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Many important research questions are rooted in causality

benefits of exercise and healthy nutrition climate change

racial and gender bias in AI Covid vaccine efficacy



“does human activity cause climate change?”

• Answers typically involve ‘what causes it?’ and ‘how?’

Many important research questions are rooted in causality



“how are violent video games, ADHD, and aggression related?”

• ‘Finding a connection’ does not imply we know what causes what …

Many important research questions are rooted in causality

?



“can we infer functional brain connectivity from fMRI data?”

• Sometimes the difference between ‘connection’ and ‘causality’ is blurred …

Many important research questions are rooted in causality
Causality: ubiquitous in the sciences

Neuroscience:
how to infer functional connectivity networks from fMRI data?

Joris Mooij (UvA) Causal Modelling 2016-04-14 5 / 56



• Sometimes it is not even clear if the concept ‘cause’ makes sense

Many important research questions are rooted in causality

“can butterflies cause hurricanes?”



Causality: what is it?

How do we recognize causality?
(apparently so simple we don’t teach this 
at school/university)
“Of course I know cause and effect!”



Causality: what is it?

How do we recognize causality?
(apparently so simple we don’t teach this 
at school/university)
“Of course I know cause and effect …”

What exactly do we mean by ‘cause’ and ‘effect’?
Intuitively obvious, yet curiously hard to define. Often involves aspects of
• things that occur together
• things that follow each other in time
• things that are somehow necessary and/or sufficient to lead to another
• things that change the probability of something else happening
• things connected by a mechanistic chain of events, etc. etc.

Most definitions run into trouble somewhere …
Main ‘cause’ behind a huge amount of philosophical controversy!



Hume on causality

The subject of causality has a long history in philosophy. For example 
this is what Hume had to say about it:

“Thus we remember to have seen that species of 
object we call flame, and to have felt that species 
of sensation we call heat. We likewise call to 
mind their constant conjunction in all past 
instances. Without any farther ceremony, we 
call the one cause and the other effect, and infer 
the existence of the one from that of the other.”

David Hume, Treatise of Human Nature (1739)



Russell on causality

Some philosophers even proposed to abandon the concept of causality 
altogether 

“All philosophers, of  every school, imagine that 
causation is one of  the fundamental axioms or 
postulates of  science, yet, oddly enough, in advanced 
sciences such as gravitational astronomy, the word 
`cause' never occurs. The law of  causality, I believe, 
like much that passes muster among philosophers, is 
a relic of  a bygone age, surviving, like the monarchy, 
only because it is erroneously supposed to do no 
harm”.

Bertrand Russell, On the Notion of Cause (1913)



Causality in statistics

Karl Pearson (one of the founders of modern statistics, well-known 
from his work on the correlation coefficient) writes:

“Beyond such discarded fundamentals as `matter' and 
`force' lies still another fetish amidst the inscrutable 
arcana of  even modern science, namely, the category 
of  cause and effect.”

Karl Pearson, The Grammar of Science (1892)



Causality in statistics

Karl Pearson (one of the founders of modern statistics, well-known 
from his work on the correlation coefficient) writes:

“Beyond such discarded fundamentals as `matter' and 
`force' lies still another fetish amidst the inscrutable 
arcana of  even modern science, namely, the category 
of  cause and effect.”

Karl Pearson, The Grammar of Science (1892)

Since then, many statisticians tried to avoid causal reasoning:
• “Considerations of causality should be treated as they have always been in 

statistics: preferably not at all.” (Terry Speed, former president of the Biometric 

Society).

• “It would be very healthy if more researchers abandon thinking of and using 
terms such as cause and effect.” (Prominent social scientist). 



Pragmatic approach

Causality = ‘Effective manipulability’
• focus on relevant, measurable influence
• understand why things happen
• predict how things change if we intervene (effect computation)
• not about truth, but about validity (given assumptions)
• allows principled use of maths, statistics & logic on data and models
• verify by experiment (‘Randomized Controlled Trial’)

Speed Brake

Crash

Slippery

+ + ++

key risk factors in predicting car crashes …

Colour



Effective manipulability

“does human activity cause climate change?”

“do butterflies cause hurricanes?”
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gene A

gene Btranscript TA

protein A TB

protein B

promote / inhibit

Example - Gene regulation

central dogma of 
molecular biology

DNA

mRNA
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gene Btranscript TA

protein A TB

protein B
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microarray to measure 
transcription levels

Example - Gene regulation
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Predicting gene expression levels

p TB TA = 0.8( )

gene A gene B
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Observation vs. intervention: gene knock-out experiments

p TB do TA = 0.0( )( )
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X

Y

What if we do not know the model?

Q: Does X cause Y or does Y cause X? … or “can’t tell”?



X Y Y X

X

Y

Easy to explain as

Y = f(X) + noise

Difficult to explain as

X = f(Y) + noise

Causal direction from model simplicity

X

Y



Chocolate consumption and Nobel prizes …

Messerli, F. H., et al. "Chocolate Consumption, Cognitive Function, and Nobel Laureates." N Engl J Med 367.16 (2012): 1562-4.



Chocolate consumption and Nobel prizes …

Messerli, F. H., et al. "Chocolate Consumption, Cognitive Function, and Nobel Laureates." N Engl J Med 367.16 (2012): 1562-4.

T h e  n e w  e ngl a nd  j o u r na l  o f  m e dic i n e

n engl j med nejm.org2

Discussion

The principal finding of this study is a surpris-
ingly powerful correlation between chocolate 
intake per capita and the number of Nobel laure-
ates in various countries. Of course, a correla-
tion between X and Y does not prove causation 
but indicates that either X influences Y, Y influ-
ences X, or X and Y are influenced by a common 
underlying mechanism. However, since choco-
late consumption has been documented to im-
prove cognitive function, it seems most likely 
that in a dose-dependent way, chocolate intake 
provides the abundant fertile ground needed for 
the sprouting of Nobel laureates. Obviously, 
these findings are hypothesis-generating only 
and will have to be tested in a prospective, ran-
domized trial.

The only possible outlier in Figure 1 seems to 
be Sweden. Given its per capita chocolate con-
sumption of 6.4 kg per year, we would predict 
that Sweden should have produced a total of 

about 14 Nobel laureates, yet we observe 32. 
Considering that in this instance the observed 
number exceeds the expected number by a fac-
tor of more than 2, one cannot quite escape the 
notion that either the Nobel Committee in 
Stockholm has some inherent patriotic bias 
when assessing the candidates for these awards 
or, perhaps, that the Swedes are particularly 
sensitive to chocolate, and even minuscule 
amounts greatly enhance their cognition.

A second hypothesis, reverse causation — 
that is, that enhanced cognitive performance 
could stimulate countrywide chocolate con-
sumption — must also be considered. It is con-
ceivable that persons with superior cognitive 
function (i.e., the cognoscenti) are more aware 
of the health benefits of the flavanols in dark 
chocolate and are therefore prone to increasing 
their consumption. That receiving the Nobel 
Prize would in itself increase chocolate intake 
countrywide seems unlikely, although perhaps 
celebratory events associated with this unique 
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel 
 Laureates per 10 Million Population.

The New England Journal of Medicine 
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Chocolate consumption and Nobel prizes …

Chocolate Nobel

?
Alternative explanation
• unobserved confounder
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TABLE III.-Amouat of Tobacco Smoked Daily Before Present Illnessas Recorded at Two Interviews With the Same Patients at anInterval of Six Months or More

First
Interview Second Interview. No. of Persons Smoking'No. of
Persons
Smoking 0 1 cig.- 5 cigs.- 15 cigs.- 25 cigs.- 50cigs. + Total

0. .. 8 19
Icig.- 4.. 4
S cigs.- .. 1 13 3 1715 cigs- .. 4 9 1 1425 cigs.- 1 3 0 450cigs.+ 1 0 1
Total.. 8 6 18 13 5 0 50

to the question "How much did you smoke before the
onset of your present illness ? "
The answers. to the other questions on smoking habits

showed a variability comparable to that shown in Table III.
It may be concluded, therefore, that, while the detailed
smoking histories obtained by this investigation are not,
as would be expected, strictly accurate, they are reliable
enough to indicate general trends and to substantiate
material differences between groups.

Smokers and Non-smokers
The simplest comparison that can be made to show

whether there is any association at all between smoking
anZd carcinoma of the lung is that between the proportion
of lung-carcinoma patients who have been smokers and
the proportion of smokers in the comparable group of
subjects without carcinoma of the lung. Such a compari-
son is shown in Table IV.

TABLE IV.-Proportioni of Smokers and Non-smtiokers in Lung-carcinoma Patients and in Control Patients with Diseases OtherThan Cancer

DiseaseGroupNo. of, No. of ProbabilityDisease Group Non-smokers Smokers Test

TABLE V.-Most Recent Amount of Tobacco* Consumed Regularlyby Smokers Before the Onset of Present Illness; Lung-carcinomaPatients and Control Patients with Diseases Other Than Cancer

Disease Group No. Smoking Daily Probability1 Cig.-* 5 Cigs.- 15 Cigs.- 25 Cigs.-150 Cigs.+ Test

Males:
Lung-carcinoma 33 250 i196 136 32 X2=36-95;patients (647) (51%) (386%) (30-3Y') (21 0%) (5 0%) n-4;

P<0_001Control patients
with diseases
other than 55 293 190 71 13
cancer (622).. (8-8%) (47 l Y) (30 5%) (11-4%) (2 1Y)

Females:
Lung-carcinoma 7 19 9 6 0 x2= 572;patients (41).. (17-1%) (46 3%) (22 0%) (14-6%) (OO%) n=2;

0-05<P<0-10Control patients (Womenwith diseases smoking 15other than 12 10 6 0 0 or more cig-cancer (28) .. (429%) (357%) (214%) (00%) (0.0%) arettes a day0)(35-7Y.) (21-4%) 40.0 )grouped to-

* Ounces of tobacco have been expressed as being equivalent to so manycigarettes. There is I oz. of tobacco in 26-5 normal-size cigarettes, so that theconversion factor has bepn taken as: 1 oz. of tobacco a week = 4 cigarettes a day.

From Table V it will be seen that, apart from the general
excess of smokers found (in Table IV) in lung-carcinoma
patients, there is in this group a significantly higher pro-
portion of heavier smokers and a correspondingly lower
proportion of lighter smokers than in the comparative
group of other patients. For instance, in the lung-
carcinoma group 26.0% of the male patients fall in the two
groups of highest consumption (25 cigarettes a day or more),
while in the control group of other male patients only 13.5 %
are found there. The same trend is observable for women,
but the numbers involved are small and the difference here
between the carcinoma group and their control patients is
not quite technically significant. If, however, the female
lung-carcinoma patients are compared with the total

CONTROL PATIENTS
WITHOUT CANCER

PATIENTS WITH

I CARCINOMA OF THE LUNG

Males: I
Lung-carcinoma patients (649) 2 (0 3%) 647 P (exact method)i = ~~~~~0-00000064Control patients with diseases

other than cancer (649) .. 27 (4 2%) 622
Females:

Lung-carcinoma patients (60) 19 (31 7%) 41 x2 = 5 76; n 1
001 <P< 002Control patients with diseases

other than cancer (60) 32 (53.3° ) 28

It will be seen that the vast majority of men have been
smokers at sotle period of their lives, but also that the
very small proportion of those with carcinoma of the lung
who have been non-smokers (0.3%) is most significantly
less than the corresponding proportion in the control group
of other patients (4.2%). As was to be expected, smoking
is shown to be a much less common habit among women;
but here again the habit was significantly more frequent
among those with carcinoma of the lung. Only 31.7% of
the lung-carcinoma group were non-smokers, compared
with 53.3% in the control group.

Amount of Smoking
In the simple comparison of Table IV all smokers have

been classified together, irrespective of the amount they
smoked. In Table V they have been subdivided according
to the amount they smoked immediately before the onset
of the illness which brought them into hospital. (If they
had given up smoking before then, they have been classified
according to the amount smoked immediately prior to
giving it up.) This classification is described subsequently
as " the most recent amount smoked."
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In England and Wales the phenomenal increase in the
number of deaths attributed to cancer of the lung pro-
vides one of the most striking changes in the pattern of
mortality recorded by the Registrar-General. For example,
in the quarter of a century between 1922 and 1947 the
annual number of deaths recorded increased from 612 to
9,287, or roughly fifteenfold. This remarkable increase is,
of course, out of all proportion to the increase of popula-
tion-both in total and, particularly, in its older age groups.
Stocks (1947), using standardized death rates to allow for
these population changes, shows the following trend: rate
per 100,000 in 1901-20, males 1.1, females 0.7; rate per
100,000 in 1936-9, males 10.6, females 2.5. The rise seems
to have been particularly rapid since the end of the first
world war, between 1921-30 and 1940-4 the death rate of
men at ages 45 and over increased sixfold and of women of
the same ages approximately threefold. This increase is still
continuing. It has occurred, too, in Switzerland, Denmark,
the U.S.A., Canada, and Australia, and has been reported
from Turkey and Japan.
Many writers have studied these changes, considering

whether they denote a real increase in the incidence of the
disease or are due merely to improved standards of diag-
nosis. Some believe that the latter factor can be regarded
as wholly, or at least mainly, responsible-for example,
Willis (1948), Clemmesen and Busk (1947), and Steiner
(1944). On the other hand, Kennaway and Kennaway
(1947) and Stocks (1947) have given good reasons for
believing that the rise is at least partly real. The latter,
for instance, has pointed out that " the increase of certified
respiratory cancer mortality during the past 20 years has
been as rapid in country districts as in the cities with the
best diagnostic facilities, a fact which does not support the
view that such increase merely reflects improved diagnosis
of cases previously certified as bronchitis or other respira-
tory affections." He also draws attention to differences in
mortality between some of the large cities of England and
Wales, differences which it is difficult to explain in terms
of diagnostic standards.
The large and continued increase in the recorded deaths

even within the last five years, both in the national figures
and in those from teaching hospitals, also makes it hard to
believe that improved diagnosis is entirely responsible. In
short, there is sufficient reason to reject that factor as the

whole explanation, although no one would deny that it
may well have been contributory. As a corollary, it is
right and proper to seek for other causes.

Possible Causes of the Increase
Two main causes have from time to time been put for-

ward: (1) a general atmospheric pollution from the exhaust
fumes of cars, from the surface dust of tarred roads, and
from gas-works, industrial plants, and coal fires; and
(2) the smoking of tobacco. Some characteristics of the
former have certainly become more prevalent in the last
50 years, and there is also no doubt that the smoking of
cigarettes has greatly increased. Such associated changes
in time can, however, be no more than suggestive, and until
recently there has been singularly little more direct evi-
dence. That evidence, based upon clinical axperience and
records, relates mainly to the use of tobacco. For instance,
in Germany, Muller (1939) found that only 3 out of 86
male patients with cancer of the lung were non-smokers,
while 56 were heavy smokers, and, in contrast, among 86
" healthy men of the same age groups " there were 14 non-
smokers and only 31 heavy smokers. Similarly, in America,
Schrek and his co-workers (1950) reported that 14.6% of
82 male patients with cancer of the lung were non-smokers,
against 23.9% of 522 male patients admitted with cancer
of sites other than the upper respiratory and digestive
tracts. In this country, Thelwall Jones (1949-personal
communication) found 8 non-smokers in 82 patients with
proved carcinoma of the lung, compared with 11 in a corre-
sponding group of patients with diseases other than cancer;
this difference is slight, but it is more striking that there
were 28 heavy smokers in the cancer group, against 14 in
the comparative group.

Clearly none of these small-scale inquiries can be
accepted as conclusive, but they all point in the same direc-
tion. Their evidence has now been borne out by the results
of a large-scale inquiry undertaken in the U.S.A. by
Wynder and Graham (1950).
Wynder and Graham found that of 605 men with

epidermoid, undifferentiated, or histologically unclassified
types of bronchial carcinoma only 1.3% were "non-
smokers"-that is, had ave9aged less than one cigar-
ette a day for the last 20 years-whereas 51.2% of them
had smoked more than 20 cigarettes a day over the same
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did not see exactly the same proportions of patients in all

the groups, the proportions were very close. Moreover,
if the patients seen by each of the interviewers are treated
as four separate investigations, highly significant differences
are found between the lung-carcinoma patients and the
other patients interviewed in three instances. In the fourth
the difference is in the same direction, but, owing to the
small number of patients seen, the results are not technically
significant (P lies between 0.10 and 0.05; in this instance
the almoner had to stop work because of illness, having
seen only 46 patients with carcinoma of the lung).

Discussion
To summarize, it is not reasonable, in our view, to attri-

bute the results to any special selection of cases or to bias
in recording. In other words, it must be concluded that
there is a real association between carcinoma of the lung
and smoking. Further, the comparison of the smoking
habits of patients in different disease groups, shown in
Table X, revealed no association between smoking and
other respiratory diseases or between smoking and cancer
of the other sites (mainly stomach and large bowel). The
association therefore seems to be specific to carcinoma of
the lung. This is not necessarily to say that smoking causes
carcinoma of the lung. The association would occur if
carcinoma of the lung caused people to smoke or if both
attributes were end-effects of a common cause. The habit
of smoking was, however, invariably formed before the
onset of the disease (as revealed by the production of symp-
toms), sb that the disease cannot be held to have caused
the habit; nor can we ourselves envisage any common
cause likely to lead both to the development of the habit
and to the development of the disease 20 to 50 years later.
We therefore conclude that smoking is a factor, and an
important factor, in the production of carcinoma of the
lung.
The effect of smoking varies, as would be expected, with

the amount smoked. The extent of the variation could be
estimated by comparing the numbers of patients inter-
viewed who had carcinoma of the lung with the correspond-
ing numbers of people in the population, in the same age
groups, who smoke the same amounts of tobacco. Our
figures, however, are not representative of the whole
country, and this may be of some importance, as country-
men smoke, on the average, less than city dwellers. More-
over, as was shown earlier, the carcinoma and the control
patients were not comparable with regard to their places
of residence. The difficulty can be overcome by confining
the comparison to the inhabitants of Greater London.

If it be assumed that the patients without carcinoma of
the lung who lived in Greater London at the time of their
interview are typical of the inhabitants of Greater London
with regard to their smoking habits, then the number of
people in London smoking different amounts of tobacco
can be estimated. Ratios can then be obtained between
the numbers of patients seen with carcinoma of the lung
and the estimated populations at risk who have smoked
comparable amounts of tobacco. This has been done for
each age groop, and the results are shown in Table XIV.
It must be stressed that the ratios shown in this table are
not measures of the actual risks of developing carciioma
of the lung, but are put forward very tentatively as pro-
portional to these risks.
Thus Table XIV shows clearly, and for each age group,

the conclusion previously reached-that the risk of develop-
ing carcinoma of the lung increases steadily as the amount
smoked increases. If the risk among non-smokers is taken

BRITrSH
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TABLE XIV.-Ratios of Patients Interviewed With Carcinomiza of
Lung and with a Given Daily Consumption of Tobacco to theEstimated Populations in Greater London Smoking the Same
Anounts (Male and Female Combined; Ratios per Million)

Daily Consumption of TobaccoAge 1s 1-4 5-14 15-24 25-49 50 Total

0
Cigs. Cigs. Cigs. Cigs. Cigs. +

25- .. 0* 11 2 6 28 - 435- 2 9 43 41 67 77 2945- 12 34 178 241 429 667 147
55- .. 14 133 380 463 844 600 244
65-74 .. 21 110 300 510 1,063 2,000 186

* Ratios based on less than 5 cases of carcinoma of the lung are given in italics.

as unity and the resulting ratios in the three age groups in
which a large number of patients were interviewed (ages
45 to 74) are averaged, the relative risks become 6, 19, 26,
49, and 65 when the number of cigarettes smoked a day
are 3, 10, 20, 35, and, say, 60-that is, the mid-points of
each smoking group. In other words, on the admittedly
speculative assumptions we have made, the risk seems to
vary in approximately simple proportion with the amount
smoked.
One anomalous result of our inquiry appears to relate

to inhaling. It would be natural to suppose that if smoking
were harmful it would be more harmful if the smoke were
inhaled. In fact, whether the patient inhaled or not did
not seem to make any difference. It is possible that the
patients were not fully aware of the meaning of the term
and answered incorrectly, but the interviewers were not
of that opinion. In the present state of knowledge it is
more reasonable to accept the finding and wait until the
size of the smoke particle which carries the carcinogen is
determined. Until this is known nothing can be stated
about the effect which any alteration in the rate and depth
of respiration may have on the extent and site of deposition
of the carcinogen (Davies, 1949).
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FIG. 2.-Death rate from cancer of the lung and rate of
consumption of tobacco and cigarettes.

How, in conclusion, do these results fit in with other
known facts about smoking and carcinoma of the lung ?
Both the consumption of tobacco and the number of deaths
attributed to cancer of the lung are known to have in-
creased, and to have increased largely, in many countries
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TABLE III.-Amouat of Tobacco Smoked Daily Before Present Illnessas Recorded at Two Interviews With the Same Patients at anInterval of Six Months or More

First
Interview Second Interview. No. of Persons Smoking'No. of
Persons
Smoking 0 1 cig.- 5 cigs.- 15 cigs.- 25 cigs.- 50cigs. + Total

0. .. 8 19
Icig.- 4.. 4
S cigs.- .. 1 13 3 1715 cigs- .. 4 9 1 1425 cigs.- 1 3 0 450cigs.+ 1 0 1
Total.. 8 6 18 13 5 0 50

to the question "How much did you smoke before the
onset of your present illness ? "
The answers. to the other questions on smoking habits

showed a variability comparable to that shown in Table III.
It may be concluded, therefore, that, while the detailed
smoking histories obtained by this investigation are not,
as would be expected, strictly accurate, they are reliable
enough to indicate general trends and to substantiate
material differences between groups.

Smokers and Non-smokers
The simplest comparison that can be made to show

whether there is any association at all between smoking
anZd carcinoma of the lung is that between the proportion
of lung-carcinoma patients who have been smokers and
the proportion of smokers in the comparable group of
subjects without carcinoma of the lung. Such a compari-
son is shown in Table IV.

TABLE IV.-Proportioni of Smokers and Non-smtiokers in Lung-carcinoma Patients and in Control Patients with Diseases OtherThan Cancer

DiseaseGroupNo. of, No. of ProbabilityDisease Group Non-smokers Smokers Test

TABLE V.-Most Recent Amount of Tobacco* Consumed Regularlyby Smokers Before the Onset of Present Illness; Lung-carcinomaPatients and Control Patients with Diseases Other Than Cancer

Disease Group No. Smoking Daily Probability1 Cig.-* 5 Cigs.- 15 Cigs.- 25 Cigs.-150 Cigs.+ Test

Males:
Lung-carcinoma 33 250 i196 136 32 X2=36-95;patients (647) (51%) (386%) (30-3Y') (21 0%) (5 0%) n-4;

P<0_001Control patients
with diseases
other than 55 293 190 71 13
cancer (622).. (8-8%) (47 l Y) (30 5%) (11-4%) (2 1Y)

Females:
Lung-carcinoma 7 19 9 6 0 x2= 572;patients (41).. (17-1%) (46 3%) (22 0%) (14-6%) (OO%) n=2;

0-05<P<0-10Control patients (Womenwith diseases smoking 15other than 12 10 6 0 0 or more cig-cancer (28) .. (429%) (357%) (214%) (00%) (0.0%) arettes a day0)(35-7Y.) (21-4%) 40.0 )grouped to-

* Ounces of tobacco have been expressed as being equivalent to so manycigarettes. There is I oz. of tobacco in 26-5 normal-size cigarettes, so that theconversion factor has bepn taken as: 1 oz. of tobacco a week = 4 cigarettes a day.

From Table V it will be seen that, apart from the general
excess of smokers found (in Table IV) in lung-carcinoma
patients, there is in this group a significantly higher pro-
portion of heavier smokers and a correspondingly lower
proportion of lighter smokers than in the comparative
group of other patients. For instance, in the lung-
carcinoma group 26.0% of the male patients fall in the two
groups of highest consumption (25 cigarettes a day or more),
while in the control group of other male patients only 13.5 %
are found there. The same trend is observable for women,
but the numbers involved are small and the difference here
between the carcinoma group and their control patients is
not quite technically significant. If, however, the female
lung-carcinoma patients are compared with the total

CONTROL PATIENTS
WITHOUT CANCER

PATIENTS WITH

I CARCINOMA OF THE LUNG

Males: I
Lung-carcinoma patients (649) 2 (0 3%) 647 P (exact method)i = ~~~~~0-00000064Control patients with diseases

other than cancer (649) .. 27 (4 2%) 622
Females:

Lung-carcinoma patients (60) 19 (31 7%) 41 x2 = 5 76; n 1
001 <P< 002Control patients with diseases

other than cancer (60) 32 (53.3° ) 28

It will be seen that the vast majority of men have been
smokers at sotle period of their lives, but also that the
very small proportion of those with carcinoma of the lung
who have been non-smokers (0.3%) is most significantly
less than the corresponding proportion in the control group
of other patients (4.2%). As was to be expected, smoking
is shown to be a much less common habit among women;
but here again the habit was significantly more frequent
among those with carcinoma of the lung. Only 31.7% of
the lung-carcinoma group were non-smokers, compared
with 53.3% in the control group.

Amount of Smoking
In the simple comparison of Table IV all smokers have

been classified together, irrespective of the amount they
smoked. In Table V they have been subdivided according
to the amount they smoked immediately before the onset
of the illness which brought them into hospital. (If they
had given up smoking before then, they have been classified
according to the amount smoked immediately prior to
giving it up.) This classification is described subsequently
as " the most recent amount smoked."
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Treatment of kidney stones 

Charig, Clive R., et al. "Comparison of treatment of renal calculi by open surgery, percutaneous nephrolithotomy, 
and extracorporeal shockwave lithotripsy." Br Med J (Clin Res Ed) 292.6524 (1986): 879-882.

Treatment A Treatment B
Recoveries 273/350 (78%) 289/350 (83%)

Total 562/700 (80%)

Question: What treatment would you prefer?

Treatment A/B Recovery



Treatment of kidney stones 

Treatment A Treatment B
Small stones 81/87 (93%) 234/270 (87%)

Large stones 192/263 (73%) 55/80 (69%

Recoveries 273/350 (78%) 289/350 (83%)

Total 562/700 (80%)

Question: What treatment would you prefer now?

Treatment A/B Recovery



Treatment of kidney stones 

Treatment A Treatment B
Small stones 81/87 (93%) 234/270 (87%)

Large stones 192/263 (73%) 55/80 (69%

Recoveries 273/350 (78%) 289/350 (83%)

Total 562/700 (80%)

Question: What treatment would you prefer now?

Treatment A/B Recovery

“Simpson’s 
paradox”



Treatment of kidney stones 

Treatment A Treatment B
Small stones 81/87 (93%) 234/270 (87%)

Large stones 192/263 (73%) 55/80 (69%

Recoveries 273/350 (78%) 289/350 (83%)

Total 562/700 (80%)

Treatment A/B

Recovery

Stone size

+
-

+



Treatment of kidney stones 

Treatment A Treatment B
Small stones 81/87 (93%) 234/270 (87%)

Large stones 192/263 (73%) 55/80 (69%

Recoveries 273/350 (78%) 289/350 (83%)

Total 562/700 (80%)

Question: How to compute the actual effect?

Treatment A/B

Recovery

Stone size

+
-

+



Computing causal effect sizes from observations 

X

Y

• split observed correlation in causal effect and confounding

X

Y

observed correlation

ρxy

combination of (possible) causal 
effect and (possible) confounding



Computing causal effect sizes from observations 

X

Y

• split observed correlation in causal effect and confounding

X

Y

observed correlation combination of (possible) causal 
effect and (possible) confounding

ρxy

How to compute the causal effect?
• gold standard: randomized controlled trial!
otherwise
• adjustment formula to compensate for confounding (later this session) 
• more general: do-calculus [Pearl, Causality 2009]

• not always possible!
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causal DAG G
(Directed Acyclic Graph) 

B

A

F

G

Y

D

C

E

X

V

U

• real world consists of networks of causally interacting variables,
• structure corresponds to a directed acyclic graph (DAG)
• arcs represent direct causes between variables in the system

Key model assumption: causal DAG



confounders

underlying causal DAG G
(Directed Acyclic Graph) 

B

A

F

G

D

C

E

• real world consists of networks of causally interacting variables,
• structure corresponds to a directed acyclic graph (DAG)
• arcs represent direct causes between variables in the system
• subset of these variables observed in experiments

Key model assumption: causal DAG



confounders
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A

F

G

D

C

E

equivalent ADMG representation 
(Acyclic Directed Mixed Graph)

=

underlying causal DAG G
(Directed Acyclic Graph) 

B

A

F

G

D

C

E

• real world consists of networks of causally interacting variables,
• structure corresponds to a directed acyclic graph (DAG)
• arcs represent direct causes between variables in the system
• subset of these variables observed in experiments

Key model assumption: causal DAG



Basic graphical model terminology

• nodes and edges

B

A

F

G

D

C

E

vertex/node
bi-directed 

edge

arc



Paths

• path - sequence of (distinct) nodes p =〈X1,X2,..,Xk〉where each successive 
pair of nodes along the path is adjacent (connected by an edge) in graph G

B

A

F

G

D

C

E

directed path
A – B – E

non-collider



Collider and non-collider triples

B

A

F

G

D

C

E

(directed) path
A – B – E

non-collider

• collider - triple of successive nodes〈X,Y,Z〉along a path, where the 

edges from X and Z have an arrowhead (‘collide’) at Y, e.g. X « Y ¬ Z

• non-collider - any such triple that is not a collider, e.g. X ® Y ® Z, 

X ¬ Y ¬ Z, or X ¬ Y ® Z



Collider and non-collider triples

B

A

F

G

D

C

E

path F – G – D – C

collider

• collider - triple of successive nodes〈X,Y,Z〉along a path, where the 

edges from X and Z have an arrowhead (‘collide’) at Y, e.g. X « Y ¬ Z

• non-collider - any such triple that is not a collider, e.g. X ® Y ® Z, 

X ¬ Y ¬ Z, or X ¬ Y ® Z



Ancestral relations

• if X ® Y is in graph G, then X is a parent of Y, and Y is a child of X
• if X « Y is in graph G, then X is a spouse of Y (and v.v.)
• if there is a directed path X ® .. ® Y in G, then X is ancestor of Y, and Y 

is a descendant of X

B

A

F

G

D

C

E

ancestor

descendant

parent

child

spouses



Path áA,B,F,Gñ is unblocked given the empty set …

Blocked and unblocked paths

B

A

F

G

D

C

E

non-colliders

• a path p = áX,..,Yñ is unblocked given set of nodes Z iff:
- all non-colliders along p are not in Z
- all colliders along p are in Z or are ancestor of some Z Î Z
otherwise the path is blocked



• a path p = áX,..,Yñ is unblocked given set of nodes Z iff:
- all non-colliders along p are not in Z
- all colliders along p are in Z or are ancestor of some Z Î Z
otherwise the path is blocked

… path áA,B,F,Gñ is blocked given F …

Blocked and unblocked paths

B

A

F

G

D

C

E
non-collider



… but path áA,B,D,Gñ becomes unblocked given F …

Blocked and unblocked paths

B

A

F

G

D

C

E

collider

• a path p = áX,..,Yñ is unblocked given set of nodes Z iff:
- all non-colliders along p are not in Z
- all colliders along p are in Z or are ancestor of some Z Î Z
otherwise the path is blocked



… and path áA,B,D,Gñ is again blocked given {D,F}.

Blocked and unblocked paths

B

A

F

G

D

C

E

collider

non-collider

• a path p = áX,..,Yñ is unblocked given set of nodes Z iff:
- all non-colliders along p are not in Z
- all colliders along p are in Z or are ancestor of some Z Î Z
otherwise the path is blocked



• in a graph G, nodes X and Y are d-separated given Z, iff

there are no unblocked paths in G between X and Y given Z,

otherwise they are d-connected

d-separation

Judea Pearl 
(Winner Turing Award 2012)

B

A

F

G

D

C

E



Nodes A and G are d-separated given {D,F},
but d-connected given {}, D, or F.

d-separation

B

A

F

G

D

C

E

Judea Pearl 
(Winner Turing Award 2012)

• in a graph G, nodes X and Y are d-separated given Z, iff

there are no unblocked paths in G between X and Y given Z,

otherwise they are d-connected



Exercise 1a – Paths and colliders 

C

A B

E

D

1. Is áA,C,B,Añ a path?
2. Is áA,C,E,D,Bñ a (directed) path?
3. Is A an ancestor of D?
4. What are descendants of B?
5. Which nodes on the path áB,D,E,C,Añ are non-colliders?
6. A v-structure is a collider between non-adjacent nodes. How many v-

structures are in the graph G?

graph G

• collider - triple of successive nodes〈X,Y,Z〉along a path, where the 

edges from X and Z have an arrowhead (‘collide’) at Y, e.g. X « Y ¬ Z



Exercise 1a – Paths and colliders 

C

A B

E

D

1. Is áA,C,B,Añ a path? No: A and B are not adjacent and A occurs twice.
2. Is áA,C,E,D,Bñ a (directed) path? It is a path, but not a directed path.
3. Is A an ancestor of D? No: there is no directed path from A to D.
4. What are descendants of B? Nodes {B,C,D} (B is also its own descendant!)
5. Which nodes on the path áB,D,E,C,Añ are non-colliders? Nodes C and D.
6. A v-structure is a collider between non-adjacent nodes. How many v-

structures are in the graph G? Two: A ® C « B, and C ® E ¬ D.

• collider - triple of successive nodes〈X,Y,Z〉along a path, where the 

edges from X and Z have an arrowhead (‘collide’) at Y, e.g. X « Y ¬ Z

graph G



Exercise 1b – Blocked and unblocked paths 

C

A B

E

D

1. Is C « B ® D blocked by (`given’) B?
2. Is A ® C « B blocked given E?
3. Is A ® C ® E ¬ D blocked? (given empty set Z = {}) 
4. Is path áA,C,B,Dñ blocked by {C,E}? 
5. Which set(s) of nodes (if any) unblock a path from A to B?
6. Claim: ‘A path between two nodes can be blocked, iff they are non-

adjacent’. True or false?

• a path p = áX,..,Yñ is unblocked given set of nodes Z iff:
- all non-colliders along p are not in Z
- all colliders along p are in Z or are ancestor of some Z Î Z
otherwise the path is blocked



Exercise 1b – Blocked and unblocked paths 

C

A B

E

D

1. Is C « B ® D blocked by (`given’) B? Yes.
2. Is A ® C « B blocked given E? No.
3. Is A ® C ® E ¬ D blocked? (given empty set Z = {}) Yes.
4. Is path áA,C,B,Dñ blocked by {C,E}? No.
5. Which set(s) of nodes (if any) unblock a path from A to B? Any subset of 

{C,D,E} containing at least one node from {C,E}.
6. Claim: ‘A path between two nodes can be blocked, iff they are non-

adjacent’. True or false? False: reverse counter example áB,D,E,Cñ.

• a path p = áX,..,Yñ is unblocked given set of nodes Z iff:
- all non-colliders along p are not in Z
- all colliders along p are in Z or are ancestor of some Z Î Z
otherwise the path is blocked



Exercise 1c – d-separation

C

A B

E

D

1. Are A and B d-separated? (given empty set {}) 
2. Are C and D d-separated by B? 
3. Are A and E d-separated by C?
4. Are A and D d-separated by {B,E}?
5. Which set(s) of nodes (if any) would d-separate B and E?
6. True or false: ‘Two nodes can be d-separated, iff they are non-adjacent’?

• in a graph G, nodes X and Y are d-separated given Z, iff

there are no unblocked paths in G between X and Y given Z,

otherwise they are d-connected



Exercise 1c – d-separation

C

A B

E

D

1. Are A and B d-separated? (given empty set {}) Yes.
2. Are C and D d-separated by B? Yes.
3. Are A and E d-separated by C? No: path áA,C,B,D,Eñ is unblocked by C.
4. Are A and D d-separated by {B,E}? No: áA,C,E,Dñ remains unblocked. 
5. Which set(s) of nodes (if any) would d-separate B and E? {C,D},{A,C,D}
6. True or false: ‘Two nodes can be d-separated, iff they are non-adjacent’? 

True for DAGs, but not for ADMGs in general!

• in a graph G, nodes X and Y are d-separated given Z, iff

there are no unblocked paths in G between X and Y given Z,

otherwise they are d-connected



• graphical models offer an intuitive means to model causal interactions
• so far we only considered the causal structure …
• … now we need to link the graphs to data
Þ enter the Causal Bayesian Network!

causal DAG G

C

A B

D

Linking graphs to data



A Bayesian Network (BN) is a pair (G, p), where

• G is a directed acyclic graph over variables X = {X1, X2, .. ,XK}

• p is a joint probability distribution over X that factorizes according to G

causal DAG G

C

A B

D

p X( ) = p Xk pa Xk( )( )
k=1

K

∏

Bayesian network

parents of Xk in G

factorized joint probability distribution



A Bayesian Network (BN) is a pair (G, p), where

• G is a directed acyclic graph over variables X = {X1, X2, .. ,XK}

• p is a joint probability distribution over X that factorizes according to G

causal DAG G

C

A B

D

p X( ) = p Xk pa Xk( )( )
k=1

K

∏

Bayesian network

factorized joint probability distribution

p A,B,C,D( ) =
p A( ) p B( ) p C A,B( ) p D B,C( )



A Bayesian Network (G, p) is causal if 

• all and only the directed edges in G correspond to direct causal relations,
• it satisfies the Causal Markov condition:

“In a causal DAG G, every node is probabilistically independent of its non-

descendants given its parents (direct causes) in G.”

causal DAG G

C

A B

D

Causal Bayesian network

Xi nd Xi( ) pa Xi( )^̂



A Bayesian Network (G, p) is causal if 

• all and only the directed edges in G correspond to direct causal relations,
• it satisfies the Causal Markov condition:

“In a causal DAG G, every node is probabilistically independent of its non-

descendants given its parents (direct causes) in G.”

causal DAG G

C

A B

D

Causal Bayesian network

As a result

• d-separation Þ probabilistic independence

A B −

B A −

D A B,C

^̂

^̂

^̂



• each child-parent family in the causal DAG G corresponds to a deterministic 
function

with εi representing all exogenous influences (noise) on Xi

• collection is a Structural Causal/Equation Model (SCM/SEM)

causal DAG G

C

A B

D

corresponding Structural Causal Model

Structural Causal Model

A = fA εA( )
B = fB εB( )
C = fC A,B,εC( )
D = fD B,C,εD( )

εA

εC

εD

εB

Xi = fi pa Xi( ),εi( )



causal DAG G

C

A B

D

Structural Causal Model

A = εA εi ~ N 0,σ i( )
B = εB
C =αA+βB+εC
D = γB+δD+εD

Example: multivariate Gaussian model

Xi = fi pa Xi( ),εi( )

α β

γ
δ

• each child-parent family in the causal DAG G corresponds to a deterministic 
function

with εi representing all exogenous influences (noise) on Xi

• collection is a Structural Causal/Equation Model (SCM/SEM)
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• intervening = actively changing the world

Interventions

not this one … but this one



• intervening = actively changing the world

Examples 
• prescribing a treatment (or placebo) in an RCT
• gene knock-out experiment
• deciding to quit smoking
• governments changing laws / taxation levels, 
• lowering home room temperatures 
• adding a catalyst to a chemical reaction, etc.

Interventions



• intervening = actively changing the world

Examples 
• prescribing a treatment (or placebo) in an RCT
• gene knock-out experiment
• deciding to quit smoking
• governments changing laws / taxation levels, 
• lowering home room temperatures 
• adding a catalyst to a chemical reaction, etc.

Common types of interventions
• hard/soft - (directly forcing a variable to a specific value vs. indirectly 

stimulating a variable to e.g. higher/lower values)
• surgical/fat-hand - (very precisely affecting only the target intervention 

variable vs. having possible unintended side-effects)
• perfect interventions = hard+surgical (Pearl’s do-operator, see next)
• mechanism interventions (acting on the functional form of the relations)

Interventions



Perfect intervention in SCM
• externally force a node to a specific value: do(Xi = xi)
• replace structural equation fi(..) with constant xi

• corresponds to removing all incoming arcs to Xi in causal DAG G

causal DAG G with
intervention on C

C

A B

D

Intervention in a Structural Causal Model

intervention do(C = c)

A = fA εA( )
B = fB εB( )
C = c
D = fD B,C,εD( )

c



We can understand / predict the effect of an intervention if we can rewrite the 
(unknown) interventional distribution in terms of the known observed 
distribution.

causal DAG G with
intervention on C

C

A B

D

Computing what happens after an intervention

interventional distribution under do(C = c)

p A,B,C,D do C = c( )( ) = ...?

c
original observed joint probability distribution

p A,B,C,D( ) =
p A( ) p B( ) p C A,B( ) p D B,C( )



• The difference between the expectation under pre- and post-interventional 
distribution then corresponds to the causal effect

• Difficult to compute in general : Pearl’s do-calculus

causal DAG G with
intervention on C

Computing the causal effect: adjustment

C

A B

D

c



• The difference between the expectation under pre- and post-interventional 
distribution then corresponds to the causal effect

• Difficult to compute in general : Pearl’s do-calculus

• Fortunately, for a large class of problems there exists a relatively 
straightforward procedure: ‘adjusting for the parents’

causal DAG G with
intervention on C

Computing the causal effect: adjustment

p Y = y do X = x( )( )
= p y x,Pa X( )( ) p Pa X( )( )

Pa X( )
∑

adjustment formula for intervention on X

C

A B

D

c



• we can generalize adjustment to ‘admissible’ sets (instead of just parents)

Theorem: A set of nodes S is admissible for adjustment to find the causal 
effect of X on Y, if:
• X,Y Ï S
• no element of S is a descendant of X

• S blocks all back-door paths X ¬ .. Y (all paths between X and Y that start 
with an incoming arc on X)

Back-door criterion

C

A B

D

B is admissible for computing 
the causal effect of C (or A) on D



• we can generalize adjustment to ‘admissible’ sets (instead of just parents)

Theorem: A set of nodes S is admissible for adjustment to find the causal 
effect of X on Y, if:
• X,Y Ï S
• no element of S is a descendant of X

• S blocks all back-door paths X ¬ .. Y (all paths between X and Y that start 
with an incoming arc on X)

Back-door criterion

p Y = y do X = x( )( ) = p y x,S = s( ) p S = s( )
s
∑

( = p y x, s( ) p s( )ds∫ )

C

A B

D

general adjustment formulaB is admissible for computing 
the causal effect of C (or A) on D



• if we can predict what happens on an intervention we can consider 
quantifying the causal impact of one variable on another 

• the Average Causal Effect (ACE) quantifies the causal effect of X on Y as 
the difference in expectation of Y under different interventions on X

ACE for causal effect of binary variable X 
on ordinal variable Y

Average Causal Effect (ACE)

ACE X→Y( ) = E Y do X =1( )"# $%−E Y do X = 0( )"# $%

= Y ⋅ p Y do X =1( )( )
Y
∑ − Y ⋅ p Y do X = 0( )( )

Y
∑



Exercise 2a – Admissible sets

C

A B

E

D

1. Is B admissible for adjustment to find the causal effect of D on E?
2. Is {} admissible for the causal effect of A on E?
3. Is B admissible for the causal effect of A on E?
4. Is {B,D} admissible for the causal effect of A on E?
5. Is C admissible for the causal effect of A on E?
6. Is {B,C} admissible for the causal effect of E on A?

graph G

A set of nodes S is admissible for adjustment for the causal effect of X on Y, if:
• X,Y Ï S
• no element of S is a descendant of X

• S blocks all back-door paths X ¬ .. Y (all paths between X and Y that start 

with an incoming arc on X)



Exercise 2a – Admissible sets

C

A B

E

D

1. Is B admissible for adjustment to find the causal effect of D on E? Yes.
2. Is {} admissible for the causal effect of A on E? Yes.
3. Is B admissible for the causal effect of A on E? Yes.
4. Is {B,D} admissible for the causal effect of A on E? Yes.
5. Is C admissible for the causal effect of A on E? No.
6. Is {B,C} admissible for the causal effect of E on A? Yes.

graph G

A set of nodes S is admissible for adjustment for the causal effect of X on Y, if:
• X,Y Ï S
• no element of S is a descendant of X

• S blocks all back-door paths X ¬ .. Y (all paths between X and Y that start 

with an incoming arc on X)



Exercise 2b – Kidney stones revisited

1. Confirm that Stone size is a valid and necessary adjustment variable for 
the causal effect of Treatment A/B on Recovery.

2. Match the variables and values in the table above to the adjustment
formula. In particular: what values need to be summed over?

3. Compute the causal effect of choosing Treatment A on Recovery.
4. Idem for the causal effect of Treatment B, and compare. What is the 

expected improvement (ACE) of choosing the optimal treatment?

causal graph for kidney stone trial

Treatment A Treatment B

Small stones 81/87 (93%) 234/270 (87%)

Large stones 192/263 (73%) 55/80 (69%

273/350 (78%) 289/350 (83%)

Total 562/700 (80%)
Treatment A/B

Recovery

Stone size

+
-

+p Y = y do X = x( )( )
= p y x,Pa X( )( ) p Pa X( )( )

Pa X( )
∑

adjustment formula for intervention on X



Exercise 2b – Kidney stones revisited

causal graph for kidney stone trial

Treatment A Treatment B

Small stones 81/87 (93%) 234/270 (87%)

Large stones 192/263 (73%) 55/80 (69%

273/350 (78%) 289/350 (83%)

Total 562/700 (80%)
Treatment A/B

Recovery

Stone size

+
-

+p Y = y do X = x( )( )
= p y x,Pa X( )( ) p Pa X( )( )

Pa X( )
∑

adjustment formula for intervention on X

p Recovery Â( ) = p R T = A,Size = S( ) p S( )
S∈ small, large{ }
∑ = 0.93*0.51+0.73*0.49 = 0.832

p Recovery B̂( ) = p R T = B,Size = S( ) p S( )
S∈ small, large{ }
∑ = 0.87*0.51+0.69*0.49 = 0.782

Causal effect via adjustment



1 Introduction to causality
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Prediction vs. causation

Causal graphs and how to read them

4 Cause-effect estimation4

5 The missing link & conclusion



Another experiment: preventing eclampsia

Treatment A Treatment B
Low blood pressure 81/87 (93%) 234/270 (87%)

High blood pressure 192/263 (73%) 55/80 (69%

273/250 (78%) 289/250 (83%)

Total recoveries 562/700 (80%)

• different labels, exact same numbers … same conclusion?



Another experiment: preventing eclampsia

Treatment A Treatment B
Low blood pressure 81/87 (93%) 234/270 (87%)

High blood pressure 192/263 (73%) 55/80 (69%

273/250 (78%) 289/250 (83%)

Total recoveries 562/700 (80%)

Treatment A

Recovery

Blood Pressure

+

-+
-

Conclusion
Þ we need to know the true underlying causal graph to compute causal effects!

total causal effect

• different labels, exact same numbers … same conclusion?



• causality is a very useful concept
• if we want to tap into its potential we can and should use methods that 

treat it in a principled manner (we aim for validity, not truth)
• key feature is distinguishing between association and causation
• not always easy, but often doable

Take home messages so far …



• causality is a very useful concept
• if we want to tap into its potential we can and should use methods that 

treat it in a principled manner (we aim for validity, not truth)
• key feature is distinguishing between association and causation
• not always easy, but often doable

• graphical causal models offer an intuitive way to model causal structure
• we can link structure to data via structural equations / causal BNs
• if we know the causal model we can use e.g. the back-door criterion and 

adjustment to compute/predict post-interventional distributions
• leading to quantities of interest such as the Average Causal Effect

But much more to follow in the next two days!

Take home messages so far …



• causality is a very useful concept
• if we want to tap into its potential we can and should use methods that 

treat it in a principled manner (we aim for validity, not truth)
• key feature is distinguishing between association and causation
• not always easy, but often doable

• graphical causal models offer an intuitive way to model causal structure
• we can link structure to data via structural equations / causal BNs
• if we know the causal model we can use e.g. the back-door criterion and 

adjustment to compute/predict post-interventional distributions
• leading to quantities of interest such as the Average Causal Effect

But much more to follow in the next two days!

Thank you!

Take home messages so far …


