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B VARIANCE AND COVARIANCE OF ESTIMATORS

B.1 Simplified data-generating setting

Throughout this section, we assume that the underlying data-generating process for the cluster-level outcomes follows a mixed-
effects model:

Y=u+a,+0,+X,p+e¢; B1)
where the ; are independently distributed with mean 0 and variance 72, the €; ; are independently distributed with mean 0 and
variance 0' i and a; L ¢, ; forall i, i’, j'. Note that this is similar to the risk dlfference model in Simulation 1 in Section 3, but
differs in that we force ¢; ; L ;, so the mean-variance relationship no longer holds.

Thus:
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COV(KJ, Y/ I) = {O l¢ i,

We assume, as in the simulations in Section 3 that there are J periods, J — 1 clusters, with cluster i on control for periods
1,...,i and on intervention for periods i + 1, ..., J.

B.2 Variance of the non-parametric within-period estimator

The non-parametric within-period estimator is given by:
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for weights v ; that sum to 1. For ease of variance calculations, we here assume, contrary to the estimator used Section 3, that the
weights v; are fixed and independent of the data (they can still depend on the number of clusters in the intervention and control
conditions in period j, however).
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Note that the variance increases as any aij or 7- increase, holding all else constant.
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B.3 Variance of the crossover estimator

The crossover estimator is given by:
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1
ﬁco Z wj l =-1j = j—l,j—l - J —j Z(Yf,j - Yf,j—l)] = 2 ijj, (B4)
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for weights w; that sum to 1.
Note thatforalll Y, Y, =¢;—€;+pI(X; ;EXU/) Hence:
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Note that, unlike the variance of the NPWP estimator, this variance does not depend on 72,

B.4 Covariance of the non-parametric within-period estimator and the crossover estimator

We begin by noting that:
= J-1
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Hence, dropping the g terms in A; and B; since they do not contrlbute any variability:
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Therefore:
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Note that, like the variance of the crossover estimator, the covariance here does not depend on 72,

B.5 Conditions for the ensemble estimator to have lower variance

If we moreover assume that o-l.zj = ¢? for all i, j, then:
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If v; < 2ijf0r all j =A1, ..., n, then Cov(fNFPWP, ﬂco) < Var(f€0). If o’w; < (z* + o*)v; forall j = 1,...,n, then
COV(ﬁNPWP, ﬂCO) < Var(ﬁNPWP).
Now consider the ensemble estimator fENS = 1 /§N PWP 4 lﬁco' Then:

Var(ﬂENS) _ 4Var(ﬂNPWP)+ 4Var(ﬁco)+ COV(ﬂNPWP ﬁCO)

So a necessary and sufficient condition for Var(f£V$) < min (Var(ﬂN PW Py Var(ﬂco)) is:
2 Cov(fNPWP, pC) < 3min (Var(BNPW'P), Var(f<9)) — max (Var(BNPW'P), Var(f<9)).

For 72 = 0, Var(ANPW P < BCO) for some values of v;, w;, and 62 (e.g., for v; = w; for all 6?). Take such a set of values of
v;, w;, and o. Then, since Var(fNPWP) is an increasing function of 72 and Var(#€©) is independent of 72, there is a 72 such
that Var(fN " P) = Var(f€©). So the condition simplifies to:

2 Cov(BNPWP €Oy < 2 Var(fC0).

For v; < 2w; forall j =2,...,J -1, Cov(fNFPWP  fCO) < Var(f€©). Hence, in this setting, the ensemble estimator has a
lower variance than either single estimator.
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This suggests that when 7?2 is low enough that the crossover estimator and the non-parametric within-period estimator to have
similar variances, and the v ; and w ; are close enough for the covariance to be lower than either of these variances, the ensemble
method has lower variance than either single estimator.
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