
























































70 THE MIXING PROBLEM

ment policies examined here imply that P(y, € B| x) lies in mutually
exclusive intervals, and these three intervals partition the range of val-
ues that is feasible in the absence of prior information.

The idea of optimizing treatments has important applications in
economics and in survival analysis. Economic analyses of voluntary
treatment policies often assume that the treatment yielding the larger
outcome is selected, so

(3.25)  y, = max(y;, Yo)-

An example is the Roy model of occupation choice, discussed previ-
ously in Section 2.6. For any ¢, treatment policy '(3.25) makes
P(y, = t]x) = P(y; =t N y, = t]|x). So this policy minimizes
P(y, = t| x). We may therefore apply (3.23) to show that

(326) max[0, P(y; < t]%) + P(yo = t] %) = 1]
= P(y, < t]%) < min[P(y; = 1| %), P(yo < t|2)].

The competing-risks model of survival analysis assumes that the
treatment yielding the smaller outcome is selected, so

(327) Ym = Inin(yh YO)

For any 1, this treatment policy maximizes P(y, = t|x). So (3.24)
shows that

(3.28) max[P(y; = t|=x), P(yo = t|2)] = P(yn = t]%)
< min[P(y,; = t|x) + P(yo = t]|x), 1].

Known Treatment Distribution

The restrictions on treatment policy examined so far in this section
specify the rule used to make treatment assignments, but do not con-
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strain the fraction of the population receiving each treatment. It is
also of interest to consider the reverse situation, where one knows
the fraction receiving each treatment but does not know the rule used
to make treatment assignments. For example, we noted earlier that
resource constraints could limit implementation of the Perry Pre-
school treatment to part of the eligible population. Knowledge of the
budget constraint and the cost of preschool would suffice to determine
the fraction of the population receiving the treatment. It may be more
difficult to learn how school officials, social workers, and parents in-
teract to determine which children receive the treatment.

Thus suppose that under policy m, a known fraction p of the per-
sons with covariates x receive treatment 0 and the remaining fraction
I — p receive treatment 1. So

(329) Pz, =0]x) = p,

where p is known. No information is available on the rule used to
make treatment assignments that satisfy (3.29).
Given (3.29), P(y, | x) may be written

(3.30)  P(ynlx) = P(y,]%, 2o = 1)(1 = p) + P(yo| %, 20 = O)p.
The distributions [P(y, | x), P(y, | x)] may be written

(3.31a) P(y,|x) = Plyilx, z, = 1)1 — p) + P(y,lx, z, = O)p

and

(3.31) P(yolx) = P(yo] %, 24 = 1)(1 = p) + P(yo %, 2 = O)p.
Knowledge of P(y|x) and p restricts P(y,]x, 2, = 1) and
P(y\|x, z, = 0) to pairs of distributions that satisfy (3.31a); simi-
larly, knowledge of P(y,|x) and p restricts P(yolx, z, = 1) and
P(yo | %, z,, = 0) to pairs of distributions that satisfy (3.31b). Through
examination of the feasible pairs, it can be shown that P(y, € B|x)
satisfies the following sharp bound (see Manski, 1994b):




72 THE MIXING PROBLEM

(3.32) max[0, P(y; € B|x) — p] + max[0, P(y,€ B |x) — (1 —p)]
< P(y.€ B|x)
< min[1 — p, P(y: € B| x)]
+ min[p, P(yo€ B|x)}.

3.7. ldentifying Combinations of Assumptions

Taken one at a time, the assumptions examined in Sections 3.5 and
3.6 improve the worst-case bound of Section 3.4, but are not strong
enough to identify the outcome distribution under policy m. What
assumptions do identify this distribution?

Suppose one combines the assumption that treatment is indepen-
dent of outcomes with prior knowledge of the fraction of the popula-
tion receiving each treatment. These two assumptions together imply
that

(3.33) P(y.1x) = P(y: |01 = p) + P(yel0)p

where p is the known fraction of the population receiving treatment
0. All the quantities on the right side are identified, so P(y.|x) is
identified.

Alternatively, suppose that the outcomes y; and y, are statistically
independent of one another and that the treatment with the larger
outcome is always selected. Then

(3.34) P(y, = t|x) = P[max(y,, yo) = t]x]

P(y; = t]x)P(yo = t])

i

is identified for all values of t. Thus P(y, | x) is identified.




