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+ The information describing data collection should be included in the analysis
+ We distinguish between:
+ Complete data: includes both observed and missing components
+ Observed data: what we actually see
+ Missing data: unobserved but relevant
- Different data collection mechanisms require different probabilistic models
* This lecture covers:

1. lgnorability: When we can ignore the missing data mechanism
2. Missing not at random: When we cannot ignore the mechanism
3. Censoring and truncation: Special cases of incompleteness
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Missing data

+ The information describing data collection should be included in the analysis.

* We will consider the complete data to consist of both observed data and missing
data.

* Typically, we can use a probabilistic model to characterize the joint distribution
observed and missing data under certain assumptions.

Examples:

* In sampling, the complete data consist of N units in the population, and
observed data consist of n units in the sample.

* In clinical trials, the complete data consist of outcomes under all treatments for
all units, and observed data consist of outcomes under the observed treatments.

+ In many applications where we cannot observe the true response variable, e.g.,
the Slovenia poll example, the complete data is the binary answers from each
respondent, and the observed data is the observed (binary plus missing)
answers from each respondent.
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« LetY = (y1,...,yn) be the complete data, where each y; is a vector.
« Let I = (I, ..., In) be the indicator matrix of the same dimension as Y such that
1 if ys; is observed

Y o if Yi; 1S missing

+ We usually consider I as a random variable, i.e., observations are not made
deterministically.

* But typically the realized indicator matrix I is fully observed, i.e., we know which
samples are observed and which are missing.

+ Consider a model for the complete data p(Y'|#), and a model describing missing
data mechanism p(I]Y, ¢). The joint distribution of Y and I becomes

p(Y, 1|0,¢) = p(Y|0)p(I]Y, ®)

We call this the complete-data likelihood.

4/20



+ With slight abuse of notation, write Y = (yobs, Ymis ), Where yops denote the
collection of y;;’s with I;; = 1 and ym:s the collection of y;;’s where I;; = 0.

The entire collection of observed data is (yops, I).

The observed-data likelihood is thus

p(yobsv [|€7 ¢) = JP(YW)I?(I‘Y, ¢)dymis = Jp(yobsv Ymis ‘e)p(”yobw Ymis, ¢)dymis

Note 6 and ¢ can be dependent through hyperpriors or even deterministically
related.

Notice that even though we know which samples are actually observed in the
particular sample, i.e., I is fully known, I is still a random variable and part of the
observed (random) data.

But in some problems, we can make inference using the “usual” likelihood
p(yons|0), which will require additional assumptions.
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An implicit assumption

» The first observation of this factorization
p(Y,110,¢) = p(Y|0)p(I]Y, $)

is that Y is generated ‘before’ I, i.e., whether or not a measurement is recorded
does not affect the outcome of any units.

+ This type of assumption is usually called ‘stability’ assumption.

+ Stability assumptions can be violated in certain applications, where the outcome
may change depend on which samples are observed.
- Taking a measurement of the soil changes the moisture of surrounding soil.
+ By going to the hospital and taking test for a disease, the patient is more likely to
contact the disease.
+ Violation of stability assumption can be mitigated by careful modeling of the
interference process, but we are not going to discuss that here. It is an active
area of research in causal inference.
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Adding more simplifying assumptions

- Often we do not care directly about ¢. We only want to infer 6,
POlyoses 1) < | 90, (ot 16,0

= J Jp(gv ¢)p(yobs7 Ymis |9)p(l‘yobsy Ymis, ¢)dynzlod¢

+ If we make the following assumptions:

1. p(”yobsv Ymis, d)) = p(I‘yObS7 ¢)
2. p(6,9) = p(0)p(¢)

* Then we can simplify it into
POlyotes 1) = 9(6) | [ DOt v O)p Do, )y

= p(o)p(yobs ‘e)p(”yobs)
o p(6lyobs)

* When p(8|yoss, I) = p(0|yops ), We say the missing data mechanism or sampling
design is ignorable.
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Ignorability

+ The two conditions on the previous slide are sufficient for ignorability:

1. Missing at random (MAR): p(!|yobs; Ymis, ®) = P(IYobs, ¢)
2. Distinct parameters: p(6, ¢) = p(0)p(¢)

* In many situations we have covariates . The same discussion extends to
conditional ignorability p(0|yobs, I, z) = p(0|yobs, ).

+ Ignorability condition means we can make inference about 6 using only the
observed data.

+ A stronger assumption to MAR is ‘missing completely at random’ (MCAR), which
requires p(I|yobs; Ymis, #) = p(I|9).
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Simple random sampling

* In simple random sampling and randomized experiments, the units in the sample
are selected with p(I|z,y) = p(I).

+ Ignorability is satisfied, so we usually do not even need to explicitly differentiate
Yobs and ymiss. Inference on 0 is performed based on the observed-data
likelihood.

+ For a simple continuous outcome, if we are interested in the population mean .
From a finite population perspective

o on_ N—n_
y= Nyobs + T?Jmis
When n is small relative to N, § & §mis-
« With a simple normal model y|u ~ N(u,o?), the posterior distribution

p(ﬂ‘yobsa I) o p(/“b‘yobs)

and then draw from the posterior predictive distributions
P o) = [ Dlanss (il )

Where mis|p ~ N(p, 57— 07).
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Stratified sampling

+ In stratified sampling with K strata and n,, allocated samples in each stratum, we
perform simple random sampling within each stratum of the population. Let
denote the stratification variable,

p(Ilz,y) = p(I|z)

+ Consider data collection stratified by a categorical variable X representing K
age groups, and a simple model

yilri =k ~ N(ux, o%)
p(I1X) o 1S, ok Ti=np k=1, K
Then p(u, olyobs, X, I) o€ p(, olyors, X)p(1|X) o€ p(i, olyobs, X).
- Consider again if we are interested in the population mean g, when n;, « Ny,

T %gkmis which can be obtained via posterior predictive distribution of
Ymis|Yobs @nd known strata size Ny’s.
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More about stratified sampling

+ What if the sample within each stratum are not simple random samples, but
depend on the value of y;?

+ E.g., if we perform simple random sample on any observations with y; > 10.

yilzi = k ~ N(ur, or)
p(I|X,Y) o 1Zi:ri=k=w>10 Ii=npk=1,.. K

Then missing at random is not satisfied, and
P(K; olYobs, X, 1) Jp(ﬂvavyob57ymi57X7[)dymiS
o Jp(yobm Ymis, |1, 0, X)p(p, o) dymis
= jp(f [Yobs, Ymis, X)P(Yobs, Ymis|k, 0, X)P(H, 0)dYmis

Note that p(I|Yobs, Ymis, X) # p(I|yoss, X ) SO the above does not simplify to be
proportional to p(yoss|u, o, X)p(, o).
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The Slovenia poll example revisited

+ Recall that we assume that the counts with DKs can be redistributed like

011 010 )
011 + 610" 611 + O10

(n(u) n<11*0)) | 0 ~ Mult(ni., (

1x >

+ For each of the i-th individual, switch notation to use y;1 and y;2 to denote the
vote for the two questions, and an equivalent model:

yir|¢ ~ Bern(é1),  yielyin, ¥ ~ Bern(yy,,)

i.e., 011 = ¢1’l/}11, or equivalently 1,[)11 = 911/(911 + 0910).
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The Slovenia poll example revisited

« If we ignore DK responses, the naive estimator of p(y.2):

D pWizlyin =y, Tie = Dp(yan = y|lie = 1)

Yy

« If we assume the second question is MAR, then ;> L y;> | yi1 SO

p(yilyin =y, Liz = 1) = p(yazlyn = y) = Py

+ The naive estimator above is still biased because
p(yin = y|Liz = 1) # p(ya1 = y), i.e., whether one answers the second question
is not independent of how one answers the first question.

« On the other hand, for the Gibbs sampler we derived previously, we impute the
missing y;» instead, this sampling step is valid under MAR since

P(Yizlyit, Liz) o€ p(yiz, Liz, yir) = p(yiz|yi1)p(Lielyi)p(yi1) o€ p(yiz|yi1)

« That is, conditional on all (observed and sampled) .1, we can sample
yizlyi1 ~ Bern(iy,, ) without conditioning on 1.
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Examples of missing not at random

+ Missing depend on y deterministically:
+ Weights over/under certain threshold are not recorded completely because the scale
has an upper/lower limit.
+ Evaluate survival rate for patients on a treatment plan of taking the pill for 6 months,
by evaluating the patients who finished the 6 month treatment.

+ Missing depend on y stochastically:

+ An instrument measuring distance more likely to fault when measuring distant objects.
+ Evaluate app crash rate by analyzing app crash report sent by the app, when the
report can fail to be produced when certain type of crash happens.

+ Missing depend on confounders:

+ Evaluate the effectiveness of COVID vaccine when only people at higher risk were
offered the vaccine.

» When surveying course evaluations, only students who are present in class are given
the survey.
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Censored data

+ Consider IID draws from N (6, 1). Suppose we are interested in estimating 6. But
we know the measurement process is problematic. Any observations over C'is
recorded as C' instead of the actual value.

+ Denote z; as the true value and y; the observed value, then y; = min(z;, C).
* Denote I; = 1,, <¢ as the indicator that the i-th observation is not censored at C.
+ Missingness now depends on the unknown outcome y.

+ Then we have the posterior given the observed data

p(0ly, 1) o p(0) Hp(yulz‘\ﬁ)

= 5(0) T] o, 110) T [ ol z:,110)

=1 1;=0

2 )dz;

=p0) || pwil®)p(Llv) | ] fp(zilﬁ)p(yz., I;

Ii=1 I;=0

+ Missing mechanism is deterministic, how do we deal with the probabilities
involving 17
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Censored data

« For observations smaller than C, they have to be uncensored p(I; = 1]y;) = 1.
+ For observations over C, they have to be censored p(I; = 0ly; = C) = 1.

+ Equivalently, for censored observations, p(y; = C,I; = 0|z;) is 1if z; = C' and 0
otherwise. Therefore,

p(0ly, T) < p(0) | | p(wilO)p(Lily:) | | fp(ZiW)p(yu!v\Zz)dZi

I;=1 I;=0

=p(0) H p(yi|@)p(1ily:) H Jp(ziw)h/f:c,"r,,:u‘z,gcdzi

I;=1 1,=0

—p(0) T] 2wil®) T] f: p(z4]0)dz:

Ii=1 1;=0

=p(0) [ Nws0.1) [] (01— @(C:6,1)

I;=1 I;=0
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More clarifications on the notation

+ Here we parameterize y.»s and ymiss into y and z because none of the y is
‘missing’, i.e., they are recorded at C.

* In this parameterization, y does not follow the normal distribution. Only z follows
the normal distribution.

+ The alternative parameterization y,»s and y...s can also be useful. For notation
clarity, consider the case that y; is not recorded at all when I; = 0. Let y.»s be
{yi : I; = 1} and ymis be {y; : I; = 0}, then y ~ N (0, 1) becomes the correct
model,

POlyovs; 1) o p(6) [ [ p(ys, 1:16) | | p(1:16)
I;=0

I;=1

= 5(6) TT plwsto)otlon) T [ o810 )ptolo)ds:

I;=1 1;=0
= 5(0) T] p(wite) T [ 10-cotulo)dy.
I;=1 I;=0

=p0) [ | Nss0,1) [[ (1 - @(C;0,1))

Ii=1 1;=0
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+ Working out the marginal distribution p(0|y, I') is useful for understanding what
distribution we are working with.

+ But computationally, it is often difficult to direct sample 0|y, I.

+ In Bayesian analysis, missing data and parameters play the same role. We can
use MCMC to sample from the joint distribution p(0, z|y, I).

+ Sample 0|z, y, I in this case reduces to sampling from p(6|z), which is straightforward
« Sample z;|0,y;, I; = 0 from

(2|0, yi, I = 0) o N(z:;0,1)1,,~c = TruncNormal(z;; 0,1, [C, 0))
* 2;|0,vi,I; = 1 does not need to be sampled as z; = vy;.
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Truncated data

Suppose that instead of receiving the censored measurements, we receive only
the y;’s below C, and do not know how many values there are above C. This is
called (right) truncated data.

For example, if we want to study the time between exposure to a virus and
symptom onset among those infected, and we collect data on people who have
shown symptoms before today. We will miss people who still have not shown
symptoms by today. So the naive estimates will be biased downwards.

In this case, we can model the total amount of people who are infected, N,
together with the rest of the unknown parameters

p(0, Nly,I) oc p(6, N)(1 — &(C;0, 1)) " | N(y:;0,1)

Ii=1

« The prior for N needs to be chosen based on the context.
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Summary: Key Concepts

+ Complete-data framework: Include both observed and missing data
+ Ignorability: When we can use only observed data
+ MAR + distinct parameters = can ignore missingness mechanism
» Censoring vs. Truncation:
+ Censoring: observations exists but not recorded
+ Truncation: observations do not exist
+ Computation: Treat missing/censored values as random variables and perform
data augmentation via MCMC.
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