?

The first thing to notice about Table 8.1 is all the missing data, 
indicated by question marks. We can never observe more than 
one potential outcome in the same individual. Although obvious, 
nevertheless this statement is important. Statistician Paul Holland 
once called it the “fundamental problem of causal inference,” a 
name that has stuck. If we could only fill in the question marks, we 
could answer all our causal questions.

I have never agreed with Holland’s characterization of the miss-
ing values in Table 8.1 as a “fundamental problem,” perhaps be-
cause I have rarely described causal problems in terms of a table. 
But more fundamentally, viewing causal inference as a missing- data 
problem can be terribly misleading, as we will soon see. Observe 
that, aside from the decorative headings of the last three columns, 
Table 8.1 is totally devoid of causal information about ED, EX, 
and S—for example, whether education affects salary or the other 
way around. Worse yet, it does not allow us to represent such in-
formation when available. But for statisticians who perceive the 
“fundamental problem” to be missing data, such a table appears 
to present endless opportunities. Indeed, if we look at S0, S1, and S2 
not as potential outcomes but as ordinary variables, we have doz-
ens of interpolation techniques to fill in the blanks or, as statisti-
cians would say, “impute the missing data,” in some optimal way.

Employee (u) EX(u) ED(u) S0(u) S1(u) S2(u)

Alice 6 0 $81,000 ? ?

Bert 9 1 ? $92,500 ?

Caroline 9 2 ? ? $97,000

David 8 1 ? $91,000 ?

Ernest 12 1 ? $100,000 ?

Frances 13 0 $97,000 ? ?

etc.

Table 8.1. Fictitious data for potential outcomes example.
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Now let’s see how a structural causal model would treat the 
same data. First, before we even look at the data, we draw a causal 
diagram (Figure 8.3). The diagram encodes the causal story behind 
the data, according to which Experience listens to Education and 
Salary listens to both. In fact, we can already tell something very 
important just by looking at the diagram. If our model were wrong 
and EX were a cause of ED, rather than vice versa, then Experience 
would be a confounder, and matching employees with similar ex-
perience would be completely appropriate. With ED as the cause 
of EX, Experience is a mediator. As you surely know by now, mis-
taking a mediator for a confounder is one of the deadliest sins in 
causal inference and may lead to the most outrageous errors. The 
latter invites adjustment; the former forbids it.

So far in this book, I have used a very informal word— 
“listening”—to express what I mean by the arrows in a causal di-
agram. But now it’s time to put a little bit of mathematical meat 
on this concept, and this is in fact where structural causal models 
differ from Bayesian networks or regression models. When I say 
that Salary listens to Education and Experience, I mean that it is a 
mathematical function of those variables: S = fS(EX, ED). But we 
need to allow for individual variations, so we extend this function 
to read S = fS(EX, ED, US), where US stands for “unobserved vari-
ables that affect salary.” We know these variables exist (e.g., Alice 

Figure 8.3. Causal diagram for the effect of educa-
tion (ED) and experience (EX) on salary (S).
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I am not personally an expert on climate change, so I got this 
example from one of my collaborators, Alexis Hannart of the 
Franco- Argentine Institute on the Study of Climate and Its Impacts 
in Buenos Aires, who has been a big proponent of causal analysis 
in climate science. Hannart draws the causal graph in Figure 8.4. 
Because Greenhouse Gases is a top-level node in the climate model, 
with no arrows going into it, he argues that there is no confound-
ing between it and Climate Response. Likewise, he vouches for the 
no-protection assumption (i.e., greenhouse gases cannot protect us 
from heat waves).

Hannart goes beyond Allen and Stott and uses our formulas to 
compute the probability of sufficiency (PS) and of necessity (PN). 
In the case of the 2003 European heat wave, he finds that PS was 
extremely low, about 0.0072, meaning that there was no way to 
predict that this event would happen in this particular year. On the 
other hand, the probability of necessity PN was 0.9, in agreement 
with Allen and Stott’s results. This means that it is highly likely 
that, without greenhouse gases, the heat wave would not have 
happened.

The apparently low value of PS has to be put into a larger con-
text. We don’t just want to know the probability of a heat wave 
this year; we would like to know the probability of a recurrence 
of such a severe heat wave over a longer time frame—say in the 
next ten or fifty years. As the time frame lengthens, PN decreases 
because other possible mechanisms for a heat wave might come 
into play. On the other hand, PS increases because we are in ef-
fect giving the dice more chances to come up snake eyes. So, for 

Figure 8.4. Causal diagram for the climate change example.
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forgotten—or worse, dismissed—a century later? The explana-
tion, in part, is that doctors did not really understand how citrus 
fruits worked against scurvy. In other words, they did not know 
the mediator.

From Lind’s day onward, it had always been believed (but never 
proved) that citrus fruits prevented scurvy as a result of their acid-
ity. In other words, doctors understood the process to be governed 
by the following causal diagram:

Citrus Fruits p Acidity p Scurvy

From this point of view, any acid would do. Even Coca-Cola would 
work (although it had not yet been invented). At first sailors used 
Spanish lemons; then, for economic reasons, they substituted West 
Indian limes, which were as acidic as the Spanish lemons but con-
tained only a quarter of the vitamin C. To make things worse, they 
started “purifying” the lime juice by cooking it, which may have 

Figure 9.1. Daily rations for the men on Scott’s trek to the pole: chocolate, 
pemmican (a preserved meat dish), sugar, biscuits, butter, tea. Conspicu-
ously absent: any fruit containing vitamin C. (Source: Photograph by Her-
bert Ponting, courtesy of Canterbury Museum, New Zealand.)
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human intelligence. Her advisor at Stanford was Lewis Terman, a 
psychologist famous for developing the Stanford-Binet IQ test and 
a firm believer that intelligence was inherited, not acquired. Bear 
in mind that this was the heyday of the eugenics movement, now 
discredited but at that time legitimized by the active research of 
people like Francis Galton, Karl Pearson, and Terman.

The nature-versus-nurture debate is, of course, a very old one 
that continued long after Burks. Her unique contribution was to 
boil it down to a causal diagram (see Figure 9.2), which she used 
to ask (and answer) the query “How much of the causal effect is 
due to the direct path Parental Intelligence p Child’s Intelligence 
(nature), and how much is due to the indirect path Parental Intelli-
gence p Social Status p Child’s Intelligence (nurture)?”

In this diagram, Burks has used some double-headed arrows, 
either to represent mutual causation or simply out of uncertainty 
about the direction of causation. For simplicity we are going to 
assume that the main effect of both arrows goes from left to right, 
which makes Social Status a mediator, so that the parents’ intelli-
gence elevates their social standing, and this in turn gives the child 

Figure 9.2. The nature-versus-nurture debate, as framed by 
Barbara Burks.
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a better opportunity to develop his or her intelligence. The variable 
X represents “other unmeasured remote causes.”

In her dissertation Burks collected data from extensive home 
visits to 204 families with foster children, who would presumably 
get only the benefits of nurture and none of the benefits of nature 
from their foster parents (see Figure 9.3). She gave IQ tests to all 
of them and to a control group of 105 families without foster chil-
dren. In addition, she gave them questionnaires that she used to 
grade various aspects of the child’s social environment. Using her 
data and path analysis, she computed the direct effect of parental 
IQ on children’s IQ and found that only 35 percent, or about one-
third, of IQ variation is inherited. In other words, parents with an 
IQ fifteen points above average would typically have children five 
points above average.

Figure 9.3. Barbara Burks (right) was interested in separating the “nature” 
and “nurture” components of intelligence. As a graduate student, she vis-
ited the homes of more than two hundred foster children, gave them IQ 
tests, and collected data on their social environment. She was the first re-
searcher other than Sewall Wright to use path diagrams, and in some ways 
she anticipated Wright. (Source: Drawing by Dakota Harr.)
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question in any employment-discrimination case is whether the em-
ployer would have taken the same action had the employee been of 
a different race (age, sex, religion, national origin, etc.) and every-
thing else had been the same.” This definition clearly expresses the 
idea that we should disable or “freeze” all causal pathways that 
lead from gender to admission through any other variable (e.g., 
qualification, choice of department, etc.). In other words, discrimi-
nation equals the direct effect of gender on the admission outcome.

We have seen before that conditioning on a mediator is incor-
rect if we want to estimate the total effect of one variable on an-
other. But in a case of discrimination, according to the court, it is 
not the total effect but the direct effect that matters. Thus Bickel 
and Hammel are vindicated: under the assumptions shown in Fig-
ure 9.4, they were right to partition the data by departments, and 
their result provides a valid estimate of the direct effect of Gender 
on Outcome. They succeeded even though the language of direct 
and indirect effects was not available to Bickel in 1973.

However, the most interesting part of this story is not the orig-
inal paper that Bickel and Hammel wrote but the discussion that 
followed it. After their paper was published, William Kruskal of 
the University of Chicago wrote a letter to Bickel arguing that their 
explanation did not really exonerate Berkeley. In fact, Kruskal 

Figure 9.4. Causal diagram for Berkeley admission  paradox—
simple version.
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Kruskal argued that the analysis in this situation should con-
trol for both the department and the state of residence, and a look 
at Figure 9.5 explains why this is so. To disable all but the direct 
path, we need to stratify by department. This closes the indirect 
path Gender p Department p Outcome. But in so doing, we open 
the spurious path Gender p Department f State of Residence p 
Outcome, because of the collider at Department. If we control for 
State of Residence as well, we close this path, and therefore any 
correlation remaining must be due to the (discriminatory) direct 
path Gender p Outcome. Lacking diagrams, Kruskal had to con-
vince Bickel with numbers, and in fact his numbers showed the 
same thing. If we do not adjust for any variables, then females 
have a lower admission rate. If we adjust for Department, then fe-
males appear to have a higher admission rate. If we adjust for both 
Department and State of Residence, then once again the numbers 
show a lower admission rate for females.

From arguments like this, you can see why the concept of me-
diation aroused (and still arouses) such suspicions. It seems un-
stable and hard to pin down. First the admission rates are biased 
against women, then against men, then against women. In his re-
ply to Kruskal, Bickel continued to maintain that conditioning on 
a decision-making unit (Department) is somehow different from 

Figure 9.5. Causal diagram for Berkeley admissions paradox—
Kruskal’s version.
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shows a causal graph. At this point, Dana and his wife tried an 
experiment. They treated Daisy as they would have with kittens 
around, keeping her in a crate and supervising her carefully outside 
the crate. If the accidents stopped, they could reasonably conclude 
that the mediator was responsible. If they didn’t stop, then the di-
rect effect (the pack psychology) would become more plausible.

In the hierarchy of scientific evidence, their experiment would 
be considered very shaky—certainly not one that could ever be 
published in a scientific journal. A real experiment would have to 
be carried out on more than just one dog and in both the presence 
and absence of the kittens. Nevertheless, it is the causal logic be-
hind the experiment that concerns us here. We are intending to re-
create what would have happened had the kittens not been present 
and had the mediator been set to the value it would take with the 
kittens present. In other words, we remove the kittens (interven-
tion number one) and supervise the dog as we would if the kittens 
were present (intervention number two).

When you look carefully at the above paragraph, you might no-
tice two “would haves,” which are counterfactual conditions. The 
kittens were present when the dog changed her behavior—but we 
ask what would have happened if they had not been present. Like-
wise, if the kittens had not been present, Dana would not have su-
pervised Daisy—but we ask what would have happened if he had.

Figure 9.6. Causal diagram for Daisy’s house training.
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it makes mediation analysis much easier, but it is a drawback if 
we want to describe a real-world causal process that does involve 
interactions.

Because mediation analysis is so much easier for linear models, 
let’s see how it is done and what the pitfalls are. Suppose we have a 
causal diagram that looks like Figure 9.7. Because we are working 
with a linear model, we can represent the strength of each effect 
with a single number. The labels (path coefficients) indicate that 
increasing the Treatment variable by one unit will increase the Me-
diator variable by two units. Similarly, a one-unit increase in Medi-
ator will increase Outcome by three units, and a one-unit increase 
in Treatment will increase Outcome by seven units. These are all 
direct effects. Here we come to the first reason why linear models 
are so simple: direct effects do not depend on the level of the medi-
ator. That is, the controlled direct effect CDE(m) is the same for all 
values m, and we can simply speak of “the” direct effect.

What would be the total effect of an intervention that causes 
Treatment to increase by one unit? First, this intervention directly 
causes Outcome to increase by seven units (if we hold Mediator 
constant). It also causes Mediator to increase by two units. Finally, 
because each one-unit increase in Mediator directly causes a three-
unit increase in Outcome, a two-unit increase in Mediator will lead 
to an additional six-unit increase in Outcome. So the net increase 
in Outcome, from both causal pathways, will be thirteen units. The 

Figure 9.7. Example of a linear model (path diagram) 
with mediation.
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set Skill at the level it would take if we had increased Education by 
one. It’s easy to see that in this case, Salary goes from zero to 2 ¥ 3 
= 6. This is below the threshold of ten, so the applicant will turn 
the offer down. Thus NIE = 0.

Now what about the direct effect? As mentioned before, we 
have the problem of figuring out what value to hold the mediator 
at. If we hold Skill at the level it had before we changed Education, 
then Salary will increase from zero to seven, making Outcome = 
0. Thus, CDE(0) = 0. On the other hand, if we hold Skill at the 
level it attains after the change in Education (namely two), Salary 
will increase from six to thirteen. This changes the Outcome from 
zero to one, because thirteen is above the applicant’s threshold for 
accepting the job offer. So CDE(2) = 1.

Thus, the direct effect is either zero or one depending on the 
constant value we choose for the mediator. Unlike in Linear Won-
derland, the choice of a value for the mediator makes a difference, 
and we have a dilemma. If we want to preserve the additive prin-
ciple, Total Effect = Direct Effect + Indirect Effect, we need to 
use CDE(2) as our definition of the causal effect. But this seems 
arbitrary and even somewhat unnatural. If we are contemplating 
a change in Education and we want to know its direct effect, we 
would most likely want to keep Skill at the level it already has. In 
other words, it makes more intuitive sense to use CDE(0) as our 
direct effect. Not only that, this agrees with the natural direct effect 
in this example. But then we lose additivity: Total Effect π Direct 
Effect + Indirect Effect.

Figure 9.8. Mediation combined with a threshold effect.
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ask the simple question “But what does the indirect effect mean in 
the first place?” Just like the boy in Hans Christian Andersen’s fa-
ble “The Emperor’s New Clothes,” we needed an innocent student 
with unabashed chutzpah to shatter our faith in the oracular role 
of scientific consensus.

EMBRACE THE “WOULD-HAVES”

At this point I should tell my own conversion story, because for 
quite a while I was stymied by the same question that puzzled Mel-
anie Wall’s student.

I wrote in Chapter 4 about Jamie Robins (Figure 9.9), a pio-
neering statistician and epidemiologist at Harvard University who, 
together with Sander Greenland at the University of California, 
Los Angeles, is largely responsible for the widespread adoption 
of graphical models in epidemiology today. We collaborated for a 
couple of years, from 1993 to 1995, and he got me thinking about 
the problem of sequential intervention plans, which was one of his 
principal research interests.

Figure 9.9. Jamie Robins, a pioneer of causal inference in epidemiology. 
(Source: Photograph by Kris Snibbe, courtesy of Harvard University Photo 
Services.)
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at least a change in the right direction, and it was statistically sig-
nificant (meaning that such an improvement would be unlikely to 
happen by chance). However, because of the changes in classroom 
environment, the indirect effect had almost completely cancelled 
out this improvement, reducing test scores by 2.3 points.

Hong concluded that the implementation of “Algebra for All” 
had seriously undermined the policy. Maintaining the curricu-
lar change but returning to the prepolicy classroom environment 
should result in a modest increase in student test scores (and hope-
fully, student learning).

Serendipitously, that is exactly what happened. In 2003 the Chi-
cago Public Schools (now led by Duncan) instituted a new reform 
called “Double-Dose Algebra.” This reform would still require all 
students to take algebra, but students who scored below the na-
tional median in eighth grade would take two classes of algebra a 
day instead of one. This repaired the adverse side effect of the pre-
vious reform. Now, at least once a day, lower-achieving students 
got a classroom environment closer to the one they enjoyed before 
the “Algebra for All” reform. The “Double-Dose Algebra” reform 
was generally deemed a success and continues to this day.

I consider the story of “Algebra for All” a success for mediation 
analysis as well, because the analysis explains both the unimpres-
sive results of the original policy and the improved results under 

Figure 9.10. Causal diagram for “Algebra for All” experiment.
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but it does not compare to the danger you face (for no good reason) 
if you are a regular smoker.

As always, it helps to visualize the discussion with a causal 
diagram. Fisher thought of the (at that time purely hypothetical) 
smoking gene as a confounder of smoking and cancer (Figure 9.11). 
But as a confounder, it is not nearly strong enough to account for 
the overwhelmingly strong effect of smoking on the risk of lung 
cancer. This is, in essence, the argument that Jerome Cornfield 
made in his 1959 paper that settled the argument about the genetic 
hypothesis.

We can easily rewrite the same causal diagram as shown in Fig-
ure 9.12. When we look at the diagram this way, we see that smok-
ing behavior is a mediator between the smoking gene and lung 
cancer. This tiny change in perspective completely revamps the 
scientific debate. Instead of asking whether smoking causes can-
cer (a question we know the answer to), we ask instead how the 
gene works. Does it make people smoke more and inhale harder? 
Or does it somehow make lung cells more vulnerable to cancer? 
Which is stronger, the indirect effect or the direct effect?

The answer makes a difference for treatment. If the effect is di-
rect, then people who have the high-risk gene should perhaps re-
ceive extra screening for lung cancer. On the other hand, if the 
effect is indirect, smoking behavior becomes crucial. We should 
counsel such patients about their increased risk and the importance 

Figure 9.11. Causal diagram for the smoking gene example.
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of not smoking in the first place. If they already smoke, we may 
need to intervene more aggressively, perhaps with nicotine replace-
ment therapy.

Tyler VanderWeele, an epidemiologist at Harvard University, 
read the first report about the smoking gene in Nature, and he 
contacted a research group at Harvard led by David Christiani. 
Since 1992, Christiani had asked his lung cancer patients, as well 
as their friends and family, to fill out questionnaires and provide 
DNA samples to help the research effort. By the mid-2000s he had 
collected data on 1,800 patients with cancer as well as 1,400 people 
without lung cancer, who served as controls. The DNA samples 
were still chilling in a freezer when VanderWeele called.

The results of VanderWeele’s analysis were surprising at first. 
He found that the increased risk of lung cancer due to the indirect 
effect was only 1 to 3 percent. The people with the high-risk variant 
of the gene smoked only one additional cigarette per day on aver-
age, which was not enough to be clinically relevant. However, their 
bodies responded differently to smoking. The effect of the smoking 
gene on lung cancer was large and significant, but only for those 
people who smoked.

This poses an interesting conundrum in reporting the results. In 
this case, CDE(0) would be essentially zero: if you don’t smoke, the 
gene won’t hurt you. On the other hand, if we set the mediator to 

Figure 9.12. Figure 9.11, slightly rearranged.
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The study results, published in 2015, were not what Kragh ex-
pected. According to the data, the patients who had tourniquets ap-
plied before arriving at the hospital did not survive at a higher rate 
than those with similar injuries who had not received tourniquets. 
Of course, Kragh reasoned, the ones with tourniquets possibly had 
more severe injuries to begin with. But even when he controlled for 
this factor by comparing cases of equal severity, the tourniquets 
did not appear to improve survival rates (see Table 9.1).

This is not a Simpson’s paradox situation. It doesn’t matter 
whether we aggregate the data or stratify it; in every severity cat-
egory, as well as in the aggregate, survival was slightly greater for 
soldiers who did not get tourniquets. (The difference in survival 
rates was, however, too small to be statistically significant.)

What went wrong? One possibility, of course, is that tourni-
quets aren’t better. Our belief in them could be a case of confir-
mation bias. When a soldier gets a tourniquet and survives, his 
doctors and his buddies will say, “That tourniquet saved his life.” 
But if the soldier doesn’t get a tourniquet and survives, nobody will 
say, “Not putting on a tourniquet saved his life.” So tourniquets 
might get more credit than their due, and nonintervention doesn’t 
get any credit.

But there was another possible bias in this study, which Kragh 
himself pointed out: the doctors only collected data on those 
soldiers who survived long enough to get to the hospital in the 
first place. To see why this matters, let’s draw a causal diagram 
(Figure 9.13).

Injury  
Severity

Survived/Total 
(No Tourniquet)

Survival Rate 
(No Tourniquet)

Survived/Total 

(with Tourniquet)

Survival Rate 
(with Tourniquet)

3 (Serious) 502/555 90% 416/465 89%

4 (Severe) 96/111 86% 212/248 85%

5 
(Critical)

16/27 59% 4/7 57%

Total 614/693 89% 632/720 88%

Table 9.1. Data on survival with and without tourniquets.
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In this figure, we can see that Injury Severity is a confounder of 
all three variables, the treatment (Tourniquet Use), the mediator 
(Pre-Admission Survival), and the outcome (Post-Admission Sur-
vival). It is therefore appropriate and necessary to condition on 
Injury Severity, as Kragh did in his paper.

However, because Kragh studied only the patients who actu-
ally survived long enough to get to the hospital, he was also condi-
tioning on the mediator, Pre-Admission Survival. In effect, he was 
blocking the indirect path from tourniquet use to post-admission 
survival, and therefore he was computing the direct effect, indi-
cated by the dashed arrow in Figure 9.13. That effect was essen-
tially zero. Nevertheless, there still could be an indirect effect. If 
tourniquets enabled more soldiers to survive until they got to the 
hospital, then the tourniquet would be a very favorable interven-
tion. This would mean that the job of a tourniquet is to get the 
patient to the hospital alive; once it has done that, it has no further 
value. Unfortunately, nothing in the data (Table 9.1) can either 
confirm or refute this hypothesis.

William Kruskal once lamented that there is no Homer to sing 
the praise of statisticians. I would like to sing the praise of Kragh, 
who under the most adverse conditions imaginable had the pres-
ence of mind to collect data and subject the standard treatment 
to a scientific test. His example is a shining light for anyone who 
wants to practice evidence-based medicine. It’s a particularly bitter 

Figure 9.13. Causal diagram for tourniquet example. The 
dashed line is a hypothetical causal effect (not supported by 
the data).
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ad’s effectiveness in Arkansas? Can we do it without taking any 
data in Arkansas? Or perhaps by measuring merely a small set of 
variables or conducting a pilot observational study?

Figure 10.2 translates these differences into graphical form. The 
variable Z represents age, which is a confounder; young people may 
be more likely to see the ad and more likely to buy the product even 

Figure 10.1. The transportability problem.

Figure 10.2. Differences between the studied populations, expressed in 
graphical form.
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them in our own native language of cause and effect. We can do 
that because our brains work the same way. If our robots will all 
be as opaque as AlphaGo, we will not be able to hold a meaningful 
conversation with them, and that would be quite unfortunate.

When my house robot turns on the vacuum cleaner while I am 
still asleep (Figure 10.3) and I tell it, “You shouldn’t have woken 
me up,” I want it to understand that the vacuuming was at fault, 
but I don’t want it to interpret the complaint as an instruction never 
to vacuum the upstairs again. It should understand what you and 
I perfectly understand: vacuum cleaners make noise, noise wakes 
people up, and that makes some people unhappy. In other words, 
our robot will have to understand cause-and-effect relations—in 
fact, counterfactual relations, such as those encoded in the phrase 
“You shouldn’t have.”

Indeed, observe the rich content of this short sentence of instruc-
tions. We should not need to tell the robot that the same applies 

Figure 10.3. A smart robot contemplating the causal ramifications of his/
her actions. (Source: Drawing by Maayan Harel.)
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