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Four topics

Missing data March 27
Fixed & random e ects April 3
Time-series models April 10

Causation and inference April 17
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Example dataset

Age| Vote| Party| Education Sex
1| 21| Yes| FF 4 Male
2|1 30| No 3 Female
3| 80| Yes| FG 3 Male
4| 50 | Yes| Lab 2 Male
5| 33| No 5 Female
6| 20 | No 2 Female
7| 43| Yes| FF 5 Female
8| 42 | Yes| FF 2 Male



Example dataset

Age| Vote| Party| Education Sex
1| 21| Yes| FF 4 Male
21 30| No 3
3| 80| Yes Male
4| 50 2 Male
5| 33| No 5 Female
6 No Female
7| 43| Yes| FF 5 Female
8 Yes| FF 2



Example dataset

Age| Vote| Party| Education Sex
1| 21| Yes| FF 4 Male
21 30| No 3 NA
3| 80| Yes| NA NA Male
41 50 | NA | NA 2 Male
5| 33| No 5 Female
6| NA| No NA Female
7| 43| Yes| FF 5 Female
8| NA| Yes| FF 2 NA



Listwise deletion

The default solution in most statistical
analyses isstwise deletiofor complete-case
analysis- every case that has any missing
values on any of the variables in the analys
IS removed.



Listwise deletion

The default solution in most statistical
analyses isstwise deletiofor complete-case
analysis- every case that has any missing
values on any of the variables in the analys
IS removed.

Default action for regression in R, Stata,
SPSS, etc.



Listwise deletion

\If archaeologists threw away every piece of
evidence, every tablet, every piece of pottel
that was incomplete we would have entire

cultures that disappeared from the historica
record.”

(Honaker & King 2007: fn 2)



Example dataset

Age| Vote| Party| Education Sex
1| 21| Yes| FF 4 Male
21 30| No 3 NA
3| 80| Yes| NA NA Male
41 50 | NA | NA 2 Male
5| 33| No 5 Female
6| NA| No NA Female
7| 43| Yes| FF 5 Female
8| NA| Yes| FF 2 NA



Example dataset
| Age| Vote| Party| Education  Sex

1/21|Yes| FF | 4 | Male

5| 33| No | | 5 |Female

7/ 43| Yes| FF | 5  |Female



Listwise deletion: result

o Loss of lots of information



Listwise deletion: result

o Loss of lots of information
@ Potential bias in estimates



Available-case analysis

Here di erent aspects of the analyses are
studied with di erent subsets of the data, so
that we have complete-case analysis for ea
but not across sub-analyses.



Available-case analysis

Here di erent aspects of the analyses are
studied with di erent subsets of the data, so
that we have complete-case analysis for ea
but not across sub-analyses.

By using di erent subsets, it is impossible tc
compare models.
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e Missing completely at random (MCAR)



Missing completely at
random (MCAR)

The data that is missing is missing as if a
dice was thrown to decide which data to
remove. In other words, the probability of
missingness is constant across units.



Missing completely at
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The data that is missing is missing as if a
dice was thrown to decide which data to
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missingness is constant across units.

If this is the case, listwise deletion does not
lead to bias.



Missing completely at
random (MCAR)

The data that is missing is missing as if a
dice was thrown to decide which data to
remove. In other words, the probability of
missingness is constant across units.

If this is the case, listwise deletion does not
lead to bias.

But it still leads to ine ciency.



Types of missingness

e Missing completely at random (MCAR)
@ Missing at random (MAR)



Missing at random
(MAR)

Here the assumption is that the probability
of a datapoint to be missing only depends c¢
the available data.



Missing at random
(MAR)

Here the assumption is that the probability
of a datapoint to be missing only depends c¢
the available data.

Listwise deletion here does not lead to bias
as long as all the variables that explain the
missingness are included as control variabl



Types of missingness

e Missing completely at random (MCAR)
@ Missing at random (MAR)
e Missing not at random (MNAR)



Missing not at random
(MNAR)

If missingness is not random, but caused by
unobserved factons will lead to bias.



Missing not at random
(MNAR)

If missingness is not random, but caused by
unobserved factons will lead to bias.

E.g. in medical studies, patients for whom
the treatment creates uncomfortable
side-e ects, might drop out of the study.



e 6 ¢ ¢©

Types of missingness

Missing completely at random (MCAR)
Missing at random (MAR)

Missing not at random (MNAR)

MNAR based on missing data



MNAR based on missing
data

A special case of the nonignorable, or MNAI
case is when the probability of missingness
depends on the value on the variable itself.



MNAR based on missing
data

A special case of the nonignorable, or MNAI
case is when the probability of missingness
depends on the value on the variable itself.

E.g. respondents with higher incomes migh
be more reluctant to report their salary.



Type selection

Because the nonignorable cases depend, b
de nition, onunobservablgwe can never
rule them out.



Type selection

Because the nonignorable cases depend, b
de nition, onunobservablgwe can never
rule them out.

Determining the type of missingness is thus
matter of assumption / theory, rather than
one we can estimate.
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Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation



Mean imputation

Somewhat common, but unsatisfactory
strategy is to impute missing values with the
mean of the observed values.



Mean imputation

Somewhat common, but unsatisfactory
strategy is to impute missing values with the
mean of the observed values.

Drags correlations to zero; underestimates
variance.



Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation
e Carry forward



Carry forward

Especially when there is a clear pre- and
post-treatment data structure, sometimes
missing values are lled in by using the
pre-treatment value as post-treatment value



Carry forward

Especially when there is a clear pre- and
post-treatment data structure, sometimes
missing values are lled in by using the
pre-treatment value as post-treatment value

Obviously underestimates treatment e ects.



Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation
e Carry forward
e Using related observations



Using related
observations

E.g. perhaps family members in the same
data are asked family-related information.



Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation

e Carry forward

e Using related observations
e \Missing" categories



\Missing" categories

When you have a categorical independent
variable, including a \missing" category in
the data can be quite useful.



Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation

e Carry forward

e Using related observations
e \Missing" categories

e \Missing" dummies



\Missing" dummies

When you have a continuous independent
variable with missing data, you can add a
dummy indicating missingness to the
regression and Il in the missing data with
Zeros or means.



\Missing" dummies

When you have a continuous independent
variable with missing data, you can add a
dummy indicating missingness to the
regression and Il in the missing data with
Zeros or means.

Adding the dummy as another independent
variable forces the slopes to be the same fc
missing and non-missing; adding an
Interactionalleviates this problem.



Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation

e Carry forward

e Using related observations
e \Missing" categories

e \Missing" dummies

e Logical imputation



Logical imputation

Some missing data can be lled in by basic
logic - e.g. somebody who reports to be
unemployed, and does not report a salary,
might be assumed to have zero salary.



Simple solutions

Besides throwing away data, a number of
straightforward solutions exist:

e Mean imputation

e Carry forward

e Using related observations
e \Missing" categories

e \Missing" dummies

e Logical imputation
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Imputation

When more than a fraction of the data is
missing, a formal approach to missing data
imputation is preferred.



Simple random
Imputation

Here we impute missing values by randoml
sampling from the observed values on the
same variable.



Simple random
Imputation

random.imp <- function(a) {
missing <- is.na(a)
imputed <- a
imputed[missing] <-
sample(a[!missing],
sum(missing),
replace=TRUE)
imputed



Deterministic regression
Imputation

@ Regress observed values on set of
predictor variables
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Random regression
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@ Draw random predicted values using th
predicted values and the estimated errc
variance



Random regression
iImputation
@ Regress observed values on set of
predictor variables
@ Extract coe cients

© Use coe cients to predict missing values

@ Draw random predicted values using th
predicted values and the estimated errc
variance

© Use random predicted values to impute



Regression imputation

Note that since we are only interested in
predicting and not in a causal explanation,
we can use any variables as predictors. Als
when they succede the missing variable in
time, or when the missing variable explains
the predictor and not vice versa.



Matching imputation

Here missing values are imputed with the
same values or the mean values of cases tl
have the same or similar values on other
predictors.
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Matching imputation

Here missing values are imputed with the
same values or the mean values of cases tl
have the same or similar values on other
predictors.

More or less a nonparametric version of
regression imputation.

Also calledhot deck imputatianine cient.



Multiple variable
Imputation

Often, data is missing on several variables.
Solutions:

e Routine multivariate imputation,
assuming multivariate normal
distribution



Multiple variable
iImputation

Often, data is missing on several variables.
Solutions:

e Routine multivariate imputation,
assuming multivariate normal
distribution

e lIterative regression imputation
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Multiple imputation

Whichever imputation method we use, we
are generating data we are uncertain about.



Multiple imputation

Whichever imputation method we use, we
are generating data we are uncertain about.

We thus add certainty to our model that is
not justi ed.



Multiple imputation

Whichever imputation method we use, we
are generating data we are uncertain about.

We thus add certainty to our model that is
not justi ed.

Solution: multiple imputation.



Multiple imputation

The simple trick of multiple imputation is:

@ Generate several di erent complete dat
sets using imputation



Multiple imputation

The simple trick of multiple imputation is:

@ Generate several di erent complete dat
sets using imputation

@ Average the regression results across
imputed data sets



Multiple imputation

The simple trick of multiple imputation is:

@ Generate several (ve?) di erent
complete data sets using imputation

@ Average the regression results across
imputed data sets



Multiple imputation
For M regression coe cients:

1 X,
- — m
m=1



Multiple imputation

For M regression coe cients:



Multiple imputation

For M regression coe cients:



Types of data

For survey data, with large numbers of
respondents and a simple, at structure of
the data, multiple imputation has shown to

work well.



Types of data

For survey data, with large numbers of
respondents and a simple, at structure of
the data, multiple imputation has shown to
work well.

Fortime-series cross-sect(@$CS) data
new complications arise.
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e Time-series aspect: generally fairly
smooth trends, so that wild random
imputation makes no sense.
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smooth trends, so that wild random
imputation makes no sense.

o Cross-section aspect: often variation
between units much larger than within
and imputation should maintain this.



TSCS

e Time-series aspect: generally fairly
smooth trends, so that wild random
imputation makes no sense.

o Cross-section aspect: often variation
between units much larger than within
and imputation should maintain this.

e Often we are not talking about
anonymous individuals, but well-known
countries - so expert knowledge should
not be ignored.



EM algorithm

An older, slower approach is the use of the
expectation-maximization algorithm



EM algorithm

An older, slower approach is the use of the
expectation-maximization algorithm

@ Calculate coe cients on the basis of
observed information

@ Estimate missing values on the basis o
coe cients

© Repeat using lled-in data
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notes
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Multiple imputation:
notes

@ The more missingness, the less robust

multiple imputation

e Always include at least as much

variables as in the analysis
Include all model variables
Include alternative measures
Include e ects rather than causes
Include nonlinear transformations
Include interaction terms
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In(money)
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Multiple imputation:
notes

e Transform yariables to get unbounded
scales (e.g. count In(p=(1 p)),
In(money)

@ Due to computational / programming
complexity, still rarely used

e Controversial among frequentists
o Software tools make it now easier
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Multiple imputation in R

install.packages("Amelia")
library(Amelia)
help(package="Amelia")
help(amelia)



Multiple imputation in
Stata

net search mice
help ice



Additional Stata
comment
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Additional Stata
comment

@ Missing values are coded as "

o Internally represented by \a very large
value"



Additional Stata
comment

@ Missing values are coded as "

o Internally represented by \a very large
value"

|
w
=
o
V
N

replace x =
replace x = 3 if b < 4

First true, second false when b is missing!



Software

More on available software can be found
here:

http://www.multiple-imputation.com/



Google search
suggestions

multiple imputation
mice imputation
amelia imputation
missing values
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