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Four topics

Missing data March 27
Fixed & random e�ects April 3
Time-series models April 10
Causation and inferenceApril 17
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Inference
In regression analysis we look at the relationship
between (a set of) independent variable(s) and a
dependent variable.

Statistical inference is concerned with the question
how likely it is to observe this relationship given the
null hypothesis of no relationship (frequentist) or
how much we should update our beliefs concerning
this relationship given our new evidence (Bayesian).

A di�erent question is whether or not we can

deduce that the independent variable is acauseof

the dependent one.
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Association

Given that, say,X andY are correlation
(associated), there are still many possible
causal patterns at play.
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Inference

Generally, to makecausal inferencesfrom
your analysis, additional assumptions need to
be made in addition to the ones already
made forpredictive inference.
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Challenges to inference

Selection, censoring, and truncation
(association)
Measurement error (association)

Endogeneity (causal)
Omitted variables (causal)

(Lewis 2007)
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Fundamental problem
Imagine, there are two kinds of people, one group,
T , that has a college degree, and another group,C,
that does not. We want to measure where a college
degree leads to a higher salary,Y .

What we would like to know is the di�erence for any

individuali whether they have a college degree or

not: Y T
i � Y C

i . However, for every individuali , we

eitherobserveY T
i , or we observeY C

i - they either

have the degree or they don't.
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i Y T

i e�ect
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2 Yes 100 109 +9
3 No 90 92 +2
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6 Yes 111 124 +13



We wish ...

RespondentDegree Y C
i Y T

i e�ect
1 Yes 133
2 Yes 109
3 No 90
4 No 87
5 Yes 146
6 Yes 124
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Average treatment e�ect
Because it is impossible to observe individual treatment e�ect,
we usually turn toaverage treatment e�ect (ATE), which we
attempt to estimate with:

E(Y T
i � Y C

i ) = E(Y T
i ) � E(Y C

i ) =
1

nT

nTX

i 2 T

Yi �
1

nC

nCX

i 2 C

Yi

This assumes thatE(Y T
i ) re
ects the salary for people with a

college degree, irrespective of whether they got one or not,

and thatE(Y C
i ) re
ects the salary without a college degree,

irrespective of whether they got one or not.
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argument. We are making assumptions of
whatY T

i would have been, hadi had a
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Counterfactual causality
By making such assumptions - by looking at
the ATE - we are making acounterfactual
argument. We are making assumptions of
whatY T

i would have been, hadi had a
college degree.

To understand when the ATE assumptions
are reasonable, we need to look at the e�ect
of covariates- other variables that relate to
Y .



Generic model

Yit = g(Ti � + Xit 
 ) + " it ;

whereY is the dependent variable;T is the
treatment we are interested in studying;X
are observable covariates that a�ectY ; "
captures unobserved covariates (as well as
measurement error inY).

(Ho, Imai, King & Stuart 2007: 207-208)



Treatment and controls



Covariates

Observable covariates:X.
Unobservable covariates:" .
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No drug DrugE�ect
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Disease duration as a�ected by taking drugs.



Simpson's Paradox

No drug DrugE�ect
Total population 16.0 4.4 -11.6
Men 17.6 23.2 5.6
Women 1.3 2.4 1.1

Disease duration as a�ected by taking drugs.

How can a drug work neither for men, nor for
women, but still work for the population as a
whole?
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Simpson's Paradox

Causal explanation: the duration of the
disease is on average much shorter for
women than for men and women are more
likely to take the drug than are men.

I.e. sex a�ects both the treatment (drug)
and the e�ect (disease duration).



Simpson's Paradox
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When studying e�ect of, say,T on Y , by examining
the statistical association between the two variables,
we need to ascertain that the observed e�ect is not
caused by a third variable, say,X.

\We can say thatT andY are confounded when

there is a third variableX that in
uences bothT

andY ; such a variable is then called aconfounder

of T and Y ."

(Pearl 2000: 182-183)



Confounding

Another way of saying this is that if

E(Y jT ; X) 6= E(Y jT )

and
E(T jX) 6= E(T );

X is a confounder of the e�ect ofT on Y.

(Lee 2005: 44)
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 + " i

Xi = � X + T i � + vi

And we estimate:

Yi = � �
Y + T i � � + " �

i

Yi = � Y + T i � + Xi 
 + " i

= � Y + T i � + ( � X + T i � + vi )
 + " i

= ( � Y + � X 
 ) + T i (� + �
 ) + ( " i + vi 
 )
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Confounding
If healthier patients take a drug and
sicker patients do not, we can �nd an
association between drug and recovery
even when the drug does not work.
If sicker patients take a drug and
healthier patients do not, we might not
�nd an association between drug and
recovery even when the drug works.

association6= causation
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Confounding

Note that confounding is acausalconcept,
not anassociationalone!

X has to have acausale�ect on T andX
has to have acausale�ect on Y for there to
be an issue.

(Pearl 2000)
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Do control
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through controlling.
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Don't control

In this case,X is an e�ect ofY . By
controlling forX, you can severily
underestimatethe e�ect ofT on Y.

Imagine that a college degree leads to a
better income leads to a nicer car.
Controlling for the price of the car in
estimating the e�ect of having a college
degree on income might cancel the e�ect.
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Don't control
To get the overall e�ect ofT on Y, you
want to include the e�ect throughX.

E.g. if you want to know the e�ect of
changing the policy regarding smoking in
pubs on the amount of smoking in general,
you do not care through what mechanism
this happened (through peer pressure,
laziness, etc.), but only about the overall
e�ect.



When to control?
X a�ects both T andY =) control

T a�ects Y , which in turn a�ectsX =) do not control

T a�ects X, which in turn a�ectsY =) do not control
...

... unless you explicitly want only the direct e�ect

(Lee 2005: 43-48)
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Maybe control

Remember the following equation:

� � = � + �


Sometimes you are interested in� (so
control), sometimes in� � (so don't control).
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happiness. To estimate whether moving to a city
makes one more happy, there is the mediating factor
of theatre availability.



Maybe control

Example: A city provides access to theatres,
cinemas, etc., which may in turn lead to more
happiness. To estimate whether moving to a city
makes one more happy, there is the mediating factor
of theatre availability.

If you control for media availability, you

underestimatethe e�ect of city-living on happiness.
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Maybe control
Example: A scholarship for poorer students might
help them to get a college degree, which in turn
might help them to earn more money later in life.
Having a scholarship on your CV, however, might
also further your career, independent of the e�ect of
having a college degree.

To see the overall e�ect of the scholarship, don't
control on having a college degree.

To see the e�ect of having a scholarship,

independent of the e�ect of getting a college

degree, do control for college degree.



When to control?
X a�ects both T andY =) control

T a�ects Y , which in turn a�ectsX =) do not control

T a�ects X, which in turn a�ectsY =) do not control
...

... unless you explicitly want only the direct e�ect

X a�ects Y , but not T , nor the e�ect of T on Y

(Lee 2005: 43-48)
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Maybe control

WhenX a�ects Y , but notT , there is no
confounding issue and the estimates for the
e�ect of T on Y should not be a�ected by
inclusion ofX. However, includingX in the
model can still help fore�ciency.

(Gelman & Hill 2007: 177)



When to control?
X a�ects both T andY =) control

T a�ects Y , which in turn a�ectsX =) do not control

T a�ects X, which in turn a�ectsY =) do not control
...

... unless you explicitly want only the direct e�ect

X a�ects Y , but not T , nor the e�ect of T on Y

X a�ects Y , not T , but it does a�ect of e�ect ofT on
Y (interaction)

(Lee 2005: 43-48)
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Maybe control

Here including the interaction in your model
can highlight how the e�ect is di�erent for
di�erent groups.

Note that it a�ects the interpretation, but
that the estimation of the overall ATE is not
a�ected by controlling forX.
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The ideal experiment

To avoid any e�ect of covariates the ideal is
to randomly select participants for your
research from the overal population (enables
inference to the population) and to randomly
assign the treatment to these participants
(enables causal inference).
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Randomized selection
Random selection, or random sampling, enables
inferences from the sample to the overall population.

It does not a�ect whether someone is treated or
not, so it does not a�ect the causal inference.

It helps drawing inferences from sample average

treatment e�ect (SATE) to population average

treatment e�ect (PATE).

(Imai, King & Stuart 2008)
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any e�ect of covariates, observed or unobserved, on
the treatment, is removed - the covariates are now
ignorable.
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Randomized assignment
When the treatment is entirely randomly assigned,
any e�ect of covariates, observed or unobserved, on
the treatment, is removed - the covariates are now
ignorable.

P(T jX; ") = P(T )

Hence, randomized assignment is useful forcausal

inferences, either to the overall population (random

selection) or the sample (non-random selection).
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Randomized assignment

In this case, the estimate of the e�ect is
simply the di�erence in means�Y T

i � �Y C
i , or

the � in the simple regression
Yi = � + Ti � + " i .

Adding pre-treatment covariates can still
increase the e�ciency of this estimator,
however.
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(Imai, King & Stuart 2008)
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Matching
Matching is similar to blocking, but with the
crucial di�erence that the matching takes
placeafter the random assignment of
treatments.

Matching \involves dropping, repeating or
grouping observations from an observed data
set to reduce covariate imbalances between
the treated and control groups that were not
avoided during data collection".



Controls

Randomized selection

Randomized assignment
Blocking

Matching
Modeling

(Imai, King & Stuart 2008)



Modeling

Finally, everything that is left in the data,
after the data collection and the matching,
can be dealt with through modeling. I.e.
covariates can be added as additional
independent variables, orcontrols.



SUTVA
Note that in all of the above, whether for
experiments or observational data, we
assume that the e�ect ofTi on Yi is
independent, i.e. not a�ected by the e�ect of
Tj or presence ofTj , j 6= i .



SUTVA
Note that in all of the above, whether for
experiments or observational data, we
assume that the e�ect ofTi on Yi is
independent, i.e. not a�ected by the e�ect of
Tj or presence ofTj , j 6= i .

This is part of the \stable unit treatment
value assumption" (SUTVA).

(Gelman & Hill 2007: 178)
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Imbalance
When relevant pre-treatment variables have a
di�erent distribution for theT group than
for theC group, we call thisimbalance.

E(XjT ) 6= E(X)

When data is not balanced,
E(Y T

i � Y C
i ) 6= E(Y T

i ) � E(Y C
i ).

(Gelman & Hill 2007: 199)
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When there are certain regions of relevant
pre-treatment variables where we have
observations in theT group, but not in the
C group, we have a lack of overlap.
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Lack of overlap
When there are certain regions of relevant
pre-treatment variables where we have
observations in theT group, but not in the
C group, we have a lack of overlap.

Any inferences drawn concerning the values
of X in this region are entirelymodel
dependent.

(Gelman & Hill 2007: 199)



Lack of overlap
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many more cases in theC group for whichT would
be irrelevant anyway: e.g. �nancial support for poor
students. ThereT would simply never be applied to
the good students.



Lack of overlap
Sometimes the lack of overlap is due to having
many more cases in theC group for whichT would
be irrelevant anyway: e.g. �nancial support for poor
students. ThereT would simply never be applied to
the good students.

Often in this case we have too little information to

estimate ATE, but we can still draw inferences

about theaverage treatment e�ect on the treated

(ATT), which is what interests us anyway.

(Gelman & Hill 2007: 206)
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Matching

In observational studies, where we cannot
randomize assignments either with or
without blocking, we might choose to apply
matching instead.

Matching means that on a set of observed
(pre-treatment)X variables, we make sure
the distribution for theT andC groups is
the same.
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on X.



Perfect matching

Perfect matching means that for eachi in T
we �nd aj in C with exactly the same values
on X.

Often this is impossible, especially ifX is
continuous, in which case we simply look for
the closestobservation (\nearest-neighbour
matching").
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categories.
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Propensity scores

Matching becomes more complicated when
there are many variables inX, or many
categories.

This is called the \curse of dimensionality".

A solution can be matching on propensity
scores.
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Propensity scores

Propensity scores are estimates of the
likelihood of being inT , givenX.

E.g. run a probit explainingT by X and
calculate predicted values,P̂(T = 1jX).

Then, match cases inT with cases inX
depending on the closeness in propensity
score.
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look at the distribution of the propensity
scores in the two groups before and after
matching.



Propensity scores

To evaluate the balance, one method is to
look at the distribution of the propensity
scores in the two groups before and after
matching.

Note that we are interested in �nding the
best matching algorithm possible - not in a
\statistically signi�cant" improvement ...



Quantile-quantile plot



One-to-many matching

Note that one case inT can be matched to
multiple cases inC.

(Gelman & Hill 2007: 207)



One-to-many matching

Note that one case inT can be matched to
multiple cases inC.

\Matching can be thought of as a way of
discarding observations so that the remaining
data show good balance and overlap."

(Gelman & Hill 2007: 207)



Matching

After matching, we can run a regular
regression, including the matched variables as
regressors, and estimate the treatment e�ect.



Matching

After matching, we can run a regular
regression, including the matched variables as
regressors, and estimate the treatment e�ect.

Note that now the treatment e�ect is less
dependent on model speci�cation.
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Lack of overlap

Recall that a serious problem for causal
inference is lack of overlap.



Lack of overlap

Recall that a serious problem for causal
inference is lack of overlap.

Imagine a case where there is total lack of
overlap.
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Lack of overlap

E.g. only very sick people, and all very sick people, are given a
particular treatment, and we want to estimate the e�ect of the
treatment.

In this case, we can of course control for the severity of the
illness.

But we still have lack of overlap: we make strong assumptions

about the validity of our model speci�cation to make the

extrapolations necessary for counterfactual causal inferences.



Regression discontinuity
The solution can beregression discontinuity
analysis, whereby only the subset of the data
is chosen that is close to the borderline
betweenT andC, e.g. only patients that are
quite sick and either just about, or just not
selected intoT .



Regression discontinuity
The solution can beregression discontinuity
analysis, whereby only the subset of the data
is chosen that is close to the borderline
betweenT andC, e.g. only patients that are
quite sick and either just about, or just not
selected intoT .

One can assume that those patients are
similar in most aspects, except for having
receivedT .
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Instrumental variable

An instrumental variable (Z) is a variable
that a�ects T , but does not a�ectY .



Instrumental variable

An instrumental variable (Z) is a variable
that a�ects T , but does not a�ectY .

I.e. the entire e�ect ofZ on Y is throughT .



Instrumental variable

E(T jZ) = � + Z

E(Y jT ) = � + T �

E(Y jZ) = � + ( � + Z
 )�
= ( � + � ) + Z(
� )



Instrumental variable

So the estimation:

1 RegressY on Z to estimate ^
� .
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So the estimation:

1 RegressY on Z to estimate ^
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2 RegressT on Z to estimate ^
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Instrumental variable

So the estimation:

1 RegressY on Z to estimate ^
� .
2 RegressT on Z to estimate ^
 .
3 Calculatê� as

^
�

̂ .
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Instrumental variable

Instrumental variables help to alleviate

Endogeneity
Omitted variable bias (confounders)

Measurement error inT
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a number of di�erent theories / hypothesis, add
them all as variables to a regression, and see \who
wins". This is thekitchen sink approach(or garbage
can approach).



Kitchen sink
A typical approach in the social sciences is to collect
a number of di�erent theories / hypothesis, add
them all as variables to a regression, and see \who
wins". This is thekitchen sink approach(or garbage
can approach).

If anything, the above discussion should have made

clear that to drawcausalinferences, a clear

distinction of treatment from covariates is crucial.

In other words: focus your reseach!
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is all about trying to study thee�ect of a cause

(treatment), rather than thecause of an e�ect.



Kitchen sink

Another way of putting the issue is that the above

is all about trying to study thee�ect of a cause

(treatment), rather than thecause of an e�ect. The

latter is ill-de�ned



Kitchen sink

Another way of putting the issue is that the above

is all about trying to study thee�ect of a cause

(treatment), rather than thecause of an e�ect. The

latter is ill-de�ned and runs into the philosophical

issue that every cause has a cause, the \in�nite

regress of causation".

(Gelman & Hill 2007: 187)
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Granger causality
The above can be described somewhat more
formally. Let's take the de�nition of causality
by Granger, which is an example of
probabilistic causality(as opposed to
counterfactual causality.

The key di�erence is that instead of �xingT
and see what the e�ect is, we �x our focus
on Y and try to �nd the cause.

(Lee 2005: 196-198)



Granger causality

Grangernon-causality:

P(Yt � ajIt � 1) = P(Yt � ajIt � 1 n T t � 1) 8 a;

wherebyIt is the information on all the variables in

the universe up to timet (or more relaxed: all

availableinformation) andT t the information on

the treatment up to timet .

(Lee 2005: 196-198)



Granger causality

Hence, this is a di�erent conception of
causality from focusing on the counterfactual
Y T

i � Y C
i as the causal e�ect ofT .
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in the following scenario:

A =) B =) C

Probabilistic:A is not a cause ofC if we
includeB in I . If we �nd a cause, we're
bound to later �nd something mediating.

(Lee 2005: 196-198)



Granger causality
A problem with the Granger causality arises
in the following scenario:

A =) B =) C

Probabilistic:A is not a cause ofC if we
includeB in I . If we �nd a cause, we're
bound to later �nd something mediating.

Counterfactual: we can de�nitely look at the
e�ect of changingA on C.

(Lee 2005: 196-198)
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Selection models

Not discussed, but relevant for causal
inference:Heckman selection models.

E.g. for explaining salary levels, model
explicitly

1 Whether someone has a job
2 How high the salary for this job is
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