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The missing data problem
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What is the distribution of R?

I Let data D = {(x1, y1
), . . . (xn, yn

)} [ {xn+1, . . . xn+m}
I complete data{(x1, y1

), . . . (xn, yn
)} with R1:n

= 1

I data with missing values {xn+1, . . . xn+m} with Rn+1:n+m
= 0

MCAR Missing Completely At Random R ? (X ,Y )

I no bias if only observed Y values {y1, . . . yn
)} used

I Can also use imputation as in MAR case

MAR Missing At Random R ? Y |X
I bias possible if only observed Y values {y1, . . . yn

)} are used

because R 6? Y
I {(x1, y1,R1

), . . . (xn, yn,Rn
)} together with {(xn+1,Rn+1

), . . . (xn+m,Rn+m
)} has information

about {yn+1, . . . yn+m}
I Probability distribution of missing values Y n+1:n+m

is

Y ⇠ p(Y |X ,R = 0) and p(Y |X ,R = 0) = p(Y |X ,R = 1) (1)
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Imputation for MAR with Monothone Missing data

I Example Clinical trials with drop-out Each patient i is observed for a t = 1, 2, . . .Ti
with

Ti  p. Hence y i
= (y i

1
, . . . y i

T i ).

I T can depend on the previous values y1:T
but not on the future values yT=1:p

.

I Ti
is the missingness variable

I xi
1:t is the “always observed” data

I xit+1:p is the missing data
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