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We develop a nonparametric Bayesian analysis of regression discontinuity (RD)
designs, allowing for covariates, in which we model and estimate the unknown
functions of the forcing variable by basis expansion methods. In a departure from
current methods, we use the entire data on the forcing variable, but we emphasize the
data near the threshold by placing some knots at and near the threshold, a technique
we refer to as soft-windowing. To handle the nonequally spaced knots that emerge
from soft-windowing, we construct a prior on the spline coefficients, from a second-
order Ornstein—Uhlenbeck process, which is hyperparameter light, and satisfies the
Kullback-Leibler support property. In the fuzzy RD design, we explain the diver-
gence between the treatment implied by the forcing variable, and the actual intake,
by a discrete confounder variable, taking three values, complier, never-taker, and
always-taker, and a model with four potential outcomes. Choice of the soft-window,
and the number of knots, is determined by marginal likelihoods, computed by the
method of Chib [Journal of the American Statistical Association, 1995, 90, 1313—
1321] as a by-product of the Markov chain Monte Carlo (MCMC)-based estimation.
Importantly, in each case, we allow for covariates, incorporated nonparametrically by
additive natural cubic splines. The potential outcome error distributions are modeled
as student-#, with an extension to Dirichlet process mixtures. We derive the large sam-
ple posterior consistency, and posterior contraction rate, of the RD average treatment
effect (ATE) (in the sharp case) and RD ATE for compliers (in the fuzzy case), as the
number of basis parameters increases with sample size. The excellent performance of
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the methods is documented in simulation experiments, and in an application to edu-
cational attainment of women from Meyersson [Econometrica, 2014, 82, 229-269].

1. INTRODUCTION

For causal inference with observational data, regression discontinuity (RD) and
fuzzy RD designs (Thistlethwaite and Campbell, 1960; Campbell, 1969) have been
an active area of research for many years, for example, Hahn, Todd, and Van der
Klaauw (2001), Imbens and Lemieux (2008), Lee and Lemieux (2010), Frandsen,
Froelich, and Melly (2012), Calonico, Cattaneo, and Titiunik (2014) and Cattaneo,
Titiunik, and Vazquez-Bare (2017).

Our aim in this article is to develop a nonparametric Bayesian perspective on
RD designs. One organizing theme is that we estimate the unknown functions of
the forcing variable by basis expansion methods, which is relatively unexplored
in this area. In a departure from most current methods, we use the entire data
on the forcing variable, but we emphasize the data near the threshold by a
technique that we call soft-windowing. The key advantage of this approach is
that we can use marginal likelihoods to compare different versions of the models,
say different soft-window characteristics crossed with different distributional
assumptions or covariates. Such comparisons are infeasible in methods based
on hard-windowing (the dominant approach in the frequentist literature) since
different hard-windowing specifications produce different datasets.

To handle the nonequally spaced knots that emerge from soft-windowing,
we introduce a second-difference prior on the spline coefficients that acts as a
suitable regularizer, even when the number of knots is large. For the fuzzy RD
design, we explain the divergence between the treatment implied by the forcing
variable, and the actual intake, by a new model that adds a fresh perspective to the
existing literature on these designs. Another central concern is the derivation of
the theoretical large sample properties of the posterior distributions, and the rates
of contraction.

The distinguishing feature of the sharp design is that the intake (the treatment)
x € {0, 1} is determined by a forcing variable z by the deterministic rule x = I[z > 1],
where [.] is the indicator function, and 7 is a known discontinuity point. As usual,
there are two potential outcomes, yy and y; (say both in R), with the observed
outcome given by y = (1 — x)yo + xy;. We suppose that y; = g;(z) + h(w) + 0j¢,
where g;(-) are smooth unknown functions of z that are each continuous at 7,
w € R* are covariates, 4(-) is an unknown smooth function additive in each
component of w, and the errors are student-r with v > 2 degrees of freedom with
separate dispersion parameters o;j. The student-f assumption is a reasonable base-
line starting point, especially when the sample size is not large, but, in Section 6,
we also consider a nonparametric formulation by putting a Dirichlet process prior
on this distribution.

We rely on basis expansion techniques with cubic splines to nonparametrically
estimate gy from data on z < 7, and g; from data on z > 7. Instead of splines,
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a Gaussian process as, for example, in Branson et al. (2019), could be used.
Estimation in much of the frequentist literature, on the other hand, is based on
variants of local polynomial methods (or kernel methods) to data limited to a
window around the threshold, for example, Hahn, Todd, and Van der Klaauw
(2001), Imbens and Kalyanaraman (2012) and Calonico, Cattaneo, and Titiunik
(2014), or on variants of local randomization methods, see for example, Cat-
taneo, Frandsen, and Titiunik (2015) and Cattaneo, Titiunik, and Vazquez-Bare
(2017).

Although we use the entire data on the forcing variable to estimate g;, we
emphasize the data near T by soft-windowing, placing some knots at and near
the threshold. We show that the choice of the soft-window, and the number of
knots, affect the marginal likelihood (the integral of the sampling density over the
prior) and, thus, these design parameters can be adjusted/optimized by the resulting
marginal likelihoods, which we can compute by the method of Chib (1995) as a
by-product of the Markov chain Monte Carlo (MCMC)-based estimation. In this
way, the data determine the soft-window around the threshold that is most relevant
for inferences about the RD effect.

In the fuzzy RD design, we explain the divergence between the assignment rule,
I[z > 7], and the treatment, x, (the hallmark of such designs) by an unobserved
confounder that denotes subject type, taking the values {c,n,a} for complier,
never-taker, and always-taker, respectively. See Chib and Jacobi (2016) for a
concrete illustration of this approach. There are now four potential outcomes,
yo and y; for the compliers, and yg, and y;, for never-takers and always-takers,
respectively. Conditioned on (z,w) and s = ¢, the potential outcomes yy and y;
are generated as in the sharp model. For the new types, conditioned on (z,w)
we have yo, = g0,(2) + hy(W) + 000800, and y14 = g14(2) + ha(W) + 014814, Where
the functions go, and g, are continuous at 7. These functions can be identified
because never-takers and always-takers exist on both sides of t. The functions
h,(-) and h,(-) are unknown smooth functions of the control variables w. The
(4 + 3 x k,,) nonparametric functions in this model are also estimated by basis
expansion techniques. The object of interest is the RD average treatment effect for
compliers, lim,| .+ E[yi|z,w,s = ¢] —lim .~ E[yolz,w,s = ¢], which we show is
identified under weak assumptions.

In both models, we derive the large-sample rates of contraction of the average
treatment effect (ATE) and complier average treatment effect (CATE) posterior
distributions. These results (for non-Gaussian error distributions) are new to the
Bayesian nonparametric literature. Branson et al. (2019) also present a posterior
consistency result, but their result is only for the sharp design and under Gaussian
errors with known variances. Our derivations exploit a representation of the ATE
as a linear functional on the space of square integrable functions with respect
to the empirical distribution of the forcing variable, along with new techniques
for bounding functions that arise under our error assumptions. Interestingly, the
posterior contraction rate we derive is the same, up to a logarithmic factor, as the
one in Calonico, Cattaneo, and Titiunik (2014).
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The methods proposed in this article complement and broaden the frequentist
approach in several directions. Soft-windowing avoids the need to specify, or
select, a hard-window. As a result, we are seamlessly able to compare models with
different soft-windows by marginal likelihoods. Such comparisons of different
hard-window specifications are infeasible in the frequentist case because different
hard-windows produce different datasets. In addition, the posterior distribution of
the ATE supplies the entire summary of the effect, conditioned on the data. This
can be useful because in finite samples, the posterior distribution is not necessarily
symmetric, or even unimodal. In the frequentist case, interval estimates are based
on large-sample theory and are always symmetric around the point estimate. Our
approach is also useful from a purely frequentist perspective. We document that the
Bayesian posterior mean and interval estimates have excellent sampling properties
in finite samples, competitive with the root mean square error (RMSE) optimal, and
coverage-optimal, frequentist estimators. In addition, we prove that our procedures
in the sharp and fuzzy cases are asymptotically valid from a frequentist point of
view. Finally, these procedures are easy to implement by software produced by us.
Thus, it is possible now to calculate the Bayesian effects, along with the frequentist
effects, with ease that rivals that of the existing approaches.

The remainder of the article is organized as follows. In Section 2, we consider
the sharp RD design and introduce the key ideas, while in Section 4, we consider
the fuzzy RD design. Large sample analysis is provided in Sections 2 and 4.
Simulation studies are given in Sections 3 and 5. In Section 3, we also provide
a real data application of our method to an application from Meyersson (2014).
Extensions of the model to nonparametric error distributions are in Section 6,
and conclusions in Section 7. Details related to the basis expansions and the
main proofs of the theorems are given in Appendixes A—C, and in the Online
Supplementary Appendix.

2. SHARP RDD
We make the following assumptions.

Assumption 1 (Conditional expectations). For j = 0, 1, there exists two func-
tions g; and & that depends only z and w, respectively, such that:

Elyjlz.w] = gj(@) +h(w).
Assumption 2 (Smoothness).

1. For j = 0,1 and § > 0, the function z > gj(z) is 6 times continuously
differentiable on an interval that contains .
2. The function A(w) is continuous.

Assumption 3 (Distributions).

1. The forcing variable z and the covariates w have a continuous Lebesgue joint
density.
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2. The potential outcomes are generated as: for j =0, 1,
yi= E[yjlzw]+oje;,

where ¢; is distributed as standard student-t with v > 2 degrees of freedom
and o; > 0.

Some remarks. Apart from the presence of the covariates w, Assumptions |
and 2.1 correspond to Hahn et al. (2001, Assumptions (A1), (A2)), Imbens and
Lemieux (2008, Assumption 2.1) and Calonico et al. (2014, Assumption 1(b)).
Assumption 3.1 is also required in Calonico et al. (2014, Assumption 1(a)). The
local conditional independence assumption corresponds to the first assumption in
Hahn et al. (2001, Theorem 2) except for the presence of w. It is automatically
satisfied in the sharp model since x is determined given z. We use this fact in
showing identification. The distributional Assumption 3 relaxes the Gaussianity
assumption in Branson et al. (2019). Finally, these assumptions rule out the
possibility that individuals are manipulating z around t strategically, that is, the
possibility that z is related to g;, for example, see Lee (2008) and McCrary (2008).

The object of interest is the RD ATE, that is, the average treatment effect at 7,

defined as
lim E[yilz,w] — lim E[yolz,w] = lim g1(z) — lim go(2). 2.1)
zytt 7t~ zitt [ X2

By continuity of g;(-), this is equal to g;(7) — go(7).
Under Assumptions | and 2, the RD ATE is identified. Fix a w in the support of
w|(z around 7). Then, from the observed data on the right side of t,

lim E[ylz,w] = lim E[x|z,w] lim E[y;|z,w]
zytt zytt yrt

= |jrq 21(2) +h(w)

since the first term on the right-hand side in the first line is 1. Similarly, from the
observed data on the left side of t,

lim E[ylz,w] = lim E[(1 —x)|z,w] lim E[y|z,w]
7t~ 7t~ Pt
= lim go(2) +h(w).
2

The RD ATE is the difference in these two observed data limits.

2.1. Sample Data

The available data are n independent observations (y;, x;, z;), i < n, where y; is equal
to yo; when x; = 0 and y;; when x; = 1 and satisfies the above assumptions. For sim-
plicity, until Section 6, suppose that w is absent to minimize the notational burden.
Let ng (resp. n1) denote the number of observations to the left (resp. right) of z,
with n = ng + n;. Assemble the vector of observations on (y, z) to the left of 7 as

Vo2 Ot eoVng) (ox1), 202 (21,002 (mox 1),
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and those to the right of 7 as

L

V1Z Ongttseeooyn) (X1, 2102 @ugtts--n20) (m x 1).

For later reference, define zj, min £ min(z;), Zj, max £ max(z;), forj=0,1, and the pth
quantile of z; by z; ,. Moreover, we note that the likelihood function of this model is

no ny

POz.80.81.00.00) = [ [ s 0il80 ). o) [ [0 Ggilg1 Gng). 0D

i=1 i=1

where y £ ( Yoy, z £ (z(,z})" and 1, is the student-r density function.

2.2. Soft Windowing and Basis Expansions

We apply natural cubic spline basis expansion techniques, and the basis functions
in Chib and Greenberg (2010), to estimate go(z) and g;(z). In this basis, the basis
coefficients are the function heights at the chosen knots. We take advantage of this
property by expanding go(z) and g;(z) with knots at t. This reduces the RD ATE
to the difference of two basis coefficients. As a side-benefit, by locating knots at 7,
the estimates of the g functions over (2o, max, T) and (7, zj, min) are not necessarily
linear.

We now explain the placement of the remaining knots. A key element of the
approach is soft-windowing. We start by partitioning [zo, min, 7] and [7, 21, max] into
intervals that are proximate and far from t. We determine these four intervals
from the quantiles 7o ,, and z; p, , for specific values of p £ (po,p1), for example,
p = (0.9,0.1). We allocate knots to each of the four intervals under the constraint
that there is at least one observation between each successive pair of knots. We
let m; . = (mg0,r,m; 1 ) denote the maximum number of knots in the intervals
proximate to T, and m, = (m; o, m; ) to denote the maximum number of knots in
the intervals further away from 7. Note that the no empty interval constraint means
that the actual number of knots can be smaller than the maximum numbers.

Our algorithm for placing knots under the constraint of no-empty intervals may
be characterized as “propose-check-accept-extend.” Consider the two intervals
to the left of 7. Place a knot at T and let A; = (t —20,,)/ (M0, — 1) be the
initial spacing for the remaining knots in the interval proximate to t. Propose the
next knot at T — A,, and accept it as a knot if it produces a nonempty interval.
Otherwise, propose a knot at T — 2A,, check for a nonempty interval, accept
or extend the interval, and continue in this way until either zq ,, is reached or
exceeded. Then calculate the spacing Ag = (2o, p, — 20, min)/M,0 and proceed from
the last accepted knot in the same way as before, making sure that zp min iS a
knot at the end of this stage. The same propose—check—accept—extend approach
is used on the right of 7, with the first knot at v and the last at z; max. Let
{zo, mins K0,25 + + + s KO, my—1 1:} denote the mg knots to the left of T determined by this
procedure, and let {r,/q,z, e Ky —1,21, max} denote the m; knots to the right of
7. A particular allocation of knots is shown in Figure 1, where my = 10 and m; = 7.
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F1GURE 1. Example of knot locations in the basis expansions of go (top panel) and g; (bottom panel),
determined by m, = (6,5), m; = (5,5); these specify the maximum number of knots. Note that the
no empty interval constraint means that the actual number of knots can be smaller than the maximum
numbers. The circled points are the py and p; quantiles of zg and z1, respectively. Both gg and g1 have
aknot at 7.

When using this algorithm, note that
mo <mzo+mzor and my <mgy 4,

and that, in general, the knots are not equally spaced.
Now, by basis expansions, the function ordinates,

80(0) = (80(z1),---.80(zny)) and g1@1) = (81(Zng41)s - -+ 81(n))

can be approximated as

80(20) ~ gmy(20) = Boor and  g1(z1) ~ gm, (z1) = B} B, (2.2)

respectively, where B; : n; x m; are the basis matrices evaluated at z;, and & and
are the basis coefficients. As shown in Section 2.5, posterior consistency requires
that m; increase with sample size at the rate (n;/log(n;))", where v is a constant
dependent on the smoothness of the function g;, j =0, 1.

Since, in our basis,

80(20, min) g1(7)
8o(ko,2) g1(k12)
= : ) B = : , 2.3)
(m()><l) (M]Xl)
80(K0,my—1) g1(K1,my—1)
gO(T) gl(Zl, max)

the RD ATE is the first component of 8 minus the last component of «:

ATE = ﬁ[]] — a[mO]. (2-4)
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a; = go(ko,) B; = g1(k1,5)

B2

B; B+

ho; hij41
> <>
Il Il Il Il
R0,i—2 K0,i—1 RQ,i T R1j R1j+1 R1,j+2 z

FIGURE 2. Prior formulation: three successive knots on either side of T and the corresponding function
ordinates. The latter are the basis coefficients in the natural cubic spline basis expansions of gy and
g1. The prior on these coefficients is defined through a second-order O-U process. The process moves
from left to right on the «;(i > 2), and from right to left on the B;(j < m; —1).

2.3. Prior Distribution

To handle the nonequally spaced knots that emerge from soft-windowing, we
introduce a new second-difference prior on the spline coefficients that acts as a
suitable regularizer even when the number of knots is large. The prior in Lang and
Brezger (2004) and Brezger and Lang (2006) assumes that the knots are equally
spaced and that the first two knots have an improper prior, which precludes model
comparisons by marginal likelihoods.

We develop our prior of a and B from a second-order Ornstein—Uhlenbeck
(O-U) process, which, in continuous time, for a diffusion {¢,}, is given by the
stochastic differential equation

g, = —a(dg, — b)dt + sdW,,

where a > 0, and {W;} is the standard Wiener process. We Euler-discretize this
process, letting dt equal the spacing between successive knots, a = 1, b = 0, and
s = 1/+/A, where A is a penalty parameter.

Prior of o:: Consider the situation shown in Figure 2 for values of gy computed
at three successive knots, represented by o; = go(ko,;), ®i—1 = go(ko,i—1) and o;_» =
8o(Ko,i—2)-

Let

2. A .
Aa; = (o —o1) — (-1 —tj—2) , > 2,
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and define the spacings between knots by /g ; £ Ko,i — Ko,i—1, as shown in Figure
2. We suppose now that, a priori, (a3,4, . .., 0, ), conditioned on (a1, a>), follow
the process

APy = — (i1 — &i-2)ho, i + o, 2.5)
uoilho ~ N (0,25 ho i), (2.6)
where (o;_; — otj_2)hy ; introduces mean reversion and X is an unknown precision

(smoothness) parameter.
To complete this process, we specify a distribution of («j,a5). Let T;ll:z

(ByBy) ., denote the first two rows and columns of ByBo. We then let

ary _ gO(ZO,min) ~ 1,0 _1
(‘)‘2> B ( 8o(k0,2) > N <<a2,0> o Ta,1;2>,

where o9 and « o (the prior expected levels of g at the first two knots) are the
only two free hyperparameters.
By straightforward calculations, the implied joint prior distribution is

o ~ N (D5 0,25'D; ' TD; "), @7

L

where o £ (@1,0,02,0,0,...,0)" is mg x 1, D, is a tri-diagonal matrix (given in
Appendix B) that depends entirely on the spacings, and T\, £ blockdiag(T,, .2,
1,,,-2) is mp x my. Note that, under this prior, the diagonal elements of D;l T O,D;I/
increase as one moves down the diagonal, which implies that Var(go(Zo, min)) <
Var (go(7)). Also note that this prior is fully specified by the two hyperparameters,
a0 and «; o, which is convenient.

Prior of B: The prior of B is similar except that we orient the process from
right to left. We do this in order that the prior of 8, = g;(r) is determined by
the O-U process. Consider the three successive knots of g;, shown in Figure 2,
and the corresponding function values 8; = g (k1,;), Bj+1 = g1 (k1,j+1) and Bjy» =
81(k1,j4+2). Conditioned on the right end-points (8,,, -1, B, ), let

A’Bi & (Bj—Bis1) — (Bt — Bi2)  j < my — 1

denote a sequence of second differences. Then, under the prior, we suppose that
A*Bj = —(Bis1 — Bis2) i jo1 +uij, 2.8)
il ~ N (0,27 hy ), (2.9

where hy ji1 = K j41 — &1,; is the spacing between knots and A; is an unknown
precision parameter, specific to 3.
—1 A /
For (Bm—1:Bm) let Ty, . = (BlBl)ml_I:m1 denote the last two rows and

columns of B’lBl. Then, assume that

,Bm]—l _ gl(Kl,ml—l) ~ :3m1,0 1
( 131111 ) - ( gl(KLml) ) 2((/311111’0)’)\'1 Tﬁ,ml—l:ml),
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which implies that
Bl ~ Ny, (D5 B0 2705 ' Ts05 "), (2.10)

where B, £ (0,...0, Bmy=1,0, Bm,,0)" is my x 1, Dg is the tri-diagonal matrix in
Appendix B, and Tg £ blockdiag (I, —2, Tg.m —1:m, ) i my X my.

The preceding prior on &« and B induces a prior on the approximating functions
8m;»J = 0,1, which, together with a degenerate prior on zero for the remaining part
8j — &m;» gives a prior for the whole function g;, j = 0, 1. This is a sieve type prior
as we let the number of components m; increase with .

Prior of A and 62: We complete our prior with a Gamma prior distribution on
Aj,j =0, 1. It is important to keep in mind that for any value of n, A; — 0 implies
an unpenalized regression spline, and A; — oo implies that the second differences
are forced to zero, leading to piece-wise linearity. Therefore, depending on the
situation, we fix the Gamma hyperparameters in two ways. The first, the default,
we specify prior values of E(A;) and sd(A;) and match a Gamma distribution to
these choices. For example, we let E(;) = 1 and then let sd(A;) = 5, where the
latter typically increases with the sample size. The second is to choose E(4;) to
make the smallest diagonal element of the variance matrix equal to one, that is,
choose E(4;) so that

1 ,
min {diag (meleDjl )} —1,
]

and let sd(%;) be a multiple of this prior mean. Given the prior mean and standard
deviation (SD), we can then find independent matching Gamma distributions,
denoted (say) as

ajo by .
A~Gal 2,2 ), (j=0,1). 2.11
j ( > ) (j=0.1) 2.11)
Note that if we let the prior mean of A; be small (relative to the prior SD), then
that puts more weight on the unpenalized regression spline. On the other hand, a
large value for ajo puts more weight on the penalty, as required when the number
of knots increase with sample size. We prove below that for posterior consistency,
ajo = C(n;/log(n;))", for positive constants C and v that depend on the smoothness
of the function g;, for j =0, 1.

The prior on 02 £ (6, 07) is of the usual form. Independent of A £ (Ao, A1), we
suppose that

) Voo oo .

2~AIG—. =), (Gi=0,1), 2.12
o; ( > ) (G=0.1) (2.12)
an inverse-gamma distribution, where vgy and 8oy are chosen to reflect the
researcher’s views about the mean and standard deviation of of.

Remark. As shown later, this prior satisfies an important property. Suppose
that one admits the existence of a true value (g]’.", Uji) of (gj, ajz) for j =0, 1. Then,

https://doi.org/10.1017/50266466622000019 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466622000019

NONPARAMETRIC BAYES ANALYSIS OF RD 491

one is interested in knowing whether these true values are in the Kullback-Leibler
(KL) support of the prior. More precisely, the true data distribution characterized
by (g7, oji) belongs to the KL support of the prior distribution if the prior assigns
positive probability to any KL neighborhood of the true distribution. Our prior
satisfies the KL support property if the functions gy and g; are well approximated
by gu, and g, , respectively. In particular, the KL support property is satisfied
even for a shrinking KL neighborhood if the hyperparameter ajy of the Gamma
prior for ; is set equal to ajo = C(n;/log(n;))", for positive constants C and v that
depend on the smoothness of the function g;, for j = 0, 1. We use this property to
derive large-sample asymptotic results using KL neighborhoods that shrink at a
rate €, — 0 indexed by the sample size n that is decreasing in n.

2.4. Posterior Distributions and MCMC Sampling

For observations on either side of t, the following Bayesian linear models hold
(after we integrate with respect to the degenerate prior on zero for g; — g,):

yi =B+ & &~ Ny E), (2.13)
(njxl) (njxl)

0,12 ~ N (60.4)0). kj~Ga<2ﬂ,§>, (2.14)
o; ~IG<V§0 5;°> (2.15)

where 6; is o for j = 0 and B for j = 1, and by the Gamma scale-mixture of normals
representation of the student-¢ distribution,

and
000 =D, ', 019 éD,Elﬂo,

l ’ 1 ’
A —1 —1 A —1 —1
Ay = _A.ODC( TaDa ,Agp = _)\] l)/3 TﬂDﬂ .

The joint posterior distribution of the parameters (a, 8), (Ao, A1), 6% £ (o, 07),

and {&;} can be sampled easily by MCMC methods (Chib and Greenberg, 1996).

The MCMC steps are iterated Ny + M times, where N is the number of burn-in

iterations and M is the number of iterations retained:

o Given (¥97, (&}, {%;)), sample 6, from Ni(6,,A)), where 6; =Aj(A1510j0 +
E'y) and A; = (A +B/E'B) .
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. —B0Y=E(y.—BO:
e Given (y;,0;, (&}, {};}), sample o from IG(UO();’!", oty 8’01)2“0 O; 3’6")>.

e Given (yj,0_,-,crj2), sample {£;} from

2, 2
Gaf L (vji —B;ib;)" /o ‘
2 2

e Given 0, sample A from

aoo +mo boo+ (Deat — ) T, (Dot — atg)
)\.()|a ~ Ga 2 ) 2 ’

aw+m; bio+ DB —Bo)T5 (DB — By)
)\.1|ﬁ Ga( ) 5 ) .

e After the burn-in iterations, extract the last element of & and the first element of
B to obtain drawings of the ATE from its posterior distribution.

We also use the output of this MCMC simulation to calculate the marginal
likelihood by the method of Chib (1995). Marginal likelihoods are used to optimize
p and the number of knots.

2.5. Large Sample Analysis

Assume for simplicity that there are no control variables w. In this section,
we conduct large sample analysis from a frequentist point of view, that is, we
assume a true value of the parameters that generates the data. We use these
notations and definitions: g5 (-), g7 (-), 002*, and 012* denote the true values of go(-),
g1(), o¢, and o}, respectively. The true data distribution, conditional on z™ is
denoted by P (y™|z™), or P for short, where y™ £ {y, i =1,...,n} and
7™ & (z,i=1,...,n} (and similarly for n replaced by ng and ;). Denote by
I - |l2 the norm in L,(P,) where P, is the distribution of z, that is, Vf € L,(P,),
Ifll2 £ (f If(z)lzsz(z))l/2 and by | - ||, the norm in L,(P,) where P, is the
empirical distribution of z, that is, Vf € L,(P,),

sl
1712~ > 1F @)

i=1

Moreover, for a vector v we denote ||v]|oo = max;|v;| and for a,b € R, C? [a,b] &
{h:[a,b] = R; his & times continuously differentiable}. For a probability measure
P, the notation Ph = [ hdP.

For j = 0,1 denote by C,y, the set of piecewise cubic functions and by S,,; C Cp;
the subspace of natural cubic splines on the set of m; knots defined in Section
2.2. Therefore, g, (2) 2 By(2)a € Sy C Cpyy (resp. gm, (2) 2B (2B e Sm, C
Cn,) is the unique natural cubic spline interpolating go (resp. g;) at the knots
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{20, mins K0,25 - - - s K0,mg—1, T} (X€SP. {T,K1,2, - .., K1,m; 1,21, max})» Where B;(z) is a m;-
vector defined in Appendix A. We denote by a* and B* the coefficients corre-
sponding to the interpolations of g and g7, respectively, which in turn are denoted
by g5, (2) and g, (2). Finally, = denotes both the prior on (80,81,08,0%, ko, A1)’
that is specified in Section 2.3 and the corresponding posterior.

2.5.1. Posterior Contraction Rate. The goal of the asymptotic analysis is
to establish the consistency of the ATE posterior distribution and to find the
corresponding contraction rate. To derive these results, we first have to find the
contraction rate for the posterior distribution of (g;, aj2) for j = 0,1, which, given
our model assumptions, is a new, interesting result in its own right. Our result
shows that there exist two sequences €,,,€,, — 0, such that for all Mn,Mn — 00,

~

_ i,

J

-2
Ojx

PP (ng =& Iy = Myé€n,, forj=0,1 y(”),z(”)) — 0.

Since the posterior of (go, gl,(roz,alz) is equal to the product of the posteriors of
(go, 002) and of (gl,olz), it is enough to show the separate convergence to zero of
the following probability for j = 0, 1:

(nj) ~ A A
P w | 18— & llny = Muén, 11— 07 J0s] = My/ /5|y, 2" | - 0

2B (enjn~1/2)

for all Mn,]\N/I,, — 00. This means that the posterior distribution of (g_,-,ajz) con-

centrates on balls of radius of the order (en/,nfl/ 2) around the true (g;‘,aji).

—1/2, - . . ..

The sequence (€., n; / ) is a posterior contraction rate and, by definition, every
o ) ’

sequence that tends to zero at a slower rate is also a contraction rate.

We make the next assumption to establish that (g7, oji) lies in the KL support of

)
the prior distribution and that 7 (G; \ C, ;) is at most of the order e ki E”f, where G;
and C,; are introduced below, as sketched in Section 2.5.2.

Assumption 4. (i) For every mg,m; € N, there exist finite wy € R™ and w; €
R™ such that @* — D, '@y = D, 'T"/*w, and B* —Dglﬁo = Dlng;}/zw,.
(i) For every myg,m; € N;, the maximum eigenvalues of D;lT QD;V and
D;l T ﬂDEl/ are bounded away from zero and infinity.

Assumption 4 (i) is quite standard in settings with Gaussian process priors
and is a condition about the smoothness of the true function. It requires that the
parameters a* and B* associated with the true functions belong to the ellipsoid
associated with the prior covariance operator. Assumption 4 (ii) is weak and is
satisfied for instance if the prior covariance matrix is a discretization of a bounded
covariance operator.
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We then have the following theorem. The notation =< denotes equality up to a
fixed constant.

THEOREM 2.1. Assume that for some —oo <a<b < oo there existsa s > 0
and a constant C > 0 such that: g§ € Go £ C’la,7) and g} € G| = C°[,b), and
2 2

llg; —gm ||00_C2m forj—Ol Moreover, 0 < o < o7, <02<oo for j =

0,1 and two constants o a . Let 7t denote the prior on (go,g1,0%, {\ ij=0,1})
n O\ /@D

Iog(nj)>

and ajo = 2nm; for j = 0,1, and n > min{3,800}(28 + 1). Moreover, suppose that

that is specified in Section 2.3 with m; = mj = ( , Voo > 2, 8p0 > 2,

Assumptions 1—4 hold. Then, for all M,, M, — o the posterior of (go,gl,aoz,crlz),
denoted by 7 (-|y™, z™) satisfies the following:

P ((gj,oﬁ) € G xRy forj=0,1;llg;— g ll,
M,
VT

9
Ojx

> Myé€n;, >

y““,z“”) -0, (2.16)

log () )5/(25+1)

where €,. < (
J n;

We remark that if n; < n for j =0, 1 then the two posterior distributions contract
8/(26+1)

@ . The smoothness assumption in this theorem is

at the same rate (

standard in the literature (see e.g., Calonico et al., 2014, Assumption 1; Imbens
and Kalyanaraman, 2012, Assumption 3.3). The rate €,, for the nonparametric
parameter corresponds to the minimax rate, up to a logarithmic factor. The
logarithmic factor in the convergence rate is typical in Bayesian nonparametric
problems, see for example, (Ghosal, 2017). The constant M, can be any diverging
sequence and so it does not affect the rate of contraction. For the parametric
component o; the usual parametric rate is obtained since the sequence M, is
allowed to grow indeﬁnitely Therefore, the joint posterior of (gJ,az) contracts at

the rate n; -1z along the o -direction, but at a slower nonparametric rate €, along
the g; d1rect10n We point out that our result (2.16) has been established in terms of
the norm || - ||, but it holds also for the norm || - ||, as long as we add the assumption
that the sets C?[a, ) and C®[, b] are Glivenko—Cantelli with respect to P,,. In fact,
in this case P, converges to P, uniformly over go € C°[a,7) and g, € C°[,b].

2.5.2. Main Idea of the Proof of Theorem 2.1. The general strategy to establish
(2.16) in a semiparametric setting is the test and metric entropy approach. In our
framework this means that, given an event .4; and its complement .Af, the following
upper bound holds: for j =0, 1
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T (Bi(enj,n—l/Z) ‘ y(nj)’ Z(w‘)) < ¢nj + (- ¢,,_].)JT (Bi(enj, n—l/Z) ‘ y(nj)’ Z(ﬂj))
< qb,,j + [[.,4]‘] +(1 - ¢nj)7t (B:< (ey,j, n—l/2) ‘ y(ﬂ_/‘),z(ﬂ_/)) I[Aj], (2.17)

where ¢, is a testing function for the null hypothesm Hy : (gj,0 2) = (gj*, 2)
against the complement of a neighborhood U of (g7, 0; 2) denoted by Z/l‘ where the
posterior probability of I/ converges to one. The event A;, which has probability
converging to 1, is used to lower bound the denominator of the posterior distribu-

tion. This lower bound also depends on the KL property of Pinj . That is, the true

data distribution Piﬂj  characterized by (gj’.‘, crji) has to belong to the KL support of
the prior distribution: namely, for some constant C > 0 the prior has to assign a

—Cnj 2 . nj . e
probability not smaller than e 5 to any KL neighborhood of Pi 7 (see definition
D.1 in the Online Supplementary Appendix). This requires lower bounding the

prior of the KL neighborhood of P(n') While with a normal sampling distribution,
and a known variance 0 , it is easy to show that the KL neighborhood contains a

set that admits an 1mmed1ate characterization in terms of ||g; — gj ||nj, showing this

for a student distribution and an unknown o is considerably more involved. We

rely on upper bounds for the logarithmic function and a Taylor expansion which
nie2
is valid over a set with prior probability of order at least equal to e "/ S

The test ®n; formalizes the idea that (g]’f, aji) and ¢ can be separated. It has to

be a uniformly exponentially consistent test, that is, a test for which there exist
(n)
2¢nj - 1_

20", gj,07). Such tests exist for nonparametrlc

constants C > 0, ¢ > 0 such that P ¢,, < ¢ "% and |nf(g az)euc

—n: (1)) (n

Ce™"® where P’ !
gof

regression models with normal errors and known variance. We develop such tests

for our context. In the proof of Theorem 2.1, we exploit the fact that the student
distribution can be written as a mixture of normal distributions and, conditional
on the latent mixing variable, the true model is normal with unknown variance.
Then, conditional on the latent mixing structure, we construct uniformly exponen-
tially consistent tests for our set-up with an & of the order e,f/_.

One way to guarantee the existence of such tests is to use the fact that the models
inU{ are not too complex, where complexity is measured in terms of metric entropy
and prior mass. More precisely, if G; x R, denotes the parameter space for (g;, crjz),
for & to be of the order e,% one needs to find a sequence of measurable sets C,, j C G;
such that: (i) as n; — oo, C,; becomes big enough to approximate Gj, (ii) the

prior 7(G;\ C,) is at most of the order e 6'2'/' , and (iii) C, ; can be written as the
countable union of sets whose metric entropy is at most of the order nje?

The proof of Theorem 2.1 is constructed around these arguments, developed
precisely in Appendix C.2 and in the Supplementary Appendix.

2.5.3. Posterior Consistency of the ATE. We now have the following result on
the consistency of the ATE posterior distribution and its contraction rate.
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THEOREM 2.2. Let the assumptions of Theorem 2.1 hold. Then, for all
M, , — 00

P 5 (|ATE — ATE*| > M, €, |1 — 0;/07| > M,/ /1y, for j=0,1]|y™,z") -0,

where

{(Iog(n0)>a/(25+l) <Iog(n])>‘s/(25+l)}
€, <X max s .
no n

Note that if ng < n;, then the contraction rate ¢, is the same as the rate in
Calonico, Cattaneo, and Titiunik (2014) for § = 3, up to a logarithmic factor, which
is usual in Bayesian nonparametric estimation. To establish this result, we have
used the characterization of the ATE as By;) — e[, and then expressed B[, and
®[] as two linear functionals on the L, (P,,j) space for j = 1,0, respectively. This
strategy is an alternative to the use of point evaluation functionals to express the
ATE, as in Branson et al. (2019), which is unbounded in the L, (P,) space because
its representer does not belong to L, (P;).

It is also possible to consider the ATE consistency under the assumption of fixed
variances, as in Branson et al. (2019). Unless UJZ = O'j however, which Branson
et al. (2019) apparently assume, the conditional model is misspecified and the
posterior concentrates around the least-favorable model, see Bickel and Kleijn
(2012). Therefore, to establish the ATE consistency (without assuming that the
variances are equal to the true values), one has to consider the contraction of the
conditional posterior of g;, and of the ATE, conditioned on a sequence of variances,

jn 202 in (P )& a . T ha/ /1 for all bounded, stochastic sequences h,,. By slightly
modrfymg our proofs we can show that the contraction rate of these conditional
posteriors is the same as the rate given in Theorems 2.1 and 2.2. That is, under the
assumptions of Theorems 2.1 and 2.2: for all M,,,M,, — oo and every bounded,
stochastic #,,:

P"r (gj €Gjs g — & Il = Myey, forj=0,1

o7 =02 +n h, for j=0,1;y", W) =0

and for all M; , — oo

Pf:”n(|ATE ATE*| > My eu| 0? = 02 +n; ' /*h, for j = 0,1;y <n>)ﬁo,

3. EXAMPLES: SHARP DESIGN
3.1. Design

We simulate data from the following data generating process: y; = g;(z) +o¢; for
j=0,1, where g ~1,(0,1) and &; ~ ¢,(0, 1) with v = 3, and the z variable and the
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TABLE 1. Sharp Design: Simulated Data with Error Distributed as 0.1295 x
13(0, 1). This table shows that the soft-window quantiles influence the log marginal
likelihood (computed by the method of Chib, 1995) and that the log marginal
likelihood worsens as the degrees of freedom used in the estimation moves further
away from the true value. The log marginal likelihood of the best model, for each
sample size, is highlighted in bold.

)/ m, mg ¢ log marg lik
n =500
&) (0.7,0.3) (3,3) (3,2) 55.61
3 (0.9,0.1) (3,3) (3,2) 52.48
t4 (0.7,0.3) (3,3) (3,2) 55.20
t5 (0.7,0.3) (3,3) (3,2) 53.12
100 (0.7,0.3) (3,3) (3,2) 8.99
n = 4,000
&) (0.7,0.3) 4,3) (3,2) 1,026.47
3 (0.9,0.1) 4,3) (3,2) 1,027.71
t4 (0.9,0.1) 4,3) (3,2) 1,016.16
ts (0.9,0.1) 4,3) (3,2) 992.84
100 (0.9,0.1) 4,3) (3,2) 568.95

parameters are chosen as in Imbens and Kalyanaraman (2012) (IK) and Calonico,
Cattaneo, and Titiunik (2014) (CCT), that is,

20(z) =0.48+1.277+7.1822 +20.212> +21.547* +7.332°,
g1(z) = 0.5240.84z — 3.002> +7.992° — 9.01z* +3.562°,
z~2xBeta(2,4) — 1,

o =0.1295. The true value of the RD ATE at the break-point t = 0 is 0.04.

In this design, there are relatively fewer treated observations than controls,
which makes the estimation of the ATE challenging in small samples. We consider
two sample sizes, n = 500 and n = 4, 000.

We estimate the model as follows:

. The prior mean and SD of o2 are 0.3 and 1.0, respectively.

. The prior mean and SD of A are (1, 1) and (5,5), our default choices.

3. The soft-window quantiles p £ (po,p;) are based on the distribution of z. We
optimize these values according to the value of the marginal likelihoods, as
shown in Table 1.

4. The number of knots is also chosen based on marginal likelihoods. In general,
as n increases, we shrink the soft-window width and increase the number of
knots.

5. Finally, the degrees of freedom parameter is set on the grids 3, 4, 5, and 100.

N =
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FIGURE 3. Sharp design: Simulated data with error distributed as 0.1295 x #3(0, 1). This shows the
function estimates and credibility bands for two different sample sizes for the best models selected
in Table 1. The right panel are the corresponding zoom plots, zoomed to the interval given by the
soft-window quantiles.

The results in Table 1 show that the choice of the soft-window width matters
and leads to different marginal likelihoods. For n = 500, the wider soft-window is
supported while for n = 4,000 there is more support for a narrower soft-window.

3.1.1. Function Estimates. The Bayes estimates of gy and g; are given in
Figure 3. The true value of the functions are the dotted lines, the estimates are the
solid lines, the 95% point-wise credibility intervals of the functions are the shaded
bands, and the distribution of the z values is notched on the horizontal axis. This
figure shows that when n = 500, g; is not well estimated (because of the sparseness
of the data) but the function estimate improves with n. The right panel displays the
same function estimates, but restricted to the soft-window intervals.

3.2. Sampling Experiments

We now consider the sampling performance of the Bayes RD ATE estimate along
two dimensions—the sampling root mean square error (RMSE) and the coverage
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TABLE 2. Simulated Data: Sharp RD Designs, True Value of the ATE is 0.04.
Summary of Results from 1,000 Repeated Samples of Student-¢ data generating
process (DGP) and Two Different Sample Sizes.

Mean Coverage RMSE
n=500
0.043 0.961 0.073
n = 4,000
0.040 0.945 0.045

of the 95% posterior credibility interval. In these experiments, p, m, and m, , are
determined once. We have found, however, that the final sampling results are not
improved greatly by optimizing these choices for every new sample.

Finally, as in the preceding section, the prior mean and standard deviation of
o? are 0.3 and 1.0, respectively, and the prior mean and standard deviation of
A are (1,1) and (5,5), respectively. No tuning was used to arrive at this prior to
demonstrate that the performance of our approach is not dependent on a tuned
prior.

The results show that, as the sample size increases, the Bayes estimate gets
closer to the true value, the coverage approaches the nominal value, and the RMSE
declines.

3.3. Example: Meyersson (2014)

For an application of the sharp RD design to real data, we consider the study of
Meyersson (2014), used as an example by Cattaneo, Idrobo, and Titiunik (2020)
to discuss various frequentist procedures. The study (based on data from Turkey)
deals with the effect of an Islamic mayor on the percentage of women aged
15-20 in 2000 who had completed high school in 2000 (this is the outcome variable
¥). The running variable z is the vote margin obtained by the Islamic party in the
1994 mayoral election over its strongest secular party opponent (the cut-point  is
zero). The treatment variables x is 1 if the Islamic party candidate won the mayoral
election, and 0 otherwise. Four regional indicator variables, which we denote by v,
and three continuous variables, wy, wy, w3, representing the Islamic vote percentage
in 1994, the number of parties receiving votes in 1994, and the logarithm of the
population in 1994, respectively, are available as controls.

Cattaneo, Idrobo, and Titiunik (2020) calculate the sharp RD effect by different
local polynomial based methods without and with covariate adjustment and under
various procedural choices involving the kernel and bandwidth parameters. These
different methods and choices produce estimates that are similar, but it is not clear
from the frequentist analysis if covariate adjustment should be done, and which
procedural choices are preferred. It is also possible that some covariates are more
important for some bandwidths, and not for others, but these sort of comparisons
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F1GURE 4. Meyersonn (2014) data: scatter plot of y against x with least squares fits from data on each
side of 7.

are not possible by hard-windowing methods where different bandwidths produce
different data sets.

As we have demonstrated above, soft-windowing plus marginal likelihoods
enable a systematic comparison (and ranking) of the different modeling choices.
One primary choice is about p, m;, and m_ .. A scatter-plot of y against z, with
least squares fits on each side of t, given in Figure 4, shows (noisy) observations
concentrated close to 7, right-skewness in the distribution of y with some rather
outlying observations, and a small positive jump at 7, at least as measured by
the (inappropriate) global linear fits. These observations suggest that covariate
adjustment will be required to reduce the noise, that the student-¢ distribution
with its thicker tails should outperform the Gaussian (both assumptions should
be viewed as approximations given that the support of y is limited in these data),
and that a few knots should be adequate to model g;.

Hence, we consider Gaussian (approximated by v = 100) and student-z (v = 5)
models, with and without covariate adjustment. A range of soft-window param-
eters are scanned, starting with p = (0.7,0.4). In these models, m, = (2,2), and
m, . = (3,2), as other larger number of knots have substantially lower marginal
likelihoods, regardless of p. In each of these models, the prior on sz, has a mean
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and sd of 70 and 30, respectively, and the prior of each element of A has a mean of
1 and sd of 5.

Consider first the case of models without covariate adjustment. The best
model (selected by the marginal likelihood) has p = (0.4,0.3) and a log-marginal
likelihood of —9669.249. It shows a preference for a wider soft-window to the
left of 7, and a narrower soft-window to the right of 7. From this best model, the
posterior mean of the ATE is 3.213, with a 95% posterior credibility interval of
(—0.398, 6.864).

A similar analysis can be conducted with covariates. One can consider all
possible adjustments, by taking different combinations of the four geographical
indicators and three continuous covariates. As an illustration, however, and to draw
a contrast with the preceding no-covariate adjusted analysis, we only consider
models in which all seven covariates are included, that is, where

3

i =gi@+V8,+ Y h(w)+aje;.
=1

Thus, the three continuous covariates are entered additively and nonparametrically.
Each is estimated as natural cubic splines with five knots. Again, we consider the
same soft-window parameters and Gaussian and student-¢ distributions as in the
no-covariate model scan. The best model now is the student-# model with v =5
and p = (0.60, 0.50) indicating support for different soft-window dimensions. The
substantially larger log-marginal likelihood of —9330.464 shows decisive support
for covariate-adjustment. Within the covariate-adjusted models, the support for the
student-f over the Gaussian error distribution is also decisive. The nonparametric
estimates of the three covariate functions, given in Figure 5, show the importance
of entering (w;, w,, w3) nonparametrically.

From this best model, the posterior mean of the ATE is 3.254, with a 95%
credibility interval of (0.430, 6.049), with a positive lower-limit, and a narrower
interval than before. Cattaneo et al. (2020, pg 73) report similar estimates: an ATE
estimate of 3.108 and a 95% confidence interval of (0.194, 6.132). A graphical
summary of the posterior means of the gy and g; functions and of the ATE, is
given in Figure 6.

4. FUZZY RD DESIGN

We now formalize our Bayesian approach for the fuzzy RD design, inspired
by the principal stratification framework of Frangakis and Rubin (2002) and
Chib and Jacobi (2008). Our essential idea is to capture the mismatch between
the assignment process I[z > t] and the treatment intake x by an unobserved
discrete confounder variable s that represents one of three subject types (or strata):
compliers, never-takers, and always-takers.
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FIGURE 5. Meyersson (2014) data: Posterior mean and 95% credibility bands of nonparametric
covariate functions.

4.1. Assumptions

Assumption 5 (Local conditional independence). x is independent of yg,y;
conditional on z around 7 and w, that is,

xLL (y9,y1)|z around T, w.

Note that this assumption is trivially satisfied in the sharp RD design. Also note
that this assumption does not restrict the dependence between x and (yop,y;) for
values of z far from .

Assumption 6. The unobserved confounder s is an unobserved discrete random
variable that represents subject type. A subject can be of three types, a complier,
never-taker, or always-taker, who acts as follows on the treatment intake x:

x=Iz=1] if s=c
x=0 if s=n,
x=1 if s=a.

Our next assumption is about the distribution of these types.
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FIGURE 6. Meyersson (2014) data (sharp RD covariate-adjusted): posterior means of the go and g;
functions (along with the 95% point-wise credibility bands) and the posterior distribution of the ATE
from m = 10,000 MCMC draws from the best fitting model in which there are four geographical
indicators and three continuous covariates that are entered nonparameterically and the error distribution
is student-¢ with 5 degrees of freedom. The posterior mean of the ATE is 3.254, with a 95% credibility
interval of (0.430, 6.049).

Assumption 7. Subject types are distributed around r with unknown distribu-
tion Pr(s = k) = g > 0, where g, + ¢, +q, = 1.

The model for the subject type probability in Assumption 6 encapsulates
the assumption that the distribution of types around t is independent of z. For
simplicity, we assume that these type probabilities are also free of w.

Note from the first row of Assumption 6 that for subjects of type s = c, the
compliers, assignment, and intake agree, that is, as z passes the break-point 7, the
treatment state changes from O to 1 with probability one:

Prx=0lz<t,w,s=c¢)=1land Prx=1]z=1t,w,s=¢) = 1. 4.1)
It follows that, for compliers, the sharp design holds. On the other hand, for
subjects of the type s = n, the never-takers, Pr(x = O|z,w,s = n) = 1, and for

subjects with s = a, the always-takers, Pr(x = 1|z,w,s = a) = 1, both regardless
of the value of (z,w).
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TABLE 3. Sample Data in the Fuzzy RD Case.

x=0 x=1
<t Y00-200 Yo1-201
=27 Y10-210 Y11» 211

Four potential outcomes emerge: yy and y, for compliers, and yo, and y;, for
never-takers and always-takers, respectively. We make the following assumption.

Assumption 8. Conditioned on (z, w) and s, Assumptions 1—4 hold for s = ¢. In
addition, the following conditional expectations hold

Elyonlz. w,s = n] = gon(2) +ha (W),
and
E[Y1a|Z7 w,s = Cl] = gla(z) +l’la(W)

both over the entire support of z, where the function gy, and g, are §-times
continuously differentiable on an interval that contains T with 6 > 0, and &, (w)
and h,(w) are continuous in w. Furthermore, these two potential outcome are
independently distributed as standard student-t with v > 2 degrees of freedom.

4.2. Sample Data

Suppose that the data consist of n independent copies of (y,x,z), where for
simplicity, we assume that w is absent from the model. Because observations on
either side of 7 can be controls or treated, we place the sample data into four cells,
cross-classified by I{[z > t] =1,1=0,1 and x = j, j = 0, 1. We indicate each of
these cells by (Ij). The observations in each of these cells are indicated in vector
notation and displayed in Table 3.

Indices of the observations in each cell are denoted by Ipo = {i : z; < 7,x; =0},
Lo={i:zizt,x, =0}, Ippn={i:zi<t,x;i=1}and I}, ={i: z; > 7,x; = 1},
and the number of observations in these cells by n;(l,j = 0,1). We also denote
the union of data down the columns of this table by a single subscript, as before,
since the columns indicate the treatment state. Thus, for example, zo = (200,210)
and z; = (2o1,211)-

4.3. Possible Types Cross-Classified by z and x

In the manner of the preceding data table, the possible subject types are shown
in Table 4. Specifically, an individual in cell (00) can be either a complier or
never-taker, a person in cell (10) is of type never-taker, a subject in cell (01) is
of type always-taker, while a person in cell (11) can be either a complier or an
always-taker.
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TABLE 4. Possible Subject Types on Either Side of t by Treatment State.

x=0 x=1

z<T c,n a

=T n c,a

This division of types by cell is key to understanding the subsequent inferential
procedure. It also clarifies that this model is a mixture model. For instance,
consider the case where z; < t (the first row of this table). Then,

PO =jlzi<T.0)= Y pOnxi=jlz <70, =k Pr(s;=kl0)

ke{c,n,a}

= Y pilvi=jizi <7.0,5 =k Pr(x =jlz; < 1,6,5 = k) Pr(s; = k|6),
ke{c,n,a}

4.2)

which for j = 0, cell (00), reduces to 1, (yi|go(z:). 63)qc + by (vilgon(2), 63, qn and
for j =1, cell (01), reduces to t,(yi|g14(z:), ofa)qa (since the middle term is either
one or Zero).

4.4. ldentification of the RD CATE
Under our assumptions, the RD CATE, the ATE for compliers at t:

CATE = lim E[yi|z,w,s =c]— lim E[yo|z,w,s =]
zytt -
= g1(7) — go(7). 4.3)

is identified. The proof involves showing that there is a function of the data that
gives the CATE.

THEOREM 4.1. Suppose Assumptions 1-3 and 5-8 hold. Also suppose that
20(7) # gon(7) and g1(t) # g14(t). Then, the CATE is identified.

First consider lim, .+ E[y|z,w]. By extending the argument along the second
row of Table 4,

lim E[ylz,w] = lim E]ylzw,s =c,x=1]Pr(x=1l|zzw,s =¢)Pr(s =¢)
zytt zltt
+ Iirr]r E[y|lz,w,s = n,x = 0] Pr(x = 0|z, w,s = n) Pr(s = n)
zlt

+ IirT]r E[y|z,w,s = a,x = 1]Pr(x = l|z,w,s = a) Pr(s = a),
T
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which is
lim Ely|z,w] = lim E[y.|z,w,s =c]Pr(s=c¢
lim Elylz,w] = im Efy IPr(s=0)
+ lim E[yonlz,w,s =n]Pr(s = n)
zytt
+ lim E[yi4l|z,w,s = a] Pr(s = a),
zytt

since to the right of t each of the conditional probabilities of x is equal to one.
Similarly, lim ;.- E[y|z,w] is equal to
lim E[ylz,w] = lim E[yo|z,w,s = c]Pr(s =c¢)
4k 4
+ lim E[yonlz,w,s = n]Pr(s = n)
T
+ lim E[yi4lz,w,s = a]Pr(s = a).
o
By the assumed continuity, the second and third terms in each of these expressions
are equal. Therefore,

lim E[ylz,w]— I|m E[y|z, w]

zltt
= (Iim E[yiclz,w,s =c] — lim E[yoc|z,w,s = c]> Pr(s =c¢).
zitt [

Now consider

lim E[x|z,w] = I|m Pr(x =1|z,w),
zitt

which by extending the argument along the second row of Table 4 is

lim Pr(x=1|z,w) = I|m Pr(x=1|z,w,s =c)Pr(s =¢)
zitt

+ lim Pr(x = 1|z,w,s = a) Pr(s = a)
zytt

+ lim Pr(x = 1|z,w,s = n) Pr(s = n),
zytt

where the first and second conditional probabilities are one and the third is zero.
Thus,

I|m Pr(x =1|z,w) = Pr(s = ¢) + Pr(s = a).

Z'L’

By similar calculations,
lim E[x|z,w] = lim Prlx = 1|z, w]
7t 7t~

= Pr(s =a).
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Hence,

lim,, .+ E[ylz,w] —lim .~ E[ylz,w]
lim,) .+ E(x|z,w) —lim .~ E[x|z,w]

=g1(7) — go(7),

since all the functions involving w cancel, as well Pr(s = ¢) in the numerator and
denominator. Thus, the CATE is identified.

4.5. Basis Expansions

We construct the basis matrices in the same way as in the sharp model but
with data taken from the appropriate cells in Table 3. For instance, for the
go function, we use the data zop, padded with t at the right, to locate the
desired number of knots according to the soft-windowing method. These knots
are given by {200, min:K0.2, .-, ko,my—1,T}. For the g, function, the knots are
calculated from the data z;;, padded with t at the left. These knots are given by
{r,/q,z, e KL —1, 211, max}. Then, the function ordinates

8@ = (818G ) =01

are approximated using the natural cubic spline basis functions given in the
Appendix as

80(200) ~ gmq (Z00) = Booet,

81(@11) ~ gm, 211) = B11 B, 4.4

respectively, where Bj; : nj; x m; are the basis matrices evaluated at z;;, and & and
are the basis coefficients. The notation Bj; emphasizes the fact that these matrices
are based on data in the (jj) cell. Under our basis, the basis coefficients are the
function ordinates at the knots,

80(200, min) g1(7)
80(x0,2) g1(k1,2)
a = : , B = : , 4.5)
(mox1) ’ (my x1) ’
gO(K(),m()—l) gl(Kl,ml—l)
gO(T) 81 (le,max)

which implies that the CATE is simply the first component of f minus the last
component of ¢:

Now consider the functions g, and g;,. The support of these functions is given
by the z values in each treatment state (in other words from both sides of 7), z; £
(zg;»z1;)s (nj x 1), where n; = no; +ny;, for j = 0, 1. Our way for placing knots for
these functions is as follows. Some knots are based on the data z¢; and some are
based on (7,zy;), making sure that 7 is one of the knots and that every pair of knots
has at least one observation in between. Locating knots in this way is relatively
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straightforward. Note that by placing a knot at t, we ensure that the functions gg,
and gy, at T are continuous, which is required by our assumptions.

Suppose then that m,, and m, knots are used in the basis expansions of the g,
and gy, respectively. The function ordinates at these knots

80n(20) £ (801 (200.1); - - -» &oc Z10,my)) »

and

81a@1) £ (81401, 1)s -+, 81aE11,my,))

can then be approximated by the basis functions given in the Appendix as

B,

(noo xmp)

gOn(zO) ~ 8my (ZO) = BIO oy £ BO,n‘xnv (4-7)

(n1oxmp)
and
BOl,a

gla(zl) ~ 8my (zl) = (Vg;ma) ﬂa £ Bl,aﬁa’ (4'8)

(ny1 xmg)

respectively, where &, : m, x 1 and B, : m, x 1 are the basis coefficients.

As for gg and g, for every z;, j = 0,1, the goodness of the approximation of
gon and gy, at z; depends on the smoothness of go, and g4, respectively, and
the approximation bias decreases as m, and m, increase. We show in Section 4.9
that, for posterior consistency, n; must increase at the rate of (n/logn)”, for some
constant v dependent on the smoothness of the function gj, j = 0,1,n,a.

4.6. Likelihood Function

The basis function approximations of go, g1, gon, and gj, given in Section 4.5
suggest to construct a prior that puts all its mass on the approximations g, for
Jj=0,1,n,a, as we construct in the next section. This corresponds to specify a
Dirac probability at zero for the remaining part of g;, that s, g; — g,. The marginal

likelihood function of 8 £ (a, B, &, B,,) and 6> = (07, 07,0,7,62) is obtained by

integrating with respect to this Dirac probability and follows straightforwardly
from Theorem 1. Let By ; denote the ith row of By, with similar notation for
the other basis matrices. Then, the likelihood contribution of the ith observation
by cell is

Loo.i = gety Vil Boo. i@, 53) + Guty Vil Boo,n, i, 72, i € Ino,

Lio,i = guty (il Boo,n,i0tn, 0,0), i € Lo,

Lo,i = qaty 3ilBo1,a,iBas 02), i € I,

Ly, = qcty0ilB11,iB,07) + quty GilB11,0,iBu 00), i € 11, 4.9)
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and the likelihood function is the product of these contributions over all the

observations:

L= [T Loix [ Lioix [ Lovix [ ] Lins- (4.10)
ielyy ielyo iely) ielyy

4.7. Prior

Except for an increase in dimension of the parameter space, the prior on the
parameters is specified in the manner of the sharp RD model. The prior on (e, B) is
exactly the same as in (2.7) and (2.10) except that the matrices D, and Dg, which
have the form given in the Appendix, are built up from the data in the cells (00) and
(11), respectively. The prior on the parameters «, and S, of the n and a models, is
given by

an |)\'l’l ~ Nm

n

Bula ~ Ny (D7 Boun 2 'D;' 1D ).

- 1y v
(Dnlaom)‘n Dan”Dn )’

where the matrices D, and D, are constructed analogously to D, and Dg. The
penalty parameters, now given by (Ao, A1, Ay, Ay), have a prior distribution as in

the sharp model: A; ~ Ga (%0, bJTO),j =0, 1,n,a. As in the sharp case, to obtain
frequentist asymptotic results we require that ajy = C(n/logn)”, for positive
constants C and v that depend on the smoothness of the function g;, for j =
0,1,0n, la. Similarly as in the sharp case, the prior on the variance parameters
is independent of A and inverse Gamma: 0]-2 ~ IG(”OTO, 5%), for j = 0,1, and
Yo S0

272 )
a Gamma distribution for each A with a prior mean of 1 and prior SD of 10.
Finally, we suppose that the prior of ¢ = (¢, g, q,) is Dirichlet with parameters
(noc, Nons Noa), Where we set the hyperparameters to imply that half the sample
consists of compliers and the remaining half is equally divided between never-

takers and always-takers.

. . 2 ~ . . . .
for j=n,a: o; IG( In the examples below, for simplicity, we specify

4.8. MCMC Sampling

We estimate the model by sampling the posterior distribution of the parameters,
the type variables s;(i < n), and the Gamma mixing variables, by MCMC methods.
Note that conditioned on the parameters, the type variables have to be sampled only
in the (00) and (11) cells. Specifically, for observations in the set Iy, conditioned
on the data and (0, 02), the type variables are sampled from the conditional
distributions

Pr(s; = c[yi.0,07) o< gct, (yilBoo,iet, 95
PI’(S[ = ”|yi, 0, 62) X gnty (yilBOO,n,[am 0,,2)’
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and for observations in the set /;; from

Pr(s; = c|yi,0,0%) o« q.t, (vilBi1.:B, 1),
Pr(si = alyi0,0%) o gat, (yilB11,0,iB4 00).-

Suppose that in a particular MCMC iteration, in the cell (00), the sampling of {s;}
produces ng, compliers and ng, = ngo — ng, never-takers. Similarly, suppose that
in the cell (11), the sampling produces n{, compliers and n{, = ny; —ng, always-
takers. Then, in the next MCMC step, we sample ¢ = (¢, g, q,) from an updated
Dirichlet distribution with parameters

c c n a
(noc + ngg + 11y, non + g + 110, 10a + 101 + 1Y)

Again, conditioned on the sampled types, the posterior distribution decomposes
into three independent distributions, one for each type. These distributions take the
following form. For the observations classified as s = ¢, using the basis matrices
in (4.4), we can write

c _ c c
Yoo = By + &g .
("(CJO x1) ("60 xng) (”60 x1)

and

yiu = ByB + &,

(n‘l'l x1) (n‘l'I xmy) (nflxl)

where the ¢ superscript indicates the subvectors and submatrices consisting
of the rows (observations) classified as compliers in the indicated cells, and
each component of the error conditioned on {Ef} is distributed as N (0,02/ &0).
These models are analogous to (2.13) in the sharp RD model. Therefore, the
posterior distribution of the parameters (e, B), (Ao, A1), 0% = (0,07) and {&f},
conditional on s;(i < n), can be sampled according to one step of the sharp MCMC
algorithm.

Similarly, given the ng, observations sampled as never-takers in the cell (00),
using the basis matrices in (4.7), we can write

n n n
Yoo 00,n €00,n
1

(ngyx1) _ (15 x1mn) o, + (g 1) ’ 4.11)
Yo Bio.n €10,n

(n1ox1) (n10xmn) (m10x1)

where y(, and By, , consist of the rows of yo, and Boo, in cell (00) that are
classified as never-takers, and each component of the error, conditioned on {Sl”}
is distributed as N (0,02 /£/"). Again, the model of these data is analogous to that
of the sharp RD model and, therefore, the conditional posterior distribution of the
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parameters «,,, A,, o> and {f;‘i"} can be sampled using one step of the sharp MCMC
algorithm.

Last, given the n{, observations classified as always-takers in the cell (11), using
the basis matrices in (4.8), we can write

Yoi Boi,a €01,q

(no1x1) (ng1 xmq) (ng x1)
= a + , (4.12)

y£1l1 Bll.a ﬁa e‘fl,a

(n‘fl x1) (n‘l’1 x)11a) (n{;x1)

where y{, and Bf; , consist of the rows of y;; and By, in cell (11) that are
classified as always-takers, and each component of the error, conditioned on {Sl“}
is distributed as N (0, oaz /&{"). This shows that conditioned on {s;}, the parameters
Bas Xas (raz and {Ei“} can be sampled as in the sharp model.

These simulation steps, which constitute one iteration of the MCMC algorithm
in the fuzzy RD model, are repeated, and beyond the burn-in phase the last element
of a and the first element of § are extracted to create drawings of the CATE from
its posterior distribution.

Finally, for any version of the fuzzy RD model—defined by differing number
of knots and differing soft-window widths—we calculate the marginal likelihood
by the method of Chib (1995). The details are straightforward and hence omitted.

4.9. Large Sample Analysis

As in Section 2.5, we now derive the large-sample properties of our Bayesian

procedure for the fuzzy RD design without control variables w. We denote g £
2

(80.81,8om: 81a)> 0% = (03.01.05,,0%), 4 = (4c,qn.qa), and by g*, ¢ and ¢*
their true values. The true data distribution, conditional on 7z, of the sample
is denoted by P (y™,x™ |z or P® for short, where y™ £ {y,i=1,...,n},
xm £ {xi,i=1,...,n}, and 7™ £ {ziyi=1,...,n}.

The quantities | - ||, and C?[a, b] are defined as in Section 2.5 while for every &
and j = 0,1,0n, 1a, l|g;llsup = maxiey; |8(zi) | with o £ Ino, It = 111, Io, = Io, and
L, £ Iy;. For j =0, 1,n,a denote by C,, the set of piecewise cubic functions and

J
by Sm]. C ij the subspace of natural cubic splines on the set of m; knots defined

in Section 4.5. Therefore, g, (2) £ By a € Sy C Cpyy is the unique natural
cubic spline interpolating go at the knots {zoo, min,&0,2s - - - , K0,my—1, T}. Similarly,
define g, (z) = B11(2)'B, gm,(2) = Bo.n(2) oy, and gy, (2) = By (2)' B, for given
my, my,, and m, and corresponding knots described in Section 4.5, where Bj, and
B; ¢ are m,-vectors defined in Appendix A. We denote by a*, B*, a, and g7, the
coefficients corresponding to the interpolations of g§, g7, &,,» and g7, respectively.
Finally, & denotes both the prior on (g,az,q,ko,kl,kn,ka)’ that is specified in
Section 4.7 and the corresponding posterior, and for a probability measure P, the
notation Ph will abbreviate [ hdP.
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To derive our consistency result, we need the following assumption, which is
similar to Assumption 4, and the same remarks apply.

Assumption 9. (i) For j = 0,1,n,a and for every m; € N there exists a finite
wj € R™ such that a* — D 'ay = D' T *wo, a* — D, ‘o, = D, ' T *w,, B* —
_ _1mpl)2 _ _
Dﬂlﬂo :DﬂlTﬁ/ wi, and B — D' By, =D, ]Tclz/zwa-
(ii) For j = 0,1,n,a, for k = «,B,n,a, and for every m; € N, the maximum
eigenvalue of Dk_' T.D;, " is bounded away from zero and infinity.

We are now ready to establish the consistency and contraction rate of the
posterior distribution of the RD CATE.

THEOREM 4.2. Assume that for some —00 < a < b < 0o there exists a § >
0 and a constant C, > 0 such that: gj € Gy £ Ca,1), gl € G £ C[,b] and
Son &y €Clabl, and |18} — g}, lloo < Comy® for j=0,1,0n,1a and k = 0,1,n,a.
Moreover, 0 < g} < oji < (7]2 < oo, for j =0,1,0n,1a and two constants QJZ,EJZ.
Let 1w be the prior on (g, az,q, {Aj,j =0,1,n,a})’ specified in Section 4.7 with m; =
1/(25+1), Voo > 2, doo > 5, and ajp = 217mj’»k forj=0,1,na, and n >

mf =<
J logn
min{7,800}(28 + 1) /4. Moreover, suppose that Assumptions 1-3 and 5-9 hold and

let nyy < n for I,j =0, 1. Then, for all My ,,M,, — 00 we have that

P" 5 (ICATE — CATE*| = M s€,, |1 — 0/
> M, //n forj=0,1,0n, laly™ x",z") — 0,

|
where €, < (%

>5/(25+1)

The smoothness assumption in this theorem is standard in the literature (see
e.g., Calonico et al., 2014, Assumption 3). To prove this result, we write the
RD CATE as a linear functional of g with respect to the empirical measure,
as in the proof of Theorem 2.2. Other than this connection, however, the proof
of this theorem is substantially different because the fuzzy model is a mixture
over two types of latent variables: the scaling variable £ in the normal model
(which is also present in the sharp case), and the unobserved confounder s.
Among other things, under this double mixture, the construction of an uniformly
exponentially consistent test is more difficult. Moreover, determining whether the
true distribution P, characterized by (g*,02,4*), is in the KL support of the prior
is more complex. This is due to the fact that the KL divergence, and the KL second
moment, involve the logarithms of the mixture over the unobserved confounder
s. We give the essentials of the proof in Appendix C.3, but because the proof is
long and involved, we provide its complete version in the Online Supplementary
Appendix F.
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5. EXAMPLE: FUZZY DESIGN

To illustrate our ideas, we consider simulated data from a relatively simple design
that satisfies the conditions of Theorem 4.1. The four unknown functions are
defined as:

Yoo = —82+7> +2° +sin(22) + &,
Vie=4z4+22+2+5sin()+ 1 +¢,

Yor = 0+ 10z + 8¢, and y;, = 3 — 20z + &1, where z ~ 0.1295 x N'(0,1), T =
0, &g ~ 13(0,1) and &; ~ 13(0,1), and &y, and &, are .5¢3(0,1) and 2#3(0,1),
respectively, and the types s € {c,n,a} are generated from a discrete distribution
with probabilities g = (0.5,0.25,0.25). In this design, the true value of the CATE
is 1.0. We also consider the same design with student-¢ errors by letting ¢y and ¢
be distributed as standard student-¢, and g, and &, distributed as 0.5 and 2 times
standard student-t, respectively. Our simulated data consists of a sample of size n
and we consider n = 500 and n = 4, 000.

For the prior distribution, we assume that o = o = o and a priori, (6%,0,7,07)
have a mean equal to (2,2,2) and standard deviation equal to (10, 10, 10), and that
the four smoothness parameters (1o, A1, A, A,) have a mean equal to (1,1,1,1)
and SD equal to (5,5,5,5). A priori, we also assume that ¢ is Dirichlet with
hyperparameters equal to (2,2,2). In addition, on the basis of marginal likelihood
comparisons, for n = 500, the soft-windowing parameter p is (0.5,0.5), and for
n = 4,000, it is (0.6,0.4). For both sample sizes, the knots for the four functions
are set by the values m, = (3,3), m_, = 5, and m_, = 5. Finally, for n = 500,
m; . = (2,2), and for n = 4,000, m, , = (3,3).

We apply our procedure to each sample size for data generated from f; dis-
tributed errors. The results from the estimation, given in Table 5, show that even
for the smaller sample size, which is a particularly challenging case, the 95%
posterior credibility intervals include the true values and that the marginal posterior
distributions concentrate around the true values with the sample size.

Also interesting is to consider the inferences about the four smoothness
parameters (Lo, A1, A, Ay). The results, given in Table 6, show that the marginal
posterior distribution of X is relatively more dispersed and includes some mass
on larger values. In addition, since the g, and g;, functions in this DGP are linear,
enforcing smoothness on the second differences of the basis coefficients through
the prior is unnecessary with few knots and, correctly, the marginal posterior
distributions of the corresponding smoothness parameters are concentrated on
values close to zero. Note that the posterior distributions of Ay and X; also
concentrate on small values with sample size because the number (and proportion)
of knots used in the estimation of the gy and g; functions remain small. The Bayes
estimates of the four functions go, g1, gon, and gy, are given in Figure 7. In this
figure, the true value of the functions are the dotted lines, the estimates are the
solid lines, the 95% point-wise credibility intervals of the functions are the shaded
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TABLE 5. Fuzzy RD with Data Simulated with Student #3 errors: Summary Results

for the Dispersion Parameters (o2, 5.2 0(12) and Probabilities of Types. Inefficiency

Factors in the Last Column. For EE:lCh Parameter, the 95% Posterior Credibility
Intervals Include the True Values and the Marginal Posterior Distributions Con-

centrate Around the True Values with the Sample Size.

Parameter True value Prior Posterior

Mean SD Mean Lower Upper Ineff

n=>500
o? 1 2 5 0.998 0.746 1.313 4.402
0',12 0.25 2 5 0.290 0.202 0.408 2.466
O'az 4 2 5 3.371 2.246 4.942 4.641
qc 0.5 0.33 0.178 0.513 0.460 0.566 2.374
qn 0.25 0.33 0.178 0.216 0.180 0.252 1.000
qa 0.25 0.33 0.178 0.271 0.223 0.321 2.730
n=4,000

o? 1 2 5 0.973 0.880 1.076 4.707
6,12 0.25 2 5 0.279 0.246 0.314 2.981
aaz 4 2 5 4.101 3.547 4.727 4.302
qc 0.5 0.33 0.178 0.510 0.491 0.529 2.312
qn 0.25 0.33 0.178 0.246 0.232 0.260 1.035
qa 0.25 0.33 0.178 0.244 0.228 0.261 2.557

bands, and the distribution of the z values is notched on the horizontal axis. As can
be seen from this figure, the functions are well estimated.

Finally, for this sample size, the posterior mean of the CATE is 1.007, with
95% credibility interval equal to (0.542, 1.463). The true value of the CATE as
mentioned above is 1.

5.0.1. Sampling Experiments

We conclude this discussion with some evidence about the sampling properties of
the Bayes CATE estimate based on 1,000 replications of the design used above.
The results, which are given in Table 7, parallel those in the sharp design.

6. EXTENSION

We briefly mention that the framework we have developed is straightforwardly
extended to a nonparametric distribution of the errors. For example, in the sharp-
design, we could let

yoi = 80(zi) +h(w) + 000, 2 < T,
yi=g1@)+hw)+o161, 2> 71,
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TABLE 6. Fuzzy RD with Discrete Confounder and Student #3 Errors: Summary
Results for (Lo, A1, Ay, Aq). The marginal posterior distributions of X,, and A, are
concentrated on small values because the underlying functions g, and g, in this
DGP are linear and there are only few knots involved in the fitting. Because the
number of knots in the fitting of gg and g; also remains small with sample size,
the enforcement of the smoothness condition is less important, and the marginal
posterior distributions of Ag and A1 show the move to small values.

Parameter Prior Posterior

Mean SD Mean Lower Upper Ineff

n =500
Ao 1 5 3.877 0.171 15.066 2.259
A 1 5 1.275 0.084 4416 2.007
An 1 5 0.086 0.009 0.297 1.254
Aa 1 5 0.039 0.006 0.107 1.239
n=4,000

) 1 5 1.236 0.082 6.391 6.444
Al 1 5 0.060 0.008 0.182 2.051
An 1 5 0.327 0.035 1.103 1.254
Aa 1 5 0.050 0.008 0.130 1.034

where now the error distributions are unknown and modeled (say) by a Dirichlet
process mixture (DPM) prior. For instance, following Chib and Greenberg (2010),
we could suppose that

eoiléoi ~ N(0,5, 1),
iid
&yl FF ~ F,
F|O(0,F() ~ DP(O(()F()),

Fo=G <V 1))
o = Gamma 2,2 ,

where DP is the Ferguson (1973) and Antoniak (1974) Dirichlet process with
mass parameter ¢y and base distribution Fy. Thus, under the base measure, the
distribution of the error is student-t with v degrees of freedom, as before, though
the distribution of the error is now nonparametric. We could model the distribution
of ¢ in the same way by letting

eniléri ~ N(0.&; ),
iid
&1lG ~ G,
Glao, Go ~ DP(aGo),

Vv
Gy = Gamma (—, —) .
2°2
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(a) Estimates of go and g1, m. = (3,3), m. . = (3,3)

z

(b) Estimate of g, m., =5 (c) Estimate of g,, m. . =5

F1GURE 7. Fuzzy RD with discrete confounder and student #3 errors: This shows the function estimates
and credibility bands for n = 4,000. Note that, as required by our conditions, the functions go, and g1,
are both continuous at 7. This is achieved by having a knot at t. See text for further details.

TABLE 7. Summary of Results from 1,000 Repeated Samples: Fuzzy RD Design
with 73 Errors and Two Sample Sizes, True Value of the CATE is 1.0.

Mean Coverage RMSE
n=500
0.976 0.970 0.358
n = 4,000
1.014 0.970 0.222

The advantage of using this specific construction of the DPM prior is that the
MCMC updates are all tractable (see Chib and Greenberg, 2010) and the marginal
likelihood of the model is also tractable, being calculable by the method of Basu
and Chib (2003). We can complete the model using a basis expansion approach for
the 2(w) function, making sure that a knot is placed at 7 to ensure continuity of the
function at T. Thus, in this model, both the mean functions and error distributions
are nonparametric.
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6.1. Example

As an illustrative example, consider the design of Section 3.1 where as before

20(2) = 0.48 4 1.27z+7.182% +20.212° 4+-21.547* +7.332°,

g1(2) = 0.52+0.84z —3.00z +7.992° —9.01z* +3.562°,

z~2xBeta(2,4) —1,

but with the model modified to include the effect of the control covariate w through
the function

sin(rw/2)

) = T G 7 1)

w ~ Uniform(—m, ),

and with the error distribution defined by oy = 0.1295, 1 = 0.20 and ¢( and ¢
following a multi-modal mixture of three-component normal distributions with
component means equal to (—2.5,0,2.5), component SDs equal to (1,1,1), and
component weights equal to (1/3,1/3,1/3). The true value of the RD ATE at the
break-point T = 0 is 0.04. We draw a sample of n = 500 and n = 4,000 from this
design.

This design is clearly considerably more complex than the one considered in
Section 3.1. Estimation of the RD ATE is based on adding two steps to our MCMC
algorithm, one in which the &j; and &; are sampled, and a second step in which
the DPM mass parameters are sampled, both as described in Chib and Greenberg
(2010). The prior is, once again, not tuned to the specifics of this model. For n =
500, we use a soft-window specification defined by p = (0.6,0.4), with number
of knots in the basis expansion of gy and g; given by m, = (3,3), m, . = (3,2),
the number of knots in the basis expansion of h(w) equal to 8, prior mean of the
two initial ordinates of each of the three unknown functions equal to (0,0), the
prior mean of the (now) three A’s equal to (1, 1, 1) with prior standard deviations
equal to (15,15,15), and the prior mean and prior standard deviations of oy and
o1 equal to 0.3 and 5, respectively. The prior of the two DP mass parameters o
and « is defined by a prior mean equal to 5 and prior standard deviation of 1. We
fix the value of v at 3. The prior for the larger sample size is exactly the same.
The only change is in the design of the window width parameters and the number
of knots in the basis expansions, which take the values p = (0.9,0.1), m, = (4,3),
m; . = (3,2), and 20 knots in the case of i(w). These values are determined by
marginal likelihoods, calculated by the method of Basu and Chib (2003).

The results on the RD-ATE from our fully nonparametric estimation are given in
Table 8. The posterior mean for the smaller sample size is 0.079 with posterior SD
equal to 0.168, and for the larger sample the posterior mean is 0.062 with posterior
SD of 0.078. In contrast, the frequentist estimator of the RD ATE is 0.2946 with
standard error equal to 0.1302, and for the larger sample size the estimate is 0.104
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TABLE 8. Sharp Design: Posterior Summaries for Two Different Sample Sizes
from the Dirichlet Process Mixture Estimation on Simulated Data with Nonpara-
metric Control, Error Distributed as Mixture of Normals and Different SDs.

Mean SD Median Lower Upper
n = 500: log marglik = —225.129

0.079 0.168 0.075 —0.240 0.410
n =4,000: log marglik = 1277.468

0.062 0.078 0.062 —0.090 0.213

TABLE 9. Sharp Design (True Value of RD ATE is 0.04) Repeated Sampling
Results from 1,000 Samples Drawn from the Design with Error Distributed as
Mixture of Normals, a Control Covariate w and Different SDs on Each Side of
(See Text for Further Details). RMSE of the Bayesian posterior mean under the
Dirichlet process mixture assumption for the error, and frequentist coverage of the
Bayesian 95% credibility interval. The IK and CCT estimates are computed from
the R package rdrobust with the call outr = rdrobust(y, z, covs = w, all = TRUE),
where outr is a list object. The element coef of this list contains the IK and CCT
estimates as the first and third elements, respectively.

Mean Coverage RMSE
n=500
Bayes 0.061 0.947 0.083
IK 0.053 1 0.252
CCT 0.046 0.915 0.294
n=2,000
Bayes 0.018 0.926 0.066
IK 0.068 0.933 0.123
CCT 0.063 0.942 0.140

with standard error of 0.048. Despite the complexity of the problem, the Bayesian
results from the nonparametric control and error model are satisfactory.

As a final exercise, we consider 1,000 simulated data sets generated from the
preceding design. The simulation is geared to examining the sampling performance
of our Bayesian approach along two dimensions—the sampling RMSE of the
posterior mean, and the coverage of the 95% interval estimator. For comparison,
we also calculate the RMSE and coverage of two frequentist estimators: the
Imbens and Kalyanaraman (2012) (IK) estimator, which uses the MSE-optimal
bandwidth and should be expected to produce the minimal RMSE; and the
Calonico, Cattaneo, and Titiunik (2014) (CCT) estimator, which is coverage-
optimal and, by construction, uses a bandwidth that is smaller than the MSE-
optimal one. The results are in Table 9.

The table shows that the sampling performance of our Bayesian point and
interval estimators is excellent. Specifically, the sampling RMSE of the Bayesian
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posterior mean is the lowest of the three estimates, for both sample sizes. The
sampling coverage of the Bayesian posterior credibility interval is closer to the
nominal value for n = 500, but below that of the coverage-optimal frequentist
estimate for n = 2,000, at least in this example.

7. CONCLUSIONS

In summary, we have provided a Bayesian framework for inference in the sharp
and fuzzy RD designs that is based on several novel ideas. First, this framework
uses all the data in the sample, along with local nonparametric methods, to model
and estimate the distributions of the outcomes on either side of the threshold. We
use basis expansion techniques for the unknown functions of the forcing variable
with extra knots sprinkled in the vicinity of the threshold, and one knot (for each
function) exactly at the threshold. The local nature of our cubic spline procedure,
along with the strategic placement of knots, ensures that the data around the
threshold are automatically more important in inferences about the jump size. We
develop a new, flexible second-difference prior on the spline coefficients that is
capable of handling the situation of many unequally spaced knots. The information
required of the investigator to specify this prior—essentially a rough idea of the
first two ordinates at the extreme points on both sides of —should be known
to an investigator with knowledge of the specifics of the application. We show
that this prior satisfies the KL property and is key in our derivation of the large-
sample behavior of the posterior distribution of the RD effects. Our probability
model for the fuzzy RD design, inspired by the principal stratification framework,
1s new. In this model, the unobserved confounder is a discrete random variable, not
continuous as in the literature to date. One interesting aspect of this formulation is
that the sharp design is a special case, and the estimation approach for the fuzzy
RD design also similarly reduces to that of the sharp case when all individuals are
compliers. Finally, for both designs, we establish the large-sample properties of
our procedures, and the consistency and posterior contraction rates for the causal
effects.

Given the importance of RD designs in practice, this broadening of the ana-
lytical framework for inference in such designs is likely to prove useful. Just as
researchers can apply different frequentist estimators to these designs to see how
the RD effects vary across estimators, it is now possible for researchers to also
calculate the effects from our Bayesian perspective with ease that rivals that of the
existing approaches. Comparing and contrasting the estimates (whether identical
or different in any particular instance) from the various approaches should deepen
understanding of the effects in practice.

A. APPENDIX: BASIS FUNCTIONS

In this Appendix, we let g(-) denote any function that is to be represented by a cubic spline
and let z € R denote its argument. Let Kj(j =1,...,m) denote the knots, and hj =Kj—Kj—]
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the spacing between the (j — 1)st and jth knots. The basis functions are the collections of
cubic splines {CDj(z)};":l and {\Ilj(z)}j'.”zl, where for2 <j<m—1,

0, Z<Kj-1,
— @2/ —kj—1)*(z—K; —0.5h)), ki1 <7 <Kj,
®j(2) = 3] J R J j J J (A.1)
Q/1 )@= Kjp 1)@=k +05hj1), K <z <Kjy1,
0, 2= Kjt1,
0, Z<Kj-1,
/W) @—ki—1)*G—K).  Kj—1 <2<k,
Wiy =1{ "4 S ’ ! (A2)
A/h D=k D™=k, Kj =2 <Kjt1,
0, 2= Kjtl,

and for j =1, ®; and W; are defined by the last two lines of equations (A.1) and (A.2),
respectively, and for j = m, ®; and W; are defined by the first two lines. In these two cases,
the strong inequality at the upper limit is replaced by a weak inequality.

The representation of g(z) as a natural cubic spline is given by

m m
g =) _®j@fi+ Y ¥(@s). (A3)
j=1 j=1
where f = (f1,....fm) and s = (s1,...,5y) are the coefficients of this cubic spline.
Conveniently, f; = g(k;) is the function value at the jth knot, and s; = g’(/;/) is the slope
at the jth knot.

The fact that g(z) is a natural cubic spline implies that g” (1) = 0 = g” (k) and that the
second derivatives are continuous at the knot points. These conditions place restrictions on
tvhe s;. If we define w; = h;/(hj+hj1), and pj = 1 —w; forj=2,...,m, then Lancaster and
Salkauskas (1986, Sec. 4.2) show that the ordinates and slopes are related by the relations
Cf =As,s =A_1Cf, where

2100 0 00 0
@ 2w 00 0 0 0
0 w3 2 3 0 00 0
A= _ ,
00 0 0 0. wnet 2
0000 0 0 1 2
and
1 1
- A 0 0 0 0
w0y I n
0 @ ez mom 0
h h h, h,
C—3 3 hy T hy Ty
: T R
—1 —1 —1 —1
0 0 0. —jacl gaol_lpel fpe
1 1
0 0 0. 0 - ..

For any observation of z, z;, it follows that g(z;) in (A.3) can be re-expressed as

gz = @@ f+¥(z)A"cf
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or as g(z;) = ¢if, where ®(z)" = (®1(z)), ..., Pm (), ¥(z)" = (W1 (), ..., Ym(z;)), and
¢ =9(z) + W (z;)’A~1C, which implies the following representation for the n x m basis
matrix: B = (¢y,...,¢n)’ =[by, ...,by]. This is the form of the basis matrices B, B, B,
Bo1, Bo, and By,. Further, we denote Bj(z) 2 (@) +W()A~LC) the mj-vector used
in Sections 2.5 and 4.9.

B. APPENDIX: D, Dg

Suppose that m is the dimension of & and 8. Then, the matrices Dy and Dg in equations
(2.7) and (2.10) take the following forms:

1 0 0 0 0 0 0
0 1 0 0 0 0 0
(17’10’3) (’10,372) 1 0 0 0
Vho3 o Jho3 o /ho3
0 (I-ho4) (hp4-2)
Vhoa o Vhoa  Vhos
D, = . . .
0 - - y - .
U=hom—1)  (0,m—2) 1
0 0 0 2
\/h(),WI—l \/h().m—l «/ho,m—l
(=hg ) (hy —2) 1
0 0 0 0 0 : >
Viom  hom  Jhom
and
| (h =2 (I=hpp)
hi2 M2 hi,2 0 0 0 0
(h1,3=2) (1=hy 3)
0 : ; : 0 0 0
TN ITERNV/TEY
(r1,4=2) (=hy 4)
0 0 L ; , 0 0
T4 /4 hi.4
Dg = : - - - - - - : )
0 1 (hl,mfl_2> (l_hl,mfl)
i m—1 Pm—1 R m—1
0 0 0 0 0 1 0
0 0 0 0 0 0 0 1
respectively.
C. PROOFS

C.1. Notation

The notation < (resp. <) will be used to denote inequality (resp. equality) up to a fixed
constant. For a vector v, denote by ||v]|oo = max; |v;]. The indicator function of an event A
is denoted by both I[A] and 1 4.

The true data distribution, conditional on z, of the sample is denoted by PSF”) in
both designs and is as specified in Assumptions 1 and 5-7, respectively. The true data
distribution, conditional on z;, for one observation is denoted by Pfk in both designs for
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short. The Lebesgue density of P(n) (resp. P’ ) is denoted by p(") (resp. p«(yilz;) in the
sharp RD design and p« (y;,x;|z;) in the fuzzy RD design). In the proof, we exploit the fact
that we can write the student-t distribution as a mixture of Normal distributions: in the sharp

RD design pa(yily) = 1o (3ilg} ), 02) = [ N (ilzis €8, 02 /6)Ga (€i: §, 5) di for j=0,1
(and similarly in the fuzzy RD design). The expectation taken with respect to Pfk") is denoted
by E.. For a probability measure P, the notation Ph will abbreviate f hdP. Define the KL
divergence between two probability measures P and Q as K (P, Q) = Plog (p/q), where p
and ¢ are the Lebesgue densities of P and Q respectively, and define the discrepancy measure

V(P,Q) 2 Pllog (p/q) — K (P,Q)|%.

For a set F and a metric d on it let N (e, F, d) be the e-covering number which is defined as
the minimum number of balls of radius € needed to cover F see for example, van der Vaart
(2000).

Notation specific to the Sharp RD design. Let Gy 2 C%[a, 1), G| £ C%[r,b] and

B (en,n™1?) 2 {(8),07) € G x R l1gj — &F lny = Muen, 11— 0j/0ju| = Ma/ 17}

for j =0, 1 and any sequences M, M,, — co. For j j=0,1, letP 2 (resp. P‘ 2)denote the
8- 9j
conditional distribution of the sample y(”f) given (z("f) 80 2) (resp of y; given (z;, 8)>9; ))

and p( (resp p z(yl|zl ) denote the Lebesgue density of P ") (resp of P‘ 2)

Denote the subsamples 10 £ iz <t)and I £ {i;z; > t}. Forj =0, 1, the KL nelghborhood
of (gj’.",a/i) is defined as, Yep; > 0

BYL((gF,070), en) &

{(g],o )EGi xRy K <P(n’ , (r_lj> 2) < njerzl/., Vv <P>(knj>,P(r_ljl)Tz> =< 2nj6,%,.} .
J ’ J ’

8j» 0, &j»
(C.1

Finally, in the proofs we use the following sequence of measurable sets for M = 4yknke,2, =

nxen < ney, where i £ max| <j<p | (D! Ty Dy, )jjls @k 2 el = 0]+ Bifk = 1] and

1/(2541)
~— n —_— .
my
AL . mg
Cro2 | {gmo(@) € Smy: @ € [-Mo.Mo]™}.
mo=1
m’f
Co1 2 | {em @ €Smy: B € [-My.My™},
mp=1

(C2)

where g, (2) 2 Bo(2)'@ and g, (2) = B (2)'B.
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Notation specific to the Fuzzy RD design. For the Fuzzy RD design we in addition use
the following notation. Let G, = G, £ C®[a.b], and

F 2 {(g0.0n(21s € lesm] + 105 = ] )11z < 7]+ (g1, (s, 1[5 € (e a)]
+gon(@[s = n])l[z > 1], with go,0n(5.2) £ g0()[s = ]+ gon () [s = 11,

8110059 £ g1 [s = ] + 815 = al, g € Gjoj = 0,1,0n, 1a}.

We use the notation 711 £ ngg +n19. g1 = 1o+ 110 + o1 - For the sample size of the cells
I1p and Iy, we use both the notations ng, = nyg and ny, £ ngp; moreover, Iy, = I;¢ and
I14 & In;. For a given sequence s = {s¢, 51} where s, = {si}ier, with valuesin {c,n}if k=0
and in {c,a} if k = 1 denote:

forf € 'F f:? (st f(n Zl’l()()-’rl) !f(nvzr_llo)’f(avzfl|0+l)! s sf(nvzr_l()l )’fgl)/s
Sso 2 (FG12Ds oo GngosZn))s  Ssr 2 (F(Singy+15Ziigy41)s - - - of Snzn))s

2 / 2 2 2 v/
Uﬂso (GOYI ’UOsnOO) ’ alsl - (015ﬁ01+]’ - "Ulsn) ’

8059 = (805, (212805, @noo))s &y = (Bsz, 41 Gitgy+1)s - 815, @)
(C3)

Moreover, define B*(en,n_]/z) £ {(f, 01.2) e F xRy forj=0,1,0n1a;|1 — O'j/O‘j*| >

Mn/ﬁ, and Vs, || fs — f5 ln > Myep} for any sequences My, M, — co.

Prior specification for both the Sharp and the Fuzzy RD designs. The prior specifi-
cation for (a, 8,0, B4, A, ag,alz,a,%,af,q), where A £ (Ao, A1, Ans a) and ¢ = (ge, gn. 4a)
is an independent prior as follows:

alro ~ Nong (D 0, 3 ' DG TaDZ ), iy ~ Now D5 Bo.37 ' D5 ' TpD5 "),
onlAn ~ Non, Dy o 1, DI TaDY), Bulha ~ Now, D7 Bog iy DT TaDZ ),
ajp bj
x,wga(io L‘)), j=0.Lna,

272
8 8 8
~1IG 1)00 200 , forj=0,1, U ~ TG VOn 20n i ~ TG VOa 90a i
2 2 2
q~ Di”(”Oa nop, nO(l)a (C'4)

where vgo > 2.

C.2. Proofs for Section 2

C.2.1. Proof of Theorem 2.1. For every n, denote X £ () (")) and let I £
liizi<t)={i=1,...ng}and I} £ {i;z; >t} = {i=ng+1,...n1}. Moreover, for k =0, 1

denote by Dy, the denommator of the posterior distribution of (gk,akz). In the following,
we use the notation a; £ al[k = 0]+ BI[k = 1] for k =0, 1 (and similarly ez for the prior
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mean). Therefore, for k = 0, 1, the marginal posterior of (gg, akz) is

1
(o)X ™) = o= | T 0 0ilBi)'aic+ g0 Nomg
ni N
{ielk}

_ — _ 1/
X (D} k0. 1 ' D Tey D, ) ® 80 (dgib)dm () (o),

where () denotes the Dirac mass at zero and gk = gk L2 gk(@) —Br(2)ay. Fork=0,1,
for some C > 0 and €;, > 0 denote by .Ak the following event:

[lier, Py, o2 0ilz)

k.0,

Af £ #dﬂ (@ 8 M OF) < e
Px

—(I+Omeey

where d7 (e, gf;, Mes okz) denotes the prior supported on BnKL((g;‘, aji), €n;). By Ghosal and
van der Vaart (2007), Lemma 10), Pink) [Af] < e

> for every C > 0.

To prove the result of the theorem, we use the test approach which relies on the uniformly
exponential consistent test ¢, constructed in Lemma C.3. By this lemma, for k =0, 1 there
exists a test ¢, that satisfies:

2 2 2, 2
Q(nk) » e <e ”k(l —KM nkenk)_le KM ey, and
85O
o <1—¢n><e‘KM2""65k"z V(g 02) € Cuk X | o hH
807 k= ' "k "’ 2ny’

. ~1/2 s
such that |1 — oy /oy« | > jes and || ‘:‘k/ (8k —gZ)an > Mep,j,Vj e N (C.5)

("k)
k
{&ilizy, is the true model, Q;Z]f;g £ Tljiesy N Oilzisgr-0f /&) and Eg £ diagonal

for some &, > 0, where Q I—[{lelk}/\/(y,lz,,gk,ak*/é,) which, conditional on

G1s--28np), B1 £ diagonal(§,+1,---,6n)-

We now use the tests ¢p, and ¢, to upper bound the posterior of Bi(enk,n_l/ 2). For
this, we use the fact that, since 1, (y,-lgjf (@), aﬁ) = [N ilz; g;-‘, aﬁ/S;)Qa (&2 %. %) dé; for
j =0, 1, the true Lebesgue density can be written as a mixture of Normal distributions:

(no)  H(n1) .
/Qg O%*lelal Hga (Sl’ )d‘;‘,.

Fork=0,1:

<1

Es [ (BS (enpn ™ HXTO)] < B[ (BS (e 1/2)XTW) gy, ]

<1

+ Ei[m (B (Enn™ XY 1 ge] + Ea[r (B (eneon™ /HIX) (1= )14, ]
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—(KM2 l)nke 1
< | e [19a(55.5) dsit 5 —
(1—e —KnmM?e? )g 2’2 kfr%k
é’k GZ(y: [zi) n 5
ffsv(e,, vy Hiieny —ps oz 47 @k 8202 01)
+ E 0 (I=én )1 g, |
Dy, /p«
172

where to get the second inequality, we have used the first line in (C.5) with M = § - My /J

for J € N and &, 2 min;(Eg); ;- If M is sufficiently large to ensure that KM? -1 >
2 2

KMy —KMPney /2

5 and using the definition of Ay, we obtain
(1 _efKnkM

KM? /2, - <
Ylk)

E.[n (B (en,, n—l/Z) |X(nk))]

CKE MPme2 2 v
< fe KSm'”M"”"E"k/QJ)Hga<$i;§’§>déi+

2
iel; Cznkenk
2 (yilzi)
g O'
// "( 5 dr (@, gt o) (1 — )
BS (enon ™12 li€lk) Pl
(1+C)nk€
n(BKL«g o) €n))
Next, remark that
o KeminMankes, /(27%) [Tga (54. v K) dE;
) 1 2’ 2 1
iely
—KemnM2nie2, /@) (0/2)"2 021 ~Ein(0/2)
< e k km( min) e dEmin
2
—KegM2niel, /(21?) /+°° w/2)v/ V/2—1 —Emin(v/2)
< e q S a— min d. .
< ng . r(/2) ( m|n) e Emln
< 2" (KeqM3 [ 27)~log(no) (e, ) (C.6)

. . v Vv KMIZ nk Eil .
where, for g € (0,1/2), ¢4 is the g-quantile of a Ga 5.5+ Tk . Moreover, using the

2
result of Lemma C.1: n(B,IfL((g}k, Gﬁk), e,,j)) Ze "€ for k=0, 1, and by Fubini’s theorem

ey (KegMy | QD —en) 1 4 FCHDme

ilk
Cznke,%k

Ex [0 (BS (e, n /2 X)) < e
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f f / [T NGilzis o 8507 /6) (1 = g )dyidr (@, gjt Ak 07)
(enpon~ 12 I tiel)

_ )
S-0f

% [19a(8:5. 5) ds: (C.7)

iely

Set for k=0, 1 and forj € N:
N 2 1 Snken 1/2
By j = {(8k,07) € Cp i X ¢ ksMenj < 18" (8k — 8ks) ln < 2iMeny,

Jéo < |1 =0k/okx| < 2jes}

1 3
and Gy 2 (81 0)) € Cok X [Tnk e "kﬂ 1k = 8kxln

> Mpéng, |1 — 01 /0| > M/ /1)
I 3pe2 ~1/2
c {(gk,a,f) € Cp ke X [%,e ”“"k} 18 (g — gDl

1
> £yl Muen, 11 = 0 /kel > Mo/ /).

thenBi(enk,n*‘”)g(%xﬂh)\( nkx[zi, e ])ngnand Gtn S Ujz Brj

1/2
for gm/in n

Bi(enk,nfl/z) in the sum of two integrals over the ranges (Gr x Ri)\

= JM and M //Mk = Jeo. Therefore, by decomposing the integral over

(Cn,k X [%ﬂk e3nk€ ]) and Gy , and by upper bounding (1 — ¢p,) by 1 over Gi\Cp k.

fork=0,1, we get:

// f (nk)2(1_¢nk)drr(0t gk,)\k,gk)l_[ga(él, )d&'
B (engon ~1/2) iely

Snkenk

@n)! o0
< 7 (Gk\Cn,k) f ~ ﬂ(ak)dak +7(Gr) ( /0 w(o})dof + / e, ™ O )dak)
=

// /Q("k) (1= ) (e i o) [ [ Ga (6 5. 5 ) dsi
iely

3nk€

~ oM/ s € oo
- Voo — 2
n Ze—szMznke,%k 1—[ Ga (E" i K)ds (C.8)
. . 1] 27 2 1Al
j=J iely

https://doi.org/10.1017/50266466622000019 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466622000019

NONPARAMETRIC BAYES ANALYSIS OF RD 527

where we have used Lemma E.2 to upper bound 7 (G¢\Cj, x), the concentration inequality
for sub-Gamma random variables to upper bound the integral over [0, %] (since (0 2

1/2

M,
min~ "

E[ak_ 2]) is sub-Gamma <2 ;20, o0 >) and the second inequality in (C.5) withJM =&

to control the term Q;"kfr » (1 = ¢y;). Using the same argument to get (C.6), we obtain
k

’

E[e X M 0] < 2 expl—nyel  (KcqM2 —en,)). By putting this, (C.7) and (C.8) together,

we get that for k =0, 1:

e (KegMi /1) —en) (1+CH+ Dy,

E.[7(BS (e, n 12 X)) < e te

Cznkerzlk

73nke

e

Voo — 2 ’

X( nke n/(25+1) ”kénkls()o 500 e*nkG (chM e,,k)>

which converges to zero for every My, K sufficiently large and every 0 < C < min{1, 89 —2}
suchthat 1 +C+1 < (25+1) which implies n > min{3,800}(25 4 1). This establishes the
statement of the theorem.

C.2.2. Proof of Theorem 2.2. For every n, denote X" £ (3™ (M) For given
mgp, m1 € N, define the functional spaces Gy, and Gy, as

Gino 2 {8y @03 8mg () = Bo@'w, 2 € {21, .. 2pg ot € R} C Lo(Pry)

gml é {gml (Z)v ng (Z) = B] (Z)/ﬂa Z€ {Zn()-i-l’ e 7Zn1 }7ﬂ € le } C L2(Pn1),

where P;,; has support 2% for j=0,1. Associated to each space (and then to each measure
Pp), define the linear functionals

Lz(n()) : gmo —-R

g e, moIB%_1 ZBO(Z:)E,'(Z;)I[Z, < 1],
i=1

LZ("I) ngl —R

IR -
g e BT — 3 BiGgGll = 1.
i=ng+1

where e; ; denotes the (i x 1) canonical vector with all components equal to zero but the
jth one, By £ i 9 Bo(z)Bo(z)'I[z; < 7] and By E e n0+]Bl(z,)B](z,) "1z

nl
7]. Therefore, for every 8mo € Gmy> &my € Gmy» ] = L np) &mo> and ﬂ[]] =
L ) 8my - The linear functionals L () and L L(ny) Can be written: Y¢o € Ly(Pp,) and
V(ﬁl € Ly(Pp),

| V

L g po = (@0 L0 )Py Ly @1 = {01, 6,01))P,, >
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where forj=0,1, (-,-) Py, (resp. || - Iln;) denotes the scalar product (resp. the induced norm)
in Ly (Py;) and '

€00 (5) Z €}y o Bo ' Bo@I[z < 7] € Ly (Pry).
Lo () 2 €}, (BT BI@I[z> 7] € Ly(Pry).

Therefore, by the Riesz theorem, ||Lz(n0) II%0 = IIEZ<n0) II%0 = emo moBO emg,my and

2 2 -1 ..
”Lz("l) Iz = Mz(”l) Iz, = e;nl, 1By €my,1- By the definition of Bj(z), j = 0, 1, there exists
a constant ¢; > 0 such that ||€Z(n_,v) lln; < ¢j < oo for every n;.

Since |ATE — ATE*| £ B _“[mo])_(ﬁrl] _armo]) = |/3[1] - B’[“I]| + 12 g] —
w[kmo]l it holds that (by denoting with ¥ the event {|1 — 0}/0jx| > My / /7 for j =0,1})

7 | |ATE — ATE*| > My yén, |1 = 0j/0js| = Mu/ /nj for j=0,1| X"

A

=X
< H > Minén | yom
< |‘B[1]_ﬁ[l]|+|a[m0] [m0]| >M1 n€n, X, |ﬂ[1] ﬂ[l] 5 X
* * * Ml nén | o (n)
7\ 18111~ B 1 o] = | = Man€n 1By =Byl < —— | X7 )

(C9)

We analyze the two terms in the right-hand side of (C.9) separately by starting from the first
one. Since for two events A and B, (AN B|X (”)) <n(BIX (”)) and using the independence
of the posterior of (ag) and (ﬂ[l],af) we get:

n x<">>

M n
T <|.3[1] _.BTI]H— |Ot[m0] _armo]l > My pén, 2:,|.B[1] _.B>[k11| > —Lntn

X<">>

My, nen

< (E,Iﬂ[l] ﬂ[1]| =

Ml, €n o] M
7 (Ll 1 gmy — 8 Mlln = 2 |1 = ZL| > 22 ) )
’ 2 O1x% /nj

(C.10)

which converges to zero in Pi"l)-probability by the result of Theorem 2.1 with M, =
M, ,/(2c1) and where we have used IILZ(n]> lln; < c1 < oo. We now analyze the second

term on the right-hand side of (C.9). Using the independence of the posterior of (a [mo]’ ag)
and (,3[1],012) we get:

M
1 (18101~ By 1+ ) — g = M 2181y — By <

Ml,nfn % % Ml,nfn
S7T< 2 +|a[m0]—a[m0]|2M1,nen, 2,|ﬁ[1]—ﬂ[1]|< )
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=7 (|“[m01 gz 5 ‘1‘ |2 W X“"”)
ﬂ(lﬂ[] 13[1]|<M l—a—bk X(”'))
<1
< (|Lz<n0>(gmo — gl = L ‘1 - ;)0* M/ /i X("0)>
<m (nLZ(nO) 1l (8mo — Zug) 1 = % 1- :TO n; X<"°>>,

(C.11)

where we have used the independence of the posterior of (e mo)» O'g) and (B ,012) to get the
second inequality. By the result of Theorem 2.1 with My, = M ,,/(2cp), (C.11) converges

to zero in P(n")

theorem.

-probability. By putting together (C.9)—(C.11), we get the statement of the

C.3. Proofs for Section 4

C.3.1. Proof of Theorem 4.2.  For every n, denote XU £ (y(0) x) (1)) For given
mg,my € N and for every s € {c,n}, let ag 2 al[s = c] +anl[s =n], « € R", a, € R"n,
and Vz: Bogs(2) = Boo(2)I[s = c] +Boo, n (2)I[s = n], with Boo (z) € R0 and By, (z) € R".
For given mgy, my,mg,my € N, define the following functional spaces

Gmo,my = [8mo,mn (s, 0,0n) = Bos(2) ats < {c,n} x 299 > R, @ € R, € R™ l

Hl>

[gmn (ziotn) = B0 n(2) otn i 210 = R,y € R™ }
o 2 {8ma @ B) = Bota(@) B 201 — R B, € R™ ),

gmy.my (5.2, Ba) =B152) By : {c.a} xz11 —> R, B e R™, B, € R™a }

Hl>

(1>

gml s Mg

where for every s € {c,a}, By = BI[s = c]+ B I[s = a], B € R™, B, € R™, and
Bi5(2) = B11([s = c] + B11,4(2)[s = a], with By (z) € R™, ¥z, and By 4(z) € R™,
Vz. Moreover, for m £ (mq, mp,mg,mp) define

Fm é{f(s, 7) = (gmo,mrv (8, 2)[s € {c,n}] + gm, DI[s = a])][z < 1]
+ (gml,ma (8,2)I[s € {c,a}] + gm, I[s = n])[[z > 1), my, m, (5,2)
S gmo,mnagma (2) € Grng»&my,ma (5:2) € Gy, mgs 8my € gmn}

and for every sequence s, Fi C Lp(Pn,s) Where Py g has support (s1,21), - .., (Sngg>Zngg)

(1, Zngy1)s - -+ (0 Ziagg)s (@5 Ziagg4-1)s + -+ (@ Zingy )5 (Siagy 415 Ziagy +1)5 -« - » (Sns Zn)- Associated
to every sequence s, we also define two linear functionals: Log : Fr — R and Ly :
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Fm — Ras
1 n
Logf = €o moBoo. . > " BooGf (sinz)lsi = cll[z; < 7]
i=1

;o Hlisi=czi<t)o g 2im1 Boo@)gmo,m, (sivz)[si = [z < 7]
= €mo, mg n IB2)()0 ﬁ{ L — .
i;si=c¢2zi <T}

’

Ll
Ligf €}, B} - > B Gsizsi = iz = 7]
i=1
o Hisi=ez =y p g Xy BuGogmm, (i z)llsi = cllzi = 7]
mi, 1 n 1 glissi =c.z; > 7}

=e s
where e; j denotes the (i x 1) canonical vector with all components equal to zero but the jth
one, B £ 1 3| Boo(z)Boo (i) I[si = cll[zi < ] = Pn.sBoo(zi)Boo () I[si = cll[z; <
r]and By 2 %Z?lell(zi)B“(z,-)/l[zi = c]l[z; > t]. Therefore, for every f € Fy, and
every sequence §, &, 1 = Logf and ﬂ[ 1= Lysf. The linear functionals Lyg and Ly can be
written: Vo € L (Pp,s), Los¢ = (¢.Los) P, ;- L1s@ = (¢, L1s) P, - Where for every sequence
s, () Pps (resp. || - ln,s) denotes the scalar product (resp. the induced norm) in Ly (P, s)
and

C05(5.2) 2 €}y Bog Boo (@[5 = clifz < ),
Cig(s,2) 2 €, BBl @f (5, 91[s = iz > ].

Therefore, by the Riesz theorem, for j = 0,1, [Lsl2 ¢ = [1€;sl2 ¢ and [[€ol2 ¢ =

—1 -1
o moBog €mo.molls = Mz < 7], lslla 5 = ¢, 1B1y emp11ls = [z = 7]. By the
definition of Bjj(z), j = 0,1, there exists a constant ¢; > 0 such that [|€js]ln,s < ¢j < oo for
every n and for every s.

. A

Since |CATE — CATE®| = (B} = fugp) = (Bfy) = @) | = 111 = Byl + @]
“>[kmo]| it holds that (by denoting with X the event {|1 — 0j/0j| > My/J/nforj =
0,1,0n,1a})

7 (ICATE — CATE*| = M e, | X))
<n (Iﬂm —ﬂ’[k1]|+ 1[0 —ozE‘mO]| > My pen, E)){(ﬂ))
=7 (Vs,er Fm: \Lis(f =)+ |Los (f =) = My pen, E|X(n))

< (V5.¥ € Fns (Maglhns +Lasllns) 1f =F*llns = M nen, 2|X®). (C12)

Remark that Vf € Fpp, for f* € F, and for every givens = (sg’,s1)’ withsg = (sq, ... 181100
A
§1 = (Sﬁ01+1, ...,Sn):

2
If=f*las <

1 . * N2 . )2 * (z: * - 7))2
" Z 2(80s, () — 805, (i)™ +4(8mog,my, (8i-2i) — 80s; (2))” +4(80y, (2i) — &g, m,, (5i-2i))
iely
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1
Y Y[ —gF @) + ey @) — g@) 4] @) — g i)
jetom1a) " iel;

1
= Y (206100 — 81y, @) + 4, (517 — 81

i€l
(8T, @) — Gy, 51027
=20fs —fEIn+4If —Fsln s +4UE —FFn s (C.13)

where fg (resp. fy) is defined in (C.3) (resp. for the true value of the parameters)
and remark that f* € Fy;. Remark that the second term in the right-hand side of
(C.13) has zero prior mass and, under the assumption of the theorem ||fy — f*[lns <
Cz(min{mo,ml,mon,mla})_‘s. By plugging this in (C.12), we get:

. ( ICATE — CATE*| > M) e5, 3| X("))

< (Vs,Vf e F; Ifs —f1112

v
Y.

Mici 2 25
m —4C3 (min{mo, my, mop,miaH > |, X
0+ci

) 53 Mlzn 2
= | Vs, Vf eF; — > = ———-4C5), 2
f ”.fs fs ”n 2 (C’0+C1)2 2

x<">) , (C.14)

where we have set mq =< my < mg, <X my, < (n/ Iog(n))l/(25+1) to get the last line. If M ,
2

. M 1,n 2
is large enough such that Teote? 2C5 >0, thenz(C. 14) converges to zero by Theorem

. . : M n
F.1 in the Supplementary Appendix with M,, < m - 2C§.

C.4. Technical Lemmas

The proof of the lemmas in this section is provided in Section E of the Online Supplementary
Appendix.

LEMMA C.1. Assume the conditions of Theorem 2.1 hold. Then, for k =0, 1 there exists
a N > 0 such that Vni > N and Ve, > 0:

7 (BEL((gf. o) en) 2 exp | —mier, |

LEMMA C.2. Assume the conditions of Theorem 2.1 hold. Then, for k =0, 1 the sequence
of measurable sets Cy, i defined in (C.2) satisfies

7(Gi\Cn, k) S exp {—nkeﬁk ﬁ } ; (C.15)

where 1 is defined in Theorem 2.1.
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LEMMA C.3 (Testing). For each k = 0,1, let qs = (gz,akz*) and Eg, (resp.
Eg,) denote the expectation taken with respect to the distribution N (g;:,okz*) (resp.
N (gk, Ukz)). For each k = 0,1, there exists a test ¢y, such that for some K,M > 0 and

V¢ e N:
—(M2K—1)nye?
e "k —M2Ktnye?
Eq.bn < ————5—5 sup Eg(1—¢p) <e ke
—M2Knye? Py
l—e "k G=gk-07)EAn k¢
(C.16)

~1/2 nye2
where -An,k,(f £ {8k € Cnis ”Qk/ (8k — g;;)”nk > €Mep} ¥ {Ukze |:27!k7 y nk];

11— 0k /0ks| > Leg} for some &5 > 0, Bg = diagonal(éy,...,&n,), 81 = diagonal

Gng415----6n) and {&;}; are the latent variables in the mixture representation of the
student-t distribution.

Supplementary Material

To view the supplementary material for this article, please visit:
https://doi.org/10.1017/S0266466622000019.
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