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In observational studies, the causal effect of a treatment on the
distribution of outcomes is of interest beyond the average treatment
effect. Instrumental variable methods allow for causal inference by
controlling for unmeasured confounding. The existing nonparametric
method for estimating the effect of the treatment on the distribution
of outcomes for compliers has several drawbacks, such as producing
estimates that violate the non-decreasing and non-negative proper-
ties of cumulative distribution functions. In this paper, we propose
a novel nonparametric composite likelihood approach, referred to as
the binomial likelihood (BL) method, which overcomes the limitations
of the previous techniques and utilizes the advantage of likelihood
methods. We show the consistency of the mazimum binomial like-
lihood (MBL) estimators and derive their asymptotic distributions.
Next, we develop a computationally efficient algorithm for comput-
ing the MBL estimates by combining the expectation-maximization
(EM) and the pool-adjacent-violators algorithms (PAVA). Moreover,
the BL method can be used to construct a binomial likelihood-ratio
test (BLRT) for the null hypothesis of no distributional treatment
effect. Asymptotic expansion of the BLRT test is derived and the
performance of the BL, method is demonstrated in simulation stud-
ies. Finally, we apply our method to a study of the effect of Vietnam
veteran status on the distribution of civilian annual earnings.

1. Introduction. Randomized experiments are the gold standard for assessing the
effect of a treatment but often it is not practical or ethical to randomly assign a treat-
ment itself. However, in some settings, an encouragement to take the treatment can be
randomized (Holland, 1988). In other settings, no randomization is possible but there may
be a “natural experiment” such that some people are encouraged to receive the treatment
compared to others in a way that is effectively random (Angrist and Krueger, 2001). For
both of these settings, the instrumental variable (IV) method can be used to estimate the
causal effect of a treatment (Holland, 1988; Angrist, Imbens and Rubin, 1996). The IV
method is a method that controls for unmeasured confounders to make causal inferences
about the effect of a treatment. An IV is informally a variable that affects the treatment
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but is independent of unmeasured confounders and only affects the outcome through af-
fecting the treatment (see Section 2.1 for a more precise definition). Under a monotonicity
assumption that the encouraging level of the IV never causes someone not to take the
treatment, the IV method identifies the treatment effect for compliers, those subjects who
would take the treatment if they received the encouraging level of the IV but would not
take the treatment if they did not receive the encouraging level (Angrist, Imbens and Ru-
bin, 1996). For several discussions of the IV method, see Abadie (2003), Angrist, Imbens
and Rubin (1996), Baiocchi, Cheng and Small (2014), Brookhart and Schneeweiss (2007),
Cheng, Qin and Zhang (2009), Hernan and Robins (2006), Ogburn, Rotnitzky and Robins
(2015) and Tan (2006).

Much of the literature on the treatment effect in instrumental variable models has focused
on estimating the average treatment effect for compliers. However, understanding the effect
of the treatment on the whole distribution of outcomes for the compliers, the distributional
treatment effect for compliers, is important for optimal individual decision-making and
for social welfare comparisons. Optimal individual decision-making requires computing the
expected utility of the treatments which requires knowing the whole distribution of the
outcomes under the treatments being compared rather than just the average outcomes
when the utility function is nonlinear (Karni, 2009). Social welfare comparisons require
integration of utility functions under the distribution of the outcome (say income), which
again requires knowing the effect of the treatment on the whole distribution of outcomes
(Abadie, 2002; Atkinson, 1970).

Abadie (2002) developed a nonparametric method for estimating the effect of treatment
on the cumulative distribution functions (CDFs) of the outcomes based on expanding the
conventional IV approach described in Imbens and Angrist (1994). These are essentially
plug-in estimates of the CDFs of the compliers. However, these estimates are not ‘proper’
CDFs, because they violate the monotonicity or the non-negativity conditions of CDF's. In
this paper, we develop a new nonparametric likelihood-based approach for estimating the
CDFs of the compliers, that enforces the estimated CDFs to be non-decreasing and non-
negative, and then construct a likelihood-ratio type test statistic for the null hypothesis of
no distributional treatment effect.

1.1. Summary of results. Nonparametric likelihood methods have been shown to have
appealing properties in many settings such as providing nonparametric inferences that
inherit some of the attractive properties of parametric likelihood (for example, automatic
determination of the shape of confidence regions) and straightforward interpretation of side
information expressed through constraints (Owen, 2001). However, the usual empirical
likelihood approach does not work for the IV model because there are infinitely many
solutions that maximize the likelihood. In this case, the usual nonparametric likelihood
method fails to produce a meaningful estimator (Geman and Hwang, 1982). We illustrate
this problem with an example in Section 2.3.

To circumvent this problem, we propose a novel nonparametric likelihood approach,



NONPARAMETRIC INFERENCE IN IV MODELS 3

which builds on the fact that the plug-in estimates identify the CDFs for the compli-
ers at any given point based on a binomially distributed random variable, which counts
the number of outcomes that are less than or equal to the value at the given point. Our
nonparametric likelihood multiplies together the pieces of the likelihood contributed by
these binomial random variables. This is a composite or “pseudo” likelihood rather than
a true likelihood because the binomial random variables are actually dependent, but are
treated as independent in the composite likelihood. Composite likelihood has been found
useful in a range of areas including problems in geo-statistics, spatial extremes, space-time
models, clustered data, longitudinal data, time series and statistical genetics, see Lindsay
(1988), Heagerty and Lele (1998), Varin, Reid and Firth (2011) and Larribe and Fearnhead
(2011). We call this composite nonparametric likelihood method, the binomial likelihood
(BL) method because it maximizes the average of the likelihood of the binomial random
variables at each point across all observation points. The maximum binomial likelihood
(MBL) estimates are obtained by maximizing the BL under the monotonicity and non-
negativity constraints. We derive the asymptotic properties of the MBL estimates, develop
efficient algorithms for computing them, construct new tests for detecting distributional ef-
fects, and evaluate their performances on real and synthetic data sets. The results obtained
are summarized below.

(1) We show that the MBL estimates are consistent and derive their asymptotic distri-
bution. In fact, the plug-in estimates and the MBL estimates asymptotically have
the same mean squared error (Theorem 3.2), and, hence, have the same limiting dis-
tribution. This makes the BL method useful both in theory and practice: it gives
‘proper’ estimates of the CDF's of compliers (satisfying the monotonicity and non-
decreasing conditions), while preserving the desirable asymptotic properties of the
plug-in estimates.

(2) We develop a computationally efficient algorithm for finding the MBL estimates (Sec-
tion 4) by combining the expectation-maximization (EM) and pool-adjacent-violators
algorithms (PAVA). The performance of the BL method is demonstrated in simulation
studies, which shows that the MBL estimators perform better than other estimators,
particularly when an IV is weak (weakly associated with the treatment).

(3) The BL method can be used to construct a binomial likelihood-ratio test (BLRT) for
the null hypothesis of no distributional treatment effect. We derive an asymptotic
expansion of the BLRT test (Theorem 6.1), relating it to the well-known Anderson-
Darling two-sample test statistic (Pettitt, 1976). Using this asymptotic expansion, we
derive a bootstrap procedure for implementing the BLRT test, and compare it with
previous methods. Our simulations show that the BLRT is much more powerful in
finite samples than tests which do not use the structure of the IV model (for example,
the two-sample Kolmogorov-Smirnov test of Abadie (2002)).

(4) We obtain the MBL estimates from a study of the effect of being a Vietnam War
veteran on future earnings, as studied by Angrist (1990) and Abadie (2002). To
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control for possible unmeasured confounders, Angrist (1990) proposed to use the
Vietnam era draft lottery as an IV. During the Vietnam era, men of military service
age were randomly assigned a draft lottery number and this draft lottery number was
used for prioritizing men for induction into the military. A low draft lottery number
makes a man more likely to serve, although some men with a low draft lottery number
did not have to serve (for example, if the person had an educational deferment or
failed a physical or mental aptitude test) and some men with a high draft lottery
number chose to voluntarily serve. Using the draft lottery number as an IV, we make
inferences about the distributional effect of Vietnam era military service on civilian
earnings in the late 1970s and early 1980s.

1.2. Organization. The rest of the article is organized as follows. Basic notation and
assumptions of the IV model are discussed in Section 2. We also discuss the existing plug-
in approach and the difficulty in applying the usual empirical likelihood to IV models.
In Section 3, we introduce the BL method and derive the asymptotic properties of the
MBL estimators. In Section 4, we develop an efficient algorithm for computing the MBL
estimates, and in Section 5, illustrate their performance in simulations. In Section 6, we
describe the BLRT for detecting distribution treatment effects, study its asymptotic prop-
erties, and compare its performance with other methods in numerical experiments. The
MBL method and the BLRT test are applied to the veterans data in Section 7. Section 8
concludes our findings. Proofs of the results are given in Appendix.

2. Framework and review. In this section the framework of instrumental variable
(IV) model is introduced and the existing methods are briefly reviewed. Notation and iden-
tification assumptions are discussed in Section 2.1. The existing approach of Abadie (2002)
for estimating the distributional treatment effect in IV models is reviewed, and the short-
comings of this method are addressed, in Section 2.2. The drawback of the usual empirical
likelihood approach for the IV models is discussed in Section 2.3. This, together with the
discussion in Section 2.2, motivates our new approach of constructing the nonparametric
binomial likelihood that will be introduced in Section 3.

2.1. Notation and assumptions. Let the subjects in the observational study be indexed
by [n] := {1,2,...,n}. For a € [n], Z, denotes the binary instrumental variable, D,
the indicator variable for whether the subject a receives the treatment or not, and Y,
the outcome variable, which, for this paper, will be assumed to be continuous. Using the
potential outcome framework (Neyman, 1990; Rubin, 1974), define D, (0) as the value that
D, would be if Z, were to be set to 0, and D,(1) as the value that D, would be if Z, were
to be set to 1. Similarly, Y(z,d) for (z,d) € {(0,0),(0,1),(1,0),(1,1)}, is the value that
the outcome Y, would be if Z, = z and D, = d. For each subject a € [n], the analyst can
only observe one of the two potential values D,(0) and D, (1), and one of the four potential
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TABLE 1
Compliance classes by the potential outcomes D1(0) and D1(1)
D1(0) =0 Di(0) =1
Dy1(1) =0 Never-takers Defiers
Di(1)=1 Compliers ~ Always-takers

values Y,(0,0),Y,(0,1),Ya(1,0),Y,(1,1). The observed treatment D, is
D, =Z,D,(1) + (1 — Z;)Dy(0).

Similarly, the observed outcome Y, can be expressed as Y, = Z,D, - Y,(1,1)+ Z,(1— D,) -
Yo(1,0)+ (1 — Z,) Dy - Y, (0,1) + (1 — Zy)(1 — Dy) - Y4(0,0). A subject’s compliance class is
determined by the combination of the potential treatment values D,(0) and D,(1), which
is denoted by S,: S, = always-taker (at) if D,(0) = D,(1) = 1; S, = never-taker (nt) if
Dy (0) = Dy(1) = 0; Sq = complier (co) if Dg(0) = 0,D4(1) = 1; and S, = defier (de) if
D, (0) =1,Dy(1) = 0. This is summarized in Table 1.

For the rest of this article, the following standard identifying conditions are assumed. The
implications of these conditions are briefly explained in the paragraph below, see Angrist,
Imbens and Rubin (1996) for more details on these assumptions.

ASSUMPTION 1. Hereafter, the following identification conditions will be imposed on
the IV model:

(1) Stable Unit Treatment Value Assumption (SUTVA) (Rubin, 1986): The outcome
(treatment) for the individual a € [n] is not affected by the values of the treatment
or instrument (instrument) for other individuals and the outcome (treatment) does
not depend on the way the treatment or instrument (instrument) is administered.

(2) The instrumental variable Z, is independent of the potential outcomes Yq(z,d) and
potential treatment Dy(z).

Za 1L (Y4(0,0),Y,(0,1),Y,(1,0),Y,(1,1), D,(0), Dy(1))

(3) Nonzero average causal effect of Z, on Dg: P(Dg(1) = 1) > P(D,(0) = 1).
(4) Monotonicity: Dq(1) > D4 (0).
(5) Ezxclusion restriction: Y,(0,d) = Y, (1,d), for d =0 or 1.

Assumption 1 enables the causal effect of the treatment for the subpopulation of the
compliers to be identified. The SUTVA allows us to use the notation Y, (z,d) (or Dy(z2)),
which means that the outcome (treatment) for individual a is not affected by the values
of the treatment and instrument (instrument) for other individuals. Condition (2) will
be satisfied if Z, is randomized. Condition (3) requires Z, to have some effect on the
average probability of treatment. Condition (4), the monotonicity assumption, means that
the possibility of D,(0) = 1, D,(1) = 0 is excluded, that is, there are no defiers (see Table
1). Condition (5) assures that any effect of Z, on Y, must be through an effect of Z, on D,.
Under this assumption, the potential outcome can be written as Y (d), instead of Y, (z,d).
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2.1.1. The outcome CDFs of the compliance classes. Define the outcome CDF's of com-
pliers without treatment, never-takers, compliers with treatment, and always-takers respec-
tively:

F(t) = E(1{Y1(0) < t}|D1(1) = 1, D1(0) = 0),

Foi(t) = E(1{Y1(0) < #}[D1(1) = 0, D1(0) = 0),

F3)(t) = E(1{Y1(1) < t}[Di(1) = 1, D1(0) = 0),

Fu(t) = E(1{Y1(1) < t}[Di(1) = 1, D1(0) = 1) (2.1)

Denote F(t) = (F§2) (t),Fnt(t),Fc(;)(t),Fat(t)), the vector of the above CDFs. Under As-
sumption 1, these distributions are identified such as

F(O)(t) =P(Y; < t|Z; = 0,8 = co),
(t) P(Y < t|Zl =0,5 = nt),
ED (@) =P(Y1 < t|Z) = 1,5 = co),
(t) P( < t’Zl = 1, Sl = at). (22)
Next, for u,v € {0, 1}, define
Fuv(t) = ]P)(Yl S t|Z1 = u, D1 = ’U). (23)
Note that
Foo(t) =P(Y1 <t[Z1 =0,D1 =0)
. P(Yi <t,Z1=0,D1=0,5 :CO)—i-]P)(l/l <t,Z1=0,D1=0,5 :nt)
N P(Z, =0,D; =0)
= MP(Y1 <t|Z1 =0,51 = co) + (1 — X\o)P(Y1 < t|Z1 = 0,51 = nt)
= MFS (1) + (1= Xo) Fur(2). (2.4)

where A\g = P(S1 = co|Z; = 0, D1 = 0). Similarly, it follows that Fy;(t) = Fa(t), Fio(t) =
Fnt(t)7 and

Fui(t) = MEG) () + (1= M) Far (D). (2.5)

where )\1 = P(Sl = CO’Zl = 1,D1 = 1)
Next, consider the (unknown) proportions of compliance classes ¢ = (¢nt, ¢at), where

Gat = P(S1 = at), ¢pe = P(S1 = nt), ¢co = P(S1 = co), (2.6)

with ¢eo + ¢at + dnt = 1. For u,v € {0,1}, define ny, = > o 1{Z, = u, Dy = v}. Then
limy, 00 N/ — P(Z1 = u, D1 = v) := Ny, for all u,v € {0,1}. From Assumption 1,

n00 = ¢0(Gco + Pnt)s M1 = P0Dat, Mo = GP1Pnt, M1 = G1(Peo + Pat) (2.7)



NONPARAMETRIC INFERENCE IN IV MODELS 7
where ¢pg =P(Z; =0) and ¢ = 1 — ¢9 = P(Z; = 1). Moreover,
(bCO ¢CO

e =
¢co + ¢nt ! ¢co + ¢at

Finally, let H = nooFoo + 101F01 + moFio + ni1F11, be the mixture distribution of the
{Fuv uwefo,13- Note that in the IV model, data from the outcome variable Y1,Ys,...,Y,
are i.i.d. from H.

Ao = (2.8)

2.1.2. Parameter space. As discussed above, the IV model has three sets of parameters
(F, ¢, ¢1): the vector of outcome CDFs F(t) = (Fc(g) (t), Fre(t), Fc(,})(t),Fat(t)) (defined in
(2.1)), the proportion of the compliance classes ¢ (2.6), and ¢, = P(Z; = 1).

In this section, we define the various spaces associated with these parameters. To this
end, denote by R® and [0,1]® the sets of all functions from R — R and R — [0,1],
respectively. Let the set of all non-decreasing functions from R — [0,1] be 1([0, 1]¥), and
the set of distribution functions from R — [0,1] be P([0,1]®). Define the unrestricted
parameter space

9 = {09,001, 0%0),001) : 09,001, 60 61 € R¥}. (2.9)
The restricted parameter space is the subset of ¥ where each 0£2), O, 9((;,13), 04 1s a distri-
bution function. Formally,

95 = {09,000 08), 001) 09,001, 00, 601 € P(0,1%) } . (2.10)

For the parameters ¢ = (Pat, Ont), With ¢eo = 1 — gt — e, the unrestricted parameter
space is R?, and the restricted parameter space is [0, 1]2 := {(z,y) € [0,1]*: 0 < z+y < 1}.
Finally, for the parameter ¢ = P(Z; = 1), the parameter space is [0, 1]. Therefore, the
complete parameter spaces for the IV model are the following:

— the unrestricted parameter space is 9 x R? x [0, 1],
~ the restricted parameter space is 94 x [0,1]% x [0, 1].

2.2. Review of the existing nonparametric method. In this section we recall the existing
method of estimating (F', ¢, ¢1). To begin with, note that ¢y and ¢; can be easily estimated
from the sample proportions as qﬁo W and gbl =1- gbo Similarly, 100, 701, 710, M1,
and hence ¢co, Gat, Pnt, can be estimated directly from the sample proportions as follows:

/
v Y’ n01 110
= ) = ; , 2.11
¢ = (Pat: Ont) (noo +no1 nio + n11> (211)
and qzuﬁco =1- gzuﬁat — quﬁm. These estimators will be referred to as the plug-in estimators for
the compliance classes. The plug-in estimators are consistent and asymptotically Gaussian
around their true values, however, in finite samples, it has the following drawback:
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— The plug-in estimator giu)co can be negative in the sample (whenever nginig < ngonii).
To make it non-negative, we can truncate it to zero whenever gzvﬁco is negative, but, then
gz\gw, gzubat, (;ubat do not add up to 1. Our BL method, proposed in Section 3, addresses
this issue, by providing the MBL estimators gZ;co, q@at, gﬁat which are non-negative and
add up to 1.

To estimate the outcome CDF's of the compliance classes, Abadie (2002) used the fol-
lowing formulas for the CDF's of the potential outcome for compliers under treatment and
control, which holds under Assumptions 1:

E(1{Y; < t}D1|Z; = 1) — E(1{Y; < t}D1|Z; = 0)

1)) =
Foo' (1) E(D\|Z1 = 1) —E(Di1|Z, = 0) !

(2.12)

and

CEQ{Y: < t}(1- Dy)|Z = 1) — E(1{Y; < t}(1 - Dy)|Z; = 0)
0= ga-pya=y-sa-bla=o W)

Abadie (2002) proposed substituting the sample means for the expectation in (2.12) and
(2.13), which gives

eo + Gnt) Foo(t) — dnF10(t) F () = (Geo + Pat) Fr1(t) — GarFor(t)
q\;CO ’ “ (500

where quco, giv)nt, gzat are the plug-in estimators of the proportions of the compliance classes
(2.11), and, for u,v € {0,1},

FO(r) = | . (2.14)

n
Fu(t) = —> 1{Zy=u,Ds =v,Ya < t}, (2.15)

is the empirical distribution of (2.3) based on the observed data. The plug-in estimators
in (2.14) can be written as

_ Foo(t) - (- Xo)Fio(t) FO (1) = Fu(t) = (1= M)Fou(t)
)\0 Y co X ?

EO¢
(t) %

co

where Ao = Geo/(eo + Ont) and A\j = deo/ (deo + dar) are the plug-in estimators of A and
A1 respectively. Other CDFs such as F; and Fj; are equal to the empirical distributions
Fat .= Fo; and Fnt := F1o. Finally, we create a vector of those nonparametric plug-in
estimators of the outcome CDFs,

9]

F(t) = (Fc(g) (t)v Fnt(t)7 Fc(ol) (t)a Fat(t»/' (216)

There are three problems with the nonparametric plug-in estimators which this paper
seeks to improve:
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TABLE 2
The structure of the data for the single consent design
Zao Dg Compliance Classes Distribution Count
0 0 Never-Takers/Compliers without treatment A0F§2) + (1= Xo)Funt 100
1 0 Never-Takers Fr n1o
1 1 Compliers with treatment ch ) ni1

(1) The plug-in estimators £ (t) and FY (t) always violate the non-decreasing condition
of CDFs.

(2) The plug-in estimators may produce estimates which are outside of the interval [0,1].
This is called the wviolation of non-negativeness.

(3) Finally, the plug-in estimators can be highly unstable in the weak instrument setting
(meaning that the IV is only weakly associated with the treatment so that there are
a small proportion of compliers) because the denominators of both equations (2.12)
and (2.13) depend on the proportion of compliers in the entire population.

The three problems arise at the same time when the IV is weak or the sample size is
relatively small. The maximum binomial likelihood (MBL) method proposed in Section 3
overcomes these issues and has the appealing properties of likelihood methods.

2.3. Failure of usual nonparametric likelihood methods for the IV model. Usual non-
parametric likelihood methods, when they are applied to the IV model, are to maximize the
likelihood under Assumptions 1 and the assumption that the data is independent and iden-
tically distributed. No further assumptions about the distribution of the data are needed
(see Owen (2001) for a general discussion of nonparametric maximum likelihood). To see
that usual nonparametric likelihood methods do not work well for the IV model, we consider
the single consent design where the treatment is only available for encouraged subjects.
Consequently, there are only never-takers and compliers (Zelen, 1979), see Table 2. We also
assume that the proportion of compliers given Z, = 0, P(S, = co|Z, = 0,D, = 0) = Ay,
and the probability of being assigned to no encouragement, P(Z, = 0) = ¢y are known. We
will focus on estimating Fj,; and Fc(g ). The outcome distribution of compliers with treat-
ment Féol) can be identified from the data Y,|Z, = 1, D, = 1. Moreover, since the data
Ya|Zy = 1, D, = 1 provide no information about the never-takers’ distribution or the com-
pliers without treatment distribution, we will ignore this part of the data in what follows.
As we ignore the data with Z, =1, D, = 1, Z, = 1 automatically implies Z, = 1, D, = 0.

Nonparametric maximum likelihood puts point masses at all observed values, Y, = y,
(Owen, 2001). Let dF,¢(ya) = ps and ch(,E’) (Ya) = qq. Then, the log-likelihood function (up
to an additive constant) is given by

n

e(p, Q) = Z [1{Za = 1} logpa + 1{Za = 0} log()‘(]% + (1 - )\O)pa)] .

a=1
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where p = (p1,...,0n),q = (q1,-..,qn) and n = ngy + n19. Now, we need to solve the
following optimization problem;

n n
maximize /{(p,q) subject to Zpa = Z ga = 1.
a=1 a=1

It is easy to see that the solution for this optimization problem is any set of (pg,qa),
a € [n]:={1,2,...,n} that satisfies the following condition:
1 1

- hen Zo =1, Aoga+ (1 — Ag)pa = ———— when Z, = 0.
Pa (1—>\0)(n10+noo)w H S 0da + ( 0)Pa n10+noowen ¢

(2.17)

Observe that there are infinitely many pairs of (p,q) which satisfy this condition: there
are 2n parameters to estimate, but there are only n equations in (2.17). To illustrate the
difficulties that arise, we consider a simple numerical example.

EXAMPLE 1. Suppose we have two observations (0.99, 1.99) with Z, = 1,D, = 0
(from F;), and three observations (1, 2, 5) with Z, = 0,D, = 0 (from the mixture of
)\OFC(B)—i—(l—)\O)Fnt with the known Ay = 1/3). Since we assume Ao = 1/3, we roughly expect
that two of the three subjects in the subpopulation Z, = D, = 0 are never-takers and one
is a complier. As the observations (0.99, 1.99) in the subpopulation Z, = 1, D, = 0 are from
F,, it seems natural to estimate that of the observations (1, 2, 5) in the subpopulation
Za =D, =0, 1 and 2 are never-takers (since they are close to our never-takers’ outcomes
0.99 and 1.99) and the observation 5 is a complier (that is, F(gg ) puts probability 1 on the
point mass 5). In other words, dF,; = (0.25,0.25,0.25,0.25,0) and dE = (0,0,0,0,1) on
(0.99, 1, 1.99, 2, 5) can be natural estimates. However, these estimates cannot be obtained
from equation (2.17) and in fact, one of infinitely many solutions to equation (2.17) is
dF, = (0.3,0,0.3,0.1,0.3) and dF = (0,0.6,0,0.4,0) on (0.99, 1, 1.99, 2, 5), which
are much different from the natural estimates. This results from the fact that the usual
nonparametric maximum likelihood approach ignores the closeness between the observed
data points. The only notion of closeness it considers between two distributions is their
probability of giving exactly the same value.

For settings in which usual nonparametric likelihood methods do not produce a unique
estimate, Bickel et al. (1993) discuss three modifications: the method of sieves, the method
of regularization (most commonly, penalized maximum likelihood) and regularized maxi-
mum likelihood method. However, Bickel et al. (1993) point out that all the three methods
bring in additional choices that have to be made. For example, for the method of regular-
ization, the tuning parameter and the penalty functional must be specified. The selection
of the tuning parameter requires additional procedures such as cross-validation. In this
paper, we would like to consider a nonparametric maximum likelihood method which takes
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advantage of the identifiability without introducing choice parameters. Our proposed ap-
proach automatically selects locations where it puts point masses when estimating the
distribution.

3. The binomial likelihood method. In this section we describe the MBL estima-
tion method in IV models and study its properties: The method is described in Section
3.1 starting with introducing the concept of the binomial likelihood. Then, the asymptotic
properties of the MBL estimators are discussed in Section 3.2. The performance of the
MBL estimation method is evaluated with simulations in Section 5.

3.1. Binomial likelihood in IV models. Define 8 : R — [0, 1]* such that
0(t) = (65 (1), 0t (1), 65) (1), 0 (1)),

co » Y co

where eﬁg), Ont, 9((;,1)), Oat : R — [0, 1] are functional variables representing the outcome CDFs
of compliers without treatment, never-takers, compliers with treatment, and always-takers,
respectively. Moreover, for u,v € {0, 1}, replacing F,,, by 6, in (2.3) to emphasize the fact
that it is a variable,

Ouo(t) = P(Y1 < t|Z1 = u, Dy = v). (3.1)

Next, define x = (Xnt, Xat) the variables corresponding to the proportions of never-takers
and always-takers. (The proportion of compliers is Xco = 1 — Xnt — Xat)- Finally, denote by v
the variable for the proportion of individuals receiving the instrument, that is, P(Z; = 1).

Denote the data D,, := ((Y1,Z1,D1), (Yo, Z2, D2),...,(Yn, Zn, Dy))'. For u,v € {0,1}
denote the event K¢, := {Z, = u, D, = v}. The probability P(K¢,) can be easily computed
in terms of the variables (x,v), as shown in (A.1). Then, given the data and u,v € {0, 1},
we can define a two-point binomial likelihood function for the data points (Y,, Y;) as follows:

P(Y, <Y,) on K§, and {Y, <Y}
L8 (0, x,0/Dn) = § P(Ya>Yy) on K&, and {Y, > Y3}

as

1 otherwise
P(K,) - 0un(Ys) on K¢ and {Y, <Y;}
=< P(Kg,) (1 —=0u(Yy)) on K2 and {Y,>Y,} , (3.2)
1 otherwise

where the last step uses (3.1) above. One natural way to obtain a composite likelihood for
the IV model, is to combine (3.2) over u,v € {0,1} and all pairs a,b € [n] := {1,2,...,n}.
This essentially gives us the binomial likelihood, which we formally describe below:

— For every b € [n], we combine (3.2) over u,v € {0,1} and a € [n] to get the likelihood
function at the point Y} as follows:

Ly, @, x.vDn) =[] [ L¥50.x.vIDy). (3.3)
a=1u,we{0,1}
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— Note that the contributions of the one-point likelihoods are, obviously, not indepen-
dent over b € [n]. Nevertheless, pretending they are independent, we can combine
the one-point likelihoods over b € [n], and obtain a ‘quasi-likelihood’ for IV model.
However, to avoid dealing with potentially vanishing probabilities in the boundary,
instead of taking the product over all b € [n], we take the product a over truncated
set. To this end, fix 0 < k < 1/2, and define the binomial likelihood (BL) function
for the IV model as:

Ln<07 X U‘Dn) = H LY(;,) (07 X U’Dn)a (3'4)
bely

where I,; := [[nk], [n(1—-k)]] and Y, is the r-th order statistic of the set {Y1,Ya,..., Yy},
for r € [n].

REMARK 3.1. Note that the one-point log-likelihood functions (3.3) blow up for the
extreme order statistics. To avoid technicalities arising from this, we define the BL function
(3.4) over the central order statistics, that is, for b € I,,. Throughout the paper, £ will be
any small fixed constant, and the asymptotics will be in the regime where the sample
size n grows to infinity, keeping x fixed. This estimates the CDF's of the compliance classes
accurately on the bulk of the support of H, the distribution function of the outcome variable
(see Theorem 3.2 for details). Hereafter, we omit dependence on & in the BL functions, for
notational brevity.

Given the binomial likelihood function (3.4), we obtain the estimates of (0, ¢, ¢1) by
maximizing it over their corresponding parameters spaces:

DEFINITION 3.1. The mazimum binomial likelihood (MBL) estimator of (8, ¢, ¢1) is
defined as:

(ﬁv(ﬁv le) ‘= arg max L(07X7U|Dn)v (35)
0619+7X€[071B_,¢€[0»1]

where 9 and [0, 1]+ are the restricted parameter spaces as defined in Section 2.1.2. Note
that (3.5) only defines F= (FC(S), Fm,ﬁc%),ﬁat)’ at the knots {Yv(b)}bejﬁ. To ensure (3.5) is
well-defined, we extend F between the knots by coordinate-wise right-continuous interpo-
lation, and extrapolating beyond the knots by to 0 and 1.

The intuitive rationale behind choosing the BL for estimating (F', ¢) is the following:
The nonparametric plug-in method uses equations (2.12) and (2.13) to estimate the CDF's
for compliers with and without treatment. The plug-in method identifies the CDFs for the
compliers at any given point using information on whether outcomes are less than or equal
to that point or not. The advantage of the binomial likelihood over the plug-in method
is that it ties together the information from equations (2.12) and (2.13), by averaging the
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likelihoods of these binomial random variables at each point (the one point likelihood-
functions) across all observed data points. In fact, maximizing the BL function over the
unrestricted parameter space ¥ x R? (recall (2.9)) gives the plug-in estimates (F, @) (see
Lemma A.1 in Appendix A.2). Therefore, to get estimates of (F, ¢) satisfying the non-
negative and non-decreasing constraints, it is natural to maximize the BL function over
the restricted space, as in Definition 3.1.

The full expression of the BL function is long and unwieldy. However, we can re-write
this in a compact and instructive form, by grouping and re-arranging the terms. Define the
following quantities:

(n) ((0) _ 1§ oo { B = Xeo  p0) Xnt
Too (055 0nts ) = log (1 at) T J(Foo(Yy), ——0 (Yipy) + —————
00 ( ! X) n lg;; n g( X t) ( OO( (b)) Xco +Xnt ( (b)) Xco + Xnt
n 1 110 =
Tl(g)(enta X) = n Z n {IOant + J(Flo(Y(b)),Hnt(Y(b)))} )
bel,
n 1 no -
Ty (Our2) = — > = {log Xar + T (For (V). 0 (Vi) }
bel,

n ]- n Enl co
T1(1)(9§¢1))7 Oat, X) = n Z % {log (1 — Xne) + J(Fn(Y(b)) Xiggtl))(y(b)) +

a
bel, ’ Xco + Xat Xco + Xat

where the function J(z,y) := zlogy + (1 — z)log(1 — y). Finally, define

M, (8, %) = Tes? (09,0, %) + T8 (Bt X) + TAP (Bats X) + TS (0, 00t x)- - (3.6)

With these definitions, we have the following proposition, which follows by direct sub-
stitution. The proof is given in Appendix A.2.

PROPOSITION 3.1.  Let (F, ¢, ¢1) be as defined in (3.5). Then

~ n10 + N1

1 = (3.7)

n

Moreover,

(F,¢) =arg  max _ M,(8,%), (3.8)
0c9 ,x€[0,1]2

where M, is as defined above in (3.6).

This proposition shows that the MBL estimate of ¢4 is the proportion of individuals with
instrument (that is, Z, = 1) in the observed sample. Furthermore, the MBL estimates
of F and ¢ can be obtained by maximizing the function M,, (defined above in (3.6)).
Hereafter, we refer to function M, as the sample binomial log-likelihood or the sample
objective function.

bus¥i) }.

. 9at(Y(b)))}a
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3.2. Theoretical results. In this section we discuss the asymptotic properties of the MBL
estimators (F, ¢), and how they compare with the plug-in estimators (F, ¢) (recall (2.14)
and (2.11)). We have the following assumption:

ASSUMPTION 2. Let ¢ = (¢nt, ¢at) be as defined (2.6) and F,,, for u,v € {0,1}, be as
in (2.4) and (2.5). Throughout the paper we assume the following:

(a) The proportion vector ¢ belongs to the interior of the parameter space [0, 1]2.
(b) The CDFs { Fyy}yvefo,1} are continuous, strictly increasing, and have the same support.
(c) There exists constants 0 < C7 < Cy < 0o such that

Cils —t| < |Fuu(s) — Fuu(t)| < Cols — ¢,
for all K C R compact, s,t € K, and u,v € {0,1}.

In particular, Assumption 2 holds whenever the functions { Fyu }4veq0,1} are differentiable
and the derivatives are uniformly bounded above and below, that is, C; < F), (t) < Cs, for
all t € K, and K C R compact. Under this assumption we show that the MBL estimators
and the plug-in estimators have mean squared error converging to zero, after rescaling by
v/n. Recall that H := Z%UE (0.1} Nuw Fup 18 the true population outcome distribution of the
outcome variable Y, and define J, = [H(x), H (1 — k)].

THEOREM 3.2. Fiz 0 < x < 1/2. Then the MBL estimators (F, ¢) (3.5) and the plug-in
estimators (F, @) (recall (2.14) and (2.11)), satisfy

LS IV B () ~ Fu)B = op(1), (39)

bely

and
/J WalF(t) — F@)}2dH = op(1), (3.10)

where the op(1) term goes to zero as n — co. Moreover, ||\/n(¢ — @)||3 = op(1).

The proof of Theorem 3.2 is given in Appendix B. The main technical step in the proof
is to show that the difference between the values of the objective function M, evaluated
at the MBL estimators (F', ¢») and at the plug-in estimators (F', ¢) is small, that is,

Mn(ﬁ‘a(ﬁ) - Mn(ﬁv ¢2) = OP(l/n)' (311)

To show this, we consider F := (FC‘B) (t),]*:'at(t),ﬁ'm(t),ﬁc(g) (t)) that is the least-square
projection of F' onto the space of distributions functions (see Definition B.1). This can
be computed using the PAVA algorithm (Appendix E.1), and the closed form expression
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for F is well-known, see, for instance, Robertson, Wright and Dykstra (1988). Then using
standard concentration inequalities, we can show that

~ 9 2 1
> (A — FS () = op(n™) (3.12)
belx

for w € {0,1}; this result might be of independent interest. The result of (3.12), together
with the definition of M, implies (3.11) (Proposition B.1). The proof of Theorem 3.2
can then be completed by a Taylor-series approximation of the objective function M,
(Lemma B.5). However, since the number of parameters grow with the sample size and
the proportion of the compliance classes are unknown, the remainder terms have to be
carefully analyzed.

As the plug-in estimators (F , é) are consistent estimators of (F, ¢), Theorem 3.2 implies
that the MBL estimators are also consistent, that is,

/J 1B (t) — F()|24H = op(1).

Moreover, the plug-in estimators and the MBL estimators have the same limiting distri-
bution, which can be derived using the Brownian bridge approximation of the empirical
distribution functions. This is derived in Corollary B.2 in Appendix B.3.

REMARK 3.2. The proof of Theorem 3.2 can be easily modified to show finite dimen-
sional convergence, that is, for every s > 1 and given ¢} < t3--- < tg,

(IVR(E (ta) = F(ta)]3)acts) = 0p(1).

This would imply that the finite dimensional distributions of the plug-in estimate process
Vn(F(t) — F(t)) and the MBL estimate process \/n(F(t) — F(t)) are asymptotically the
same. We present this result in terms of the mean-squared error as in (3.10), because it
emerges naturally from the asymptotics of the BL function, and can be directly applied to
the analysis of the binomial likelihood ratio test that is introduced in Section 6.

4. Computation of the MBL estimate. There are no closed form solutions to the
MBL estimators. However, they can be computed efficiently by using a combination of
the expectation-maximization (EM) algorithm and the pool-adjacent-violator algorithm
(PAVA). The procedure begins by computing the complete data binomial likelihood which
encodes the information of the unobserved compliance class membership. Then the com-
plete data binomial likelihood is maximized using the EM algorithm. However, since the
true parameters F'(Y(;))pes, need to satisfy the non-decreasing condition, the maximization
step in the EM algorithm is implemented using the PAVA algorithm, which enforces the
monotonicity condition. We call this combined algorithm the EM-PAVA algorithm.
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To begin with, we introduce the complete data D,, including the compliance class mem-
bership S, D,, := ((Y1, Z1, D1, S1), (Yo, Z2, D2, S3), ..., (Yn, Zn, Dy, Sp))'. The variable S,
is co if a is a complier. Similarly, S, = nt if a is a never-taker and S, = at if the subject a
is an always-taker.

Note that if Z, and S, are known, then D, is definitely determined, for example, if Z, = 0
and S, = co, then D, = 0. For u € {0,1}, denote the event Kj ; := {Z, = u,S, = s},
where s € {co,at,nt}. As in (3.2), given the complete data, we can define a two-point
complete likelihood function for the data points (Y;,Y}) as follows:

P(Y,<Y;) on K2, and {Y, <Yy}
fg}::s}zb(07 X7'U‘§n) == P(Ya > }/b) on K,Z"S and {Ya > }/1-7}
1 otherwise
P(KD ) -P(Yo <Y |Ki,) on K and {Y, <Y}
)-P(Y, > Yy |K2,) on K¢, and {Y, > Y} (4.1)
1 otherwise.

As in (3.4), this can be combined over a,b,u and s to get the complete binomial likelihood.

ZO.x.oD0 =[] TI TII V%0 x.vDn). (4.2)

bel,; a=1 se{co,at,nt} ue{0,1}
It is easy to see that

P(Ya S t|K;l,co) = H(U)

co

P(Yy <Ky ) = Onty, P(Ya <K 1) = Oar, (4.3)
and

V(1 — )Ty if 5 =co
P(Ky; ) =4 v"(1—v)"""xa ifs=at (4.4)
V(L —v) Ty if s = nt.

Using this (4.2) can be computed as function of 8, x, v, and, as in the proof of Proposition
3.1 (see Appendix A.2), the dependence on v in the complete data likelihood is separable,
that is,

log L(8, x,v|Dy) = £(v) + log L(0, x|Dy) (4.5)

where £(v) = |I;| {(noo + no1) log(1 — v) + (n19 + n11) log v}, and log L(0,x|Dy,) does not
depend on v. Hereafter, we will refer to log L(0,x|D,) as the complete data binomial
log-likelihood. This can now be used to devise a EM-type algorithm for computing the
MBL estimates: Initialize 8(q), X () to some random values that lie in the parameter space
¥4 x [0,1]%. Given the estimates 6(,,,), X(m) at the m-th step of the iteration, the (m+1)-th
step is as follows:
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— (Expectation Step) The expectation step of the (m + 1)-th iteration of the algorithm
is as follows: We denote the outputs of the m-th iteration as

5. . — (pl0 (1
a(m) - (oco,(m)’ Ontv(m)’ 000,(m)’ Oat:(m))

and X(m) = (Xnt,(m)> Xat,(m))- Given these outputs and the observed data D, =
((Y1,Z1,Dy), (Yo, Zo, Da), ..., (Yn, Zn, D)), the expected complete binomial log-likelihood
given D,, is

Qm(av X‘é(m)a )Z(m)) = Eé(m),i(m) (logf(e, X‘fn) | Dn) . (4'6)

This can be easily calculated (see Lemma E.1 in Appendix E.2.1 for details).
— (Mazimization Step) To begin with, define

(0(m+1)7 )A((m-i-l)) = arg GGIﬁi)éRz Qm (07 X‘e(m)a X(m)) (47)
Note that
50
_co,(m+1)
N ent, m+1
Oy = | o™
_co,(m+1)
eat,(m—i—l)
where 6" = (5(0) (Yip)) and similarly for 6 oY) and
y co,(m+1) co,(m+1)\" (b)) /b€ s Y nt,(m+1)> Yeo (m41)
aat,(m+1)-

Observe that (é(m+1), X(m+1)) is the unrestricted maximizer of @, (6, X]é(m), X(m))-
Hence, it can easily computed by solving the first-order conditions by taking the
gradient of the Q. (0, X|0(m), X (m)) With respect to (6(Y(s)))ser, and x, and equating
it to zero. The estimates can be found in Lemma E.3. Moreover, Lemma E.3 also

shows that x(™+1) = ()Z;TH), XELTH))’ is actually in the restricted space [0,1]%, that

is, ¥ {mHD 2 10 1) and 0 < Y 4+ XU < 1. This implies

(0(m+1)7 X(m—i—l)) = arg 0619{191(2)[(0,1]2 Qm (0, X’O(m% X(m))

- 0’ é m)» X m)): 4.8
argoeﬂgclgfé,uiQm( X16m)s X(m)) (4.8)

However, in general, é(m+1) ¢ 9, because é(m+1) may not satisfy the non-decreasing
condition of distribution functions. To ensure the monotonicity constraint we apply
the PAVA algorithm (refer to Appendix E.1 for more details on the PAVA algorithm)
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to the estimate 8(™) as follows:!
O+ 1) = PAVA,, Z"t (m+1) (4.9)

where the PAVA operation is applied coordinate-wise and the weight vector is wy,, 1) =
0 1 . . . .
(wgo?(mﬂ), Wt (m+1) 'wio?(mﬂ) , Wat (m41)) With weights as defined in (E.7) in Ap-

pendix E.2.2.

The following result shows that the output of the PAVA algorithm with the weights as
above, indeed maximize the expected complete data log-likelihood under the non-decreasing
condition:

PROPOSITION 4.1.  Let é(m) be as defined in (4.7). Then

ém 7Am = ar max m07 ém7Am7
(O(m+1) X(m+1)) geem,xe[o,l]iQ (0, x10(m)> X(m))

where é(m_H) is defined above in (4.9).

The proof of the above result is given in Appendix E.2.2. To summarize, the maxi-
mization step can be completed by using the following two step procedure: (1) obtain
(0(m+1)s X(m+1)) by maximizing Qy, (6, x|6 (1), X (m)) over the unrestricted parameter spaces

and (2) obtain (8,1 1), X(m+1)) by applying the PAVA to (8(,41), X(mt1))-
The entire expectation and maximization steps are repeated until the values converge.

5. Simulation. In this section we conduct a simulation study to evaluate the perfor-
mance of our proposed MBL estimation method. We consider three different methods to
estimate the outcome CDF's for compliers; the MBL method, the plug-in estimation method
described in Section 2.2 and a parametric normal mixture method of Imbens and Rubin
(1997). The parametric normal mixture model assumes that all outcome distributions for
compliance classes have normal distributions. Then, using the EM algorithm, it estimates
the means and the variances of the outcome distributions. Specifically, we consider two
simulation scenarios: (1) normal mixture models and (2) gamma mixture models.

Moreover, in each scenario, we consider two more factors that can affect the performance
of these three methods. First, we consider whether there is any effect of the treatment for

compliers, that is, whether the outcome distributions of Fc(g ) and FC(; ) are the same or not

'Recall that PAVA algorithm takes input a vector u = (u1,...,u,)" and an a weight vector w =
(w1,...,wy,) , and returns another vector PAVAy, () := (41, ..., 4,) which minimizes > 1", w;(u; — v;)?,
under the constraint that v; < wvg < --- < w,.
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TABLE 3
Normal Mixture. The average performance comparison between the MBL method, the plug-in method and
the parametric normal mixture method when the true distributions are normal; Lo dist. means the average
discrepancy from the true CDF.

MBL Plug-in Parametric
Causal
effect v Z Lo dist. SE Lo dist. SE Ly dist. SE
No Strong Z =0 0.0030 0.0028 0.0031 0.0029 0.0016 0.0023
No Strong Z =1 0.0030 0.0028 0.0031 0.0029 0.0016 0.0023
Some  Strong Z =0 0.0030 0.0030 0.0031 0.0031 0.0017  0.0026
Some Strong Z =1 0.0030 0.0028 0.0031 0.0029 0.0017  0.0025
No Weak Z=0 0.0287 0.0307 0.0951 0.7838 0.0182  0.0287
No Weak Z=1 0.0274 0.0312 0.0934 0.8526 0.0188  0.0312
Some Weak Z=0 0.0277 0.0288 0.0764 0.5993 0.0176  0.0269
Some Weak Z=1 0.0301 0.0343 0.0773 0.3546 0.0184 0.0272

the same. Second, we consider whether the IV is strong or weak. The strength of an IV
is how strongly the IV is associated with the treatment. One common definition of a weak
IV is that the first stage F-statistic when the treatment is regressed on the IV is less than
10 (Stock, Wright and Yogo, 2002). We consider a strong IV setting where the proportions
of subpopulations (co,nt,at) is (1/3, 1/3, 1/3) (average first stage F-statisticaz124) and
a weak IV setting where proportions of (co,nt,at) = (0.10,0.45,0.45) (average first stage
F-statisticx10).

Every simulation is repeated for 10,000 times with the sample size n = 1000, and the
performance of estimating the true CDF's is compared in terms of the average discrepancy,
where measurement of the discrepancy between the estimated and the true CDFs is defined
by Lo distance, that is, if the true CDF is F' and our estimated CDF is F, the Lo distance
is

Lo(F, F) = / (F(z) — F(z))2dF(x). (5.1)

EXAMPLE 2. (Normal Mixture) For the case that there is no causal effect of Z; on Y3
for the compliers we consider

FO = ) N(0,4%), Fp ~ N(2,4%), Fy ~ N(=2,42),

co co
and for the case that there is some effect of Z; on Y7 we consider
FO ~ N(1,4%), FY ~ N(=1,42), Foy ~ N(2,4%), Fy ~ N(—2,4%).

Table 3 shows simulation results for the normal mixture case. It is shown that the average
performance of the MBL method is better than that of the plug-in estimation method in all
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Fig 1: A simulation result for the MBL estimate and the plug-in estimate when the IV is
weak.

cases, and it is not much different from the average performance of the parametric normal
mixture method that assumes the correct parametric distributions. All three method are
greatly affected by the IV being weak. In particular, the plug-in method is more sensitive to
the IV being weak; the plug-in estimation method and the MBL method perform similarly
when the IV is strong but the MBL method is much better than the plug-in estimation
method when the IV is weak. Figure 1 shows the comparison between the plug-in estimate
and the MBL estimate when the IV is weak for a randomly selected simulation. Even
when n = 1000 is comparatively large, the plug-in estimate is significantly fluctuating. The
BL estimate, the staircase-like solid curve, is much smoother and closer to the true CDF
than the plug-in estimate, the dashed curve. Moreover, the plug-in estimate violates the
non-decreasing condition for a CDF while the MBL estimate respects the non-decreasing
condition.

The above example shows that, under the normal assumption, the normal parametric
mixture method is, as expected, the best method of the three methods. However, the
assumption of normality is a strong assumption. If normality does not hold, then the
normal parametric method is no longer the best, as illustrated in the following example:

EXAMPLE 3. (Gamma Mixture) Let I'(cr, 8) be a Gamma distribution with shape «
and rate 8. For the case that there is no causal effect of Z; on Y; for the compliers we
consider

FO = F) wT(1.2,1), Fy ~ N(1,1), Fy ~ N(1.4,1),
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TABLE 4
Gamma Mizture case. The average performance comparison between the MBL method, the plug-in
estimation method and the parametric normal mizture method when the true distributions are non-normal;
Lo dist. means the average discrepancy from the true CDEF.

MBL Plug-in Parametric
Causal
effect v Z Lo dist. SE Lo dist. SE Ly dist. SE
No Strong Z =0 0.0030 0.0029 0.0031 0.0030 0.0054 0.0128
No Strong Z =1 0.0029 0.0029 0.0030 0.0030 0.0061 0.0172
Some  Strong Z =0 0.0029 0.0027 0.0030 0.0028 0.0148  0.0443
Some Strong Z =1 0.0028 0.0027 0.0029 0.0027 0.0198  0.0608
No Weak Z=0 0.0290 0.0310 0.1048 0.9679 0.0888  0.1239
No Weak Z=1 0.0271 0.0312 0.1116 1.6740 0.0753  0.1266
Some Weak Z=0 0.0280 0.0294 0.0523 0.1292 0.0711  0.1173
Some Weak Z=1 0.0271 0.0285 0.0508 0.1039 0.1047 0.1371

and for the case that there is some effect of Z; on Y7 we consider that

FO ~11.1,1), F{Y) ~T(1.3,1), Fy ~ N(1,1), Fyy ~ N(1.4,1).

co

The results are summarized in Table 4. It shows that the MBL method is the dominant
method in all scenarios considered when normality is not satisfied. Though the plug-in
estimation method has a similar performance in the strong IV setting, it is much worse
than the MBL method in the weak IV setting as in the normal mixture model setting. Also,
the parametric normal mixture method has significantly increased average discrepancies
with large standard errors.

The above examples show that MBL method is robust to any distribution assumption
and is the least sensitive to the IV being weak.

6. Testing for distributional treatment effect. A central question in many obser-
vational studies is to understand if the treatment has any effect on the distribution of an
outcome. Under the IV assumptions, this corresponds to testing whether the treatment has
any effect on the outcome distribution for compliers. The null hypothesis can be formulated
by as follows:

Hy: FO(t) = FV(¢), for all t € R. (6.1)

co

The MBL method can be used to construct a likelihood-ratio type test statistic in a sim-
ilar way that the maximum likelihood estimation method can be extended to constructing
a likelihood ratio test. We take the difference in two binomial log-likelihood values; one is
obtained with the constraint Fc(((,] ) — Fc(o1 ) and the other is obtained without this constraint.
This gives a new test for detecting the distributional treatment effect (6.1), and hereafter,
we call it the binomial likelihood ratio test (BLRT), which is described in Section 6.2.
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Before introducing the BLRT, we will quickly review the existing method for testing
(6.1) from Abadie (2002).

6.1. Ezisting approach. The existing approach for testing (6.1) is based on the following
observation, which is obtained by taking the difference of (2.12) and (2.13):

FO @) — FD (1) = K - (Fy(t) — Fi(t)), (6.2)

co co
where Fo(t) = P(Yl S t‘Zl = 0), Fl(t) = P(Yl < t‘Zl = 1), and K = 1/(E(D1’Zl =
1) — E(DﬂZl = 0)) < 00.
This implies that the null hypothesis of no distributional treatment effect is the same as

the testing Fy = Fi. Note that the distributions Fy and F; can be estimated directly by
their corresponding empirical distribution functions:

2 Y <t,2,=0} Y % <tZ =1}
> b 1{Z, =0} > {2y =1}

Therefore, Abadie (2002) proposed using the well-known Kolmogorov-Smirnov test statistic

Fo (t) and Fl (t)

Tks = sup [Fo(t) — F1(t)],
teR

for testing (6.1). In other words, the test proposed by Abadie (2002) is the KS test of
whether the distribution of the Z; = 0 group is the same as the distribution of the Z; =1
group. The KS test does not make any use of the structure of the IV model. Also, it does
not require accurate estimation of the two distributions Fc(g ) and Fc(o1 ), which often leads
to a comparatively low power when sample size is not large. Furthermore, when an IV is
weak (that is, the proportion of compliers ¢, is small), the power of the KS test gets worse
because the KS test reduces the difference between FC(OO) and Fc((}) by a factor 1/K from
(6.2).

6.2. Binomial likelihood ratio test. The MBL estimators of the true CDFs F', can be
obtained by maximizing the binomial log-likelihood M, over the restricted parameter space
as introduced in Section 3. The same maximizing scheme can be used to estimate the

outcome CDFs under the null by imposing an additional restriction of Fc(g) = C((}) over
the restricted null parameter space that is defined as
79+,0 = {(9007 Qnta Hat) : 9007 9nt7 eat S P([07 1]R)} ) (63)

where P ([0, 1]®) is the set of distribution functions from R — [0, 1].
Now, the BLRT statistic is obtained by taking the difference of the binomial log-
likelihoods under the null and the alternative:
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where 9 and ¥ o are the restricted parameter space the restricted null parameter space,
defined in (2.10) and (6.3), respectively. Note that, unlike in Section 3, we estimate the
proportion of the compliance classes ¢ by the plug-in estimates <,‘7), instead of maximizing
the binomial log-likelihood for the parameter ¢. Both the approaches have very similar
finite sample performances, since <,‘7) € [o, 1]?F with probability 1, and using <,‘7) simplifies the
asymptotic analysis of the BLRT.

THEOREM 6.1.  Let T, be the BLRT statistic as defined in (6.4). Then, for 0 < k < 1/2
fized,

7(0) (1) 2
1 Feo' (Yyy) — Feo’ (Y
To=12. e Q)= o Bl +op(1), (6:5)
n bel, Zu,ve{o,l} X2, v FuU(Yv(b))(l - Fuv(}/(b)))

where )\00 = )\0, )\01 = )‘{ 5 )\10 = /\Q s and )\11 = )\1.
1-X\ 1-Xo

The above theorem gives an asymptotically equivalent representation of the BLRT statis-
tic, which can be used to devise a bootstrap strategy for simulating the null distribution
of BLRT statistic and constructing the rejection region. To this end, define

'J) = (Qz)coﬂzjntﬂ[}at)/ ‘= arg max Mn('lnba J))
Ppedy o

Let B be the number of bootstrap samples. For 1 < ¢ < B, we have the following steps:

o Fix ZW = Z = (Zy,2,,...,Z,) and sample the compliance class membership S =
(SY), Sét), e ,S,(f))' based on the estimated proportions q’u) Then, determine D) =
(D%t), Dét), . 7Dg))’ based on Z® and S®. For example, if Zt" = 1 and S = nt,
then D((lt) = 0.

e From the MBL estimate 1) under the null, take a sample of Y() = (Yl(t), Y2(t), ce Yn(t))’
based on D) and S®. For example, if Dgt) =0 and S((lt) = nt, then Ya(t) is a random
sample from the estimated distribution function ;.

e Repeat the two steps above for 1 < ¢t < B. Then use the bootstrapped samples
{(z®, D Y1)} .,<p for simulating the asymptotic null distribution of T}, using
the expression on the RHS of (6.5).

The statistic on the RHS of (6.5) takes the form a two-sample Anderson-Darling test
(Pettitt, 1976) based on the plug-in estimators FC(S) and F'c((}), conditioning on (Z, D) and
truncated by the interval [k,1 — x].2 We elaborate on this connection in the following
remark:

2Given i.i.d. samples from two distributions F and G of sizes n and m respectively, the two-
sample Anderson-Darling test (Pettitt, 1976) for testing the null hypothesis Ho : F = G, is Amn =

IM
HN(t)7(nlfHN(t)T)L

dHn(t), where F,, and G, are the empirical distributions of F' and G, respectively, and
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REMARK 6.1. Recall that H = ngoFoo + 101 Fo1 + m10F10 + n11F11- Now, referring to
(D.15), we have

o v 1 n
WVar(ED(0) - FOOIZ.D) = Y TR0 - Fuh),
u,weq{0,1} ~Tuv uv

Then by the Riemann sum approximation, (6.5) can be re-written as

w= ) Var(F, £o° (t) - é?(t)!(&p))dﬂ(t)+0P(1)’ 00

Now, let A, (t) := E(FC(S) (t) — F’c(g)(t)\(Z, D)), the conditional mean of the numerator in
(6.6). Recallingi the definitions of the plug-in estimators FC(B) and Fc((}) from (2.14), and
noting that E(Fy,(t)[(Z, D)) = Fyuy(t), for u,v € {0, 1}, it follows that

1 1—\ 1—X 1
An(t) = —Foo(t) — ——2Fio(t) + —Fou(t) — —Fu(t)
0 0 A1 A1
Ao ;\0 — Ao AL — 5\1 A1
= 22FO @) + . Fou(t) + s Fou(t) — <2 FD @), 6.7
%, (t) % ¢(t) % ¢(t) %, (t) (6.7)

Now, since /n(Ag — Ao, A1 — A1) has a limiting normal distribution, an application of
the Delta theorem shows that /nA,(t) also converges to a normal distribution. Using this
combined with Theorem 6.1 and Lemma B.7, it is possible to derive the limiting distribution
of the BLRT. However, in general, the limiting distribution is quite complicated, and for
constructing the rejection region, it is more instructive to deal to with (6.5). However, in
some special cases, the asymptotic null distribution of the test statistic can be simplified:

e Assume that Ao and \; are known, that is, 5\0 = )Xo and 5\1 = A1. Then, under the
null F9 (1) = FQ)(t) = Fuo(t), (6.7) gives E(FL(t) — EX(1)|(Z, D)) = 0. Then
from Lemma B.7, va(EQ (t) — ED (1)) = G(t), where

1 Boo(Foo(t)) 1 Big(Fio(t)) | 1 Boi(Fm(t)) 1 Bu(Fu(t))

G(t) = —
®) Ao Vo Ao /7o Aot /Mot A /i
for independent Brownian bridges Byg, Boi, B1o, Bi1, and Agg = Mg, Ao1 = 1:\—31,
Ao = &—&0, and A\11 = A1. Then by Donsker’s invariance, under the null hypothesis

H07

D G(t)?
7, 2 /J G (6.8)
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e Assume that F,, = F, for all u,v € {0,1}. In this case, (6.8) simpliﬁes even further:
Chasing definitions it is easy to check that Zum 2 1771“) P (1 5 Then G(t) =

mB(F(t)), where B is the standard Brownian bridge. This gives, under
H07

“1(1-k) B (t))2
In _>/ i Var(F) T

P B(R()?
= / e FO 4F ()

1-k
:A tﬁg)m (6.9)

which is the limiting distribution of the two-sample Anderson-Darling test (Pettitt,
1976) truncated to the interval [k, 1 — &].

6.3. Simulation. To assess the performance of the proposed BLRT, we compare it to
the KS test in Abadie (2002) in a simulation study. Furthermore, the BLRT is compared
with the approximated version of the BLRT and the Anderson-Darling (AD) test. The
approximated version uses the RHS in (6.5) while the BLRT uses the statistic T,, (6.4).
The distributions of never-takers and always-takers were fixed as F,; ~ N(—1,1) and

Fu ~ N(1,1). Two simulation settings were considered. First, F(Sg ) and Fc(o1 ) have normal
distributions with different means when the proportion of compliers ¢, is 1/3 (i.e., a strong
IV). Second, the same scenario is considered except for the proportion ¢. = 0.1 (i.e., a
weak IV). To obtain p-values, the resampling method described in the previous section is
considered. For each simulation data, B = 2000 resamples were used to approximate the
null distribution and obtain the p-value. Size and power of the tests were computed by
repeating the experiment over 2000 simulated datasets .

Table 5 shows simulated size and power of the four considered tests. The first row of the
table shows that the simulated sizes of the tests are approximately equal to the nominal
significance level a = 0.05, which implies that all the tests found the correct size. For power
comparisons, there are three main findings. First, the exact BLRT is the most powerful in
every simulation scenario. When an IV is weak such as ¢. = 0.1, the BLRT significantly
outperforms the KS test. Second, the approximated BLRT, KS and AD tests have similar
performances although the approximated BLRT has slightly better power than the other
two tests have. Finally, as n increases, the performance gap between the exact BLRT
and the approximated BLRT gets narrower. Figure 2 represents the simulation results for
n = 300 in the two settings graphically. The left panel represents the plot of the power
versus the size of the additive effect of treatment when ¢, = 1/3. It is shown that the BLRT
detects the additive treatment effect better than the other tests. The gain of the BLRT
test over the KS test is even greater when ¢, is smaller (that is, a weaker IV) as shown
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TABLE 5
Size and power of test with a significance level 0.05.

N(_Na 1) Vs. N(N/7 1)

noopu v BLRT BLRT Approx. KS AD

Size 300 O Strong  0.051 0.049 0.048  0.050
Power 300 0.1 0.083 0.071 0.073  0.069
300 0.2 0.184 0.152 0.148 0.148

300 0.3 0.350 0.305 0.280 0.294

300 0.4 0.511 0.456 0.430 0.446

300 0.5 0.705 0.649 0.615 0.631

300 0.6 0.830 0.790 0.764 0.780

300 0.7 0.927 0.898 0.867 0.888

300 0.8 0.965 0.945 0.929 0.938

300 0.9 0.983 0.971 0.962  0.969

300 1.0 0.992 0.987 0.980 0.985

1000 0.2 0.430 0.407 0.397  0.398

2000 0.2 0.728 0.719 0.701 0.713

Size 300 O Weak  0.044 0.048 0.048 0.047
Power 300 0.1 0.058 0.053 0.050 0.054
300 0.2 0.079 0.060 0.066 0.062

300 0.3 0.098 0.073 0.075 0.072

300 0.4 0.121 0.086 0.086 0.084

300 0.5 0.160 0.116 0.108 0.108

300 0.6 0.182 0.136 0.129 0.128

300 0.7 0.215 0.172 0.162 0.166

300 0.8 0.267 0.211 0.197  0.204

300 0.9 0.280 0.230 0.212 0.216

300 1.0 0.324 0.270 0.236  0.260

in the right-hand panel. In summary, in the simulation setting considered, the BLRT test
dominates the KS test.

7. The effect of Vietnam era military service on future earnings. We consider
the sample of 11,637 white men, born in 1950-1953, from the March Current Population
Surveys of 1979 and 1981-1985 as in Angrist (1990). An indicator of draft-eligibility based
on the Vietnam draft lottery outcome (men with lottery number below the ceiling are
referred to here as “draft-eligible”) is the instrumental variable. Also, veteran status is the
non-randomized treatment variable and annual earning (in 1978 dollars) is the outcome
variable. These three variables are available for every individual in the sample. More details
are provided in Angrist (1990).

Figure 3 shows the estimated CDF's of veterans and non-veterans for compliers. The left
plot is the plug-in method described in Section 2.2 and the right one is derived from the
MBL method. In addition to the estimates of the CDF's, 95% confidence bands are included
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Fig 2: Power of the BLRT, approximated BLRT, KS and AD tests. Power is calculated
given a significance level a = 0.05. Left: strong IV and Right: weak IV.

in the right plot (Appendix F). In both of the plots, we see that veterans’ estimated CDF
is almost always above the non-veterans’ estimated CDF. The gap between the two CDFs
is wide at a small earning range but decreases until earnings of $35,000. The MBL method
improves two features of the plug-in method in this example. The MBL estimates for
compliers do not violate the non-decreasing and non-negative conditions. The improvement
leads to much smoother CDFs. From satisfying the non-decreasing condition, an additional
useful feature of the MBL method is obtained. There is a unique value of estimated earnings
corresponding to a specific quantile level. This feature can be useful for those who want
to estimate the treatment effect at a certain quantile level using the estimated CDFs. A
unique estimate might not be obtained in the plug-in method because of the fluctuation
of the CDF - if there are multiple values that correspond to the same quantile level, then
we cannot acquire the corresponding quantile to estimate the causal treatment effect for
compliers of the quantile level. For instance, it is derived from the MBL method that the
effect of veteran status is estimated to have a negative impact of $2,514 on earnings for
compliers when comparing the medians of veterans versus non-veterans. However, from the
plug-in method, there are two earnings values that correspond to the value 0.5 of veteran
CDF, making it unclear how to compare the medians of the two CDFs.

Using the BLRT described in Section 6, we conduct the hypothesis test of no distri-
butional treatment effect, Fc(g ) — Fc(é ). Both the proposed BLRT statistic T}, and the KS
statistic Txg are considered. Table 6 reports p-values for the two tests of equality. From
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Fig 3: Estimated CDFs of Potential Earnings for Compliers: the CDFs from the plug-in
method and the CDF's with 95% confidence bands (CB) from the MBL method.

TABLE 6
Tests on distributional effect of veteran status on annual earnings. BLRT represents the binomial
likelithood ratio test and KS represents the Kolmogorov-Smirnov test.

BLRT KS
p-value 0.2485 0.1035

the resampling scheme described in Section 6, the p-value of the BLRT is computed by
2000 times bootstrap resampling (B = 2000). For both tests, we cannot reject equality of
distributions at a significance level a = 0.05.

8. Summary. In this paper, we introduced the notion of binomial likelihood, obtained
by integrating the individual likelihoods at all observations, for estimating the distributional
treatment effect for the compliers. The MBL estimator maintains the non-decreasingness
and non-negativeness properties of the distribution functions, which have not been achieved
for nonparametric IV estimation before, while preserving the desirable large-sample prop-
erties of the plug-in estimates. We also showed that the strength of the MBL method over
existing methods is particularly pronounced in the weak IV setting. The MBL estimators
can be computed efficiently using a combination of the EM algorithm and pool-adjacent-
violator algorithm (PAVA).

Furthermore, we proposed a binomial likelihood ratio test (BLRT) for testing the equal-
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ity of the compliers’ distributions in IV models, and derived its large sample properties.
It is shown with simulations that the BLRT is the most powerful to detect distributional
changes, among the considered tests. The dominance of the BLRT is emphasized in finite
samples with a weak IV. In large samples, the approximated BLRT is an useful alternative.

Acknowledgement: BBB thanks Abhishek Chakrabortty and Shirshendu Ganguly for helpful
discussions.
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APPENDIX A: PRELIMINARIES

In this section we collect some basic inequalities and properties of the objective function
M, (3.6).

A.1. Basic inequalities. We begin with a few preliminary observations which will
be used later in our proofs:

OBSERVATION A.l. Fiz a € [0,1]. Then for every x € [0,1], J(a,z) = alogz + (1 —
a)log(l —x) <aloga+ (1 —a)log(l —a):=I(a).

PROOF. The inequality is trivially satisfied when a € {0,1}. Therefore, assume that

a € (0,1), and define a random variable W which takes values £ and % with probabilities

a and 1 — a, respectively. Note that EWW = 1. Then by Jensen’s inequality, E(log W) =
alog? + (1 —a)log % <log EW = 0, which completes the proof of the result. O

OBSERVATION A.2. Fiz a € [0,1]. Then for every z € [0,1], alog Z + (1 — a) log =% <
1 2
—5(z —a)’.

PROOF. For a given a € (0,1), let f,(z) = alogZ + (1 — a)log 1=%. By a second order
Taylor expansion around the point a, fo(z) = 3(z — a)?f) (z,4) where Y34 € [x Aa, 2V a]?

and f/(z) = —% — ﬁ Note that, for a € (0,1) fixed, the function f/(x) is convex. It
is easy to check that the minimum is attained at xg = (ﬁ)%, and fI/(x) > fl(xo) > 1.
This implies, f,(z) < —3(z — a)?. O

OBSERVATION A.3. Fiz 0 <t < 1. Suppose Y1,Ys,..., Y, are i.i.d. samples from the
distribution H = nooFoo + no1Fo1 + moFro +ni1F11. Then, for u,v € {0,1}

Fuo(Ying) = Hyl(t),
where Hyy(t) = 1m00(Foo 0 Fip') (8) + 101 (For © Fo ) (t) +m10(Fro © Fipp ) (£) +mun (Fia o Fi b ().
Proor. Without of generality, take w = 0 and v = 0. Then the distribution of
W1 = Foo(Y1), Wo := Fyo(Y2),..., Wy := Foo(Yy)

are i.i.d. samples with distribution function Hoo(t) = noot + 101 (Fo1 © F()Bl)(t) + mo(Fip o
_ _ . . P
Foh)(t) + mi(Fi1 o Fyt)(t). This implies, for any 0 < ¢ < 1, Foo(Y(rnt))) = W(ine)) —
H&)l (t), where the last step uses the convergence of sample quantiles to the corresponding
population quantiles (Walker, 1968, Theorem 1). O

3For a,b € R, define a A b = min{a, b} and a V b = max{a, b}.
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A.2. Understanding the objective functions. In this section we discuss properties
of the sample objective function M, (3.6). We begin with the proof of Proposition 3.1.

A.2.1. Proof of Proposition 3.1. To begin recall the definition of K¢, = {Z, = u, D, =
v}. By (2.7), for all a € [n],

(1 =v)(1 = xa) for u=0,v=0,
(1 —v)Xat for u=0,v=1,
VXnt for u=1,v=0,

v(1 = xnt) for w=1,v=1.

P(K,) == Ny =

uv

(A1)

Next, define the two-point functions Sy, (s, t), for u,v € {0,1}, as follows:
Soo(s,t) == 1{Kgy}log {1 — xat}

1— Xnt — Xat 0 Xnt
1K, s < o {eg()t 4 Xet g )L,
{KGo }log 1 — Xt (t) 1 — Yt ¢(t)

— Xat 1- Xat
So1(s,t) := 1{K§ }log xat + 1{KG, s < t}log O (t) + L{K;, s > t}log(l — O (1)),
S10(s,t) := 1{K{y}log xnt + L{KTy, s < t}logbni(t) + 1{ KTy, s > t}log(1l — O, (t)),
S11(s,t) == 1{K{ }log {1 — Xt}

1— _
KT s < tlog {X”t Xat (1)) 4 Xot eat<t>}
1 - Xnt 1 - Xnt

1 - nt — a n
+ 1{ Ky, s > t} log {f“’“(l — 09 () + T2 —(1 - em<t>>} ,

1_ nt — Xa a
+1{KD, s > t}log {’““(1 o)+ X1 eat<t>>} (A2)
I_Xnt 1_Xnt

With (A.1) and (A.2), the binomial log-likelihood (3.4) can be re-written as follows:

ilogL(e x,v|D) = l(v +7Z ST Sw(Ya, Yy, (A.3)

bely a€ln] u,wef{0,1}

where ((v) = 23 |I:[ {(noo + no1)log(1 — v) + (n1p 4+ n11)log v}. Note that the second-term
in the RHS of (A.3) above does not depend on v. Hence,

¢1 := arg max {(v) = M,
vel0,1] n

showing (3.7).
It remains to show (3.8). To this end, it suffices to show that

= % Z Z Z Suv(Yaalf(b))' (A4)

bel, a€n] u,ve{0,1}
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To this end, define foo(t) = *3=Xet g0 (¢) 4 X2, (t). Then

1 n
- leoo(ya, Yir))

. B _
= % [log{l — Xat} + Foo(Y(b)) log 900(Y(b)) +(1— FUO(Y(b))) log(1 — GOO(Y(Z’)))]

_ oo [log {1 = Xt} + T(Foo(Yy)), 900(1/(b)))], (A.5)

T on
where J(z,y) := zlogy+ (1 —x)log(1l —y). Similarly, denoting ;1 (¢) := 1‘{@7;;}“9&) (t)+
Xat
l_Xnt

eat (t) giVQS,

1 n
- 2:1511(5@,5/(1)))

- B _
_ # [log {1 = xne} + F11(Y(b)) log 011(Y(b)) +(1- F11(Y(b))) log(1 — 011(Y(b)))

n —
= 2 [1og {1 = X} + J (Fua (V). 00 (Vi) |- (A.6)
Similarly,
1 @ n _
2o S (¥ i) = T 108 Xat + T (For (V). 0t (Vi) (A7)
and
1 & n _
y Z: Sto(Yas Yiy) = 2210 Xt + T (F10(Y), 0t (V)] (A.8)

Averaging (A.5), (A.6), and (A.7), and (A.8) over b € I, gives (A.4), which implies (3.8).

A.2.2. Unrestricted mazimization of the sample objective function. Here we show that
maximizing the sample objective function M, (recall (3.6)) over the unrestricted parameter
space gives the plug-in estimates (2.11) and (2.14), justifying the choice of M, as an
approximate surrogate for the actual likelihood. As a consequence, it follows that the plug-
in and the MBL estimates of the compliance classes are equal with probability 1.

LEMMA A.1. Let ¢ be the MBL estimator and ¢ the plug-in estimator (2.11). Then

arg | max Mn(8,x) = (G, 9), (A.9)

where G € F:={G e 9 : é(Y(b)) = ﬁ‘(Y(b)) forbel.}.
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PROOF. Define ngg + ng1 = ng and nig + n11 = n1. Then by Observation A.1,

1 n10 ni no1 Nyv - —
< —
.0 < 2 Y4 (M) R (M) Y P ()

bel, u 6{071}
Moreover, the equality is attained when
000(Y{r)) Foo(Yp))
010(Y)) | _ [ F10(Y(p))
B01(Y(p)) For(Yip)
011 (Yw)) F11(Yy)))

for b € I, and (xnt, Xat) = (n19/n1J no1/no) = (qvﬁm,éatl This impligs that the equality
iiattained when (Xnt, Xat) = (Pnt, Pat) and aat(Y(b)) = FOl(Y(b)) = Fat(Y(b))7 gnt(y(b)) -
Fio(Yp)) = Fatr(Yp)) and

Foo(Yy)) — ~22—Fyo(Yyy)
9(0)(Y( ) = ®) ¢(go+¢nt ®) — FC(B)(Y(b)) (A.10)
(E('o‘i‘(i;nt
gy Fn0) — g Fon i)
O’ (Vi) = Geo
¢co+¢at

— FD (V) (A.11)

co

for b € I,;. This completes the proof of (A.9). O

APPENDIX B: PROOF OF THEOREM 3.2

In this section we prove Theorem 3.2, which shows that the plug-in estimator F and the
MBL estimator F' have the same limiting distribution.

B.1. Comparlng the (sample) objective functions. From Lemma A.1, we know
that M,,(F', ) — M, (F, ) > 0. One of the main steps towards the proof of (3. 9) is show
that this difference is small, more precisely,

ooy ~oA 5
M, (F, ¢) — M, (F, ¢) = op(n~2). (B.1)
To this end, we have the following definition:
DEFINITION B.1. Define F' = (Fc(o),Fnt,Fc(o), Fu) € P([0,1]%)4, as follows:

Fop = Fio=F1g and Fy = Fy = Fo,
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are the corresponding empirical distribution functions, and

FQ :=arg min > (FY(Y) — 0(Yy))%

0eP([0,1]R) bl
PSR i ED(v,) — 0(Y))2. B.2
(3 argee%&}ﬂ%)é( co’ Yin)) = 0(Y(p))) (B.2)

Note that this only defines FC(S ) and IE'C(,} ) at the knots {Y(b)}be 1... To ensure (B.2) is well-

defined we extend FC(B ) and Fc((} ) between the knots by right-continuous interpolation, and
extrapolate it beyond the knots to 0 and 1. Moreover, define

= MEO 4 (1= Xo)Fpu,
= MED + (1= X)) Fy, (B.3)

and Fl() = Fmg and F()l = Fat-

Note, since ¢ is in the interior of [0, 1]1, which is an open subset of R?, there exists
an € > 0 such that B(¢,e) = {x € R? : ||x — ¢||2 < e} C [0,1]2. Moreover, there exists
n > N(e, ) such that P(¢ ¢ B(¢,e)) < 8. Therefore, P(¢ not in the interior of [0, 112) <
P(¢ ¢ B(¢,e)) < 8. To this end, let

KB = {dv) is in the interior of [0, 1]3_} ﬂ {F is coordinate-wise in the interior of R[O’”)} .

From the discussion above it is clear that the P(#{) — 0. Therefore, for the remainder of
this section all events will be on the set 4.
To begin with this gives, o L
M (F, ¢) > My (F, @),
since (F,¢) € 94 x |0, 112 and (F,¢) maximizes M, over 94 x [0, 1]2, by definition.
Therefore, to show (B.1) it suffices to prove that

M, (F, ¢) — M,,(F, $) = op(n~1). (B.4)

OBSERVATION B.1. Let F' be the plug-in estimator (2.14) and F as defined in Definition
B.1. Then

M, (F, $) — M,,(F, $) = Op(1 Z Z F(u)(y(b)))
uE{O 1} bel,

whenever | Fuu(Y(rn1)) = Fuu(Y(paa1)| = 0P (1) and |Euu(Yiina-s))) = Fuu(Yma—n)| =
op(1).
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PROOF. Recall the definition of (3.6). Then

M, (F,¢) — M (F, §)

n
u,ve{0,1}
1 nuu 1 . J— ~ . - . 5 .
= ; Z T(J( uu;Fuu) - J(FuuaFuu)) (smce Fio = Fp and Fy1 = FOI)
ue{0,1}
1 n’U/LL 1 e R -
u€{0,1}
1 n’U/LL
= — Iihated T '
ue{0,1} bely
where
B i R L W)
Now, a two-term Taylor expansion of the function f,(z) := —alog% —(1-a)log %’

at x = a, gives

2 (>

T“(Yv(b)) = (wuu(yv(b)))2 N (1 - w““(yv(b)))

(B.6)

and wuu(Y(b)) € [Fuu(y(b)) N FW(Y(I)))J31 (~ (b)) v Fuu(Y( ))] B
Note that wuu(Ye) > Fuu(Y{rnw)) A Fuu(Y(ina)) and Fuu(Y) < Fuu(Yima-r))-
Therefore,

<~ Fulipa—)  _ 4, 0
@anY0)? = FuuVoe) A Fua (Vi)
uu\ ¥ (b) uu( (n,l-g))A uu( (TLH))

since Fyu(Y([nn)) £ H (), Fuu(Y(n(-r)]) 4 H_.}(1 — k) using Observation A.3, and
|Fuu(Y( ) — Fuu(Y([nx1))| = 0p(1) by assumption. Similarly,
1- Fuu(yv(b))
(1- Wuu(Y(b)))Q

= 0p(1).

Therefore,

( uu(Y(b)) - FuU(Y(b)))2 Fuu(y(b)) 1- FuU(Y(b))
2 10 < 2 2 {<wuumb>>>2 s wumb)))?}
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bel,
=0p(1) Y (FW (V) — FY (Yi)?, (B.7)
bel,

where the last step uses Foo = )\OFC(O) + (1 - ;\O)Fm, Fop = ;\OF’(SS) + (1 - )\0) nt, and
Fnt Fnt, and similarly for FH and Fqj. O

Therefore, to show that M, (F, @) — M, (F, @) = op(1/n), it suffices to show that

S (FEW (V) — FW (Yy))? = op(1),

bel

for uw € {0,1}. This is the content of the following proposition, gives an error rate of
1

op(n~1).
ProposITION B.1.  For u € {0,1},

- . 2 1
> (A ) — F9 (V) = op(n™ ), (B:)
bel,

This implies, Mn(ﬁ', qg) — Mn(ﬁ‘, qS) = OP(?’L—%),

B.1.1. Proof of Proposition B.1. To begin with, note that (B.8) implies

’Fuu(Yv([mﬂ)) - Fuu(yr((nn]))‘ = OP(1>7 ’Fuu(Yv([n(lfn)])) - Fuu(ﬁ[n(lfn)]))‘ = OP(l)-

Therefore, using Observation B.1 gives Mn(ﬁ’, QB) — Mn(F, é) = 0p(n_%), which implies
M., (F, @) — M, (F,¢) = oP(n_%), from (B.4). Therefore, the rest of this section is devoted
to the proof of (B.8).

We will prove the result for u = 0. The other case for u = 1 can be done similarly.
To begin with note that on the event %, |F§3) (t)] € [0,1] for all t € R, and, therefore,
maximum in (B.2) can be taken over I([0, 1]®), the set of increasing functions from R —
[0,1]. Then the well-know result of Robertson, Wright and Dykstra (1988) gives

(B.9)

¢ (0)
N C EO )
(0) — i Zz_k (%)
co (Yip) = minmaxe =577 7

£ )y, o
Now, define f(k,?) := Z%H(“) —FY (Y(s)). We will use the following lemma.
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LEMMA B.1. Let b € I,. For any function f : [n] x [n] — R, the following inequality
holds

2 2 2
(rggrgggf(k 5)) < (rgggcﬂ(k,b)) + (rgggf—(b,ﬁ)) : (B.10)
where fy :=max(f,0) and f— :=(—f)4.
Proor. We have

k,0) < k,b) < kb
minmax f(k, £) < max f(k,b) < max f.(k,b).

Similarly,

> S . > -~
minmax f(k, ) = min f (b, £) = —max — (b, £) > —max f_(b, ()
Therefore, the lemma follows. O
To prove (B.8), we have to show Py, (zbelm(ﬁéf) (Yip)) — F§2)()/(b)))2 > 5n‘5> = o(1),
for any 0 > 0, where Py, () = P(- N %1). To begin with, by the triangle inequality and
Lemma B.1, we get

~ o 2 1
P, | D (FO) — F (V) > on7
bely
o 2 5
<) Py ((F(O) ())_Fc(g)(y(b))) > dn 4)
bely

2
= bezj: P, ((m;?mgg(f(k €)> > 6ni>

<) Py ( Iﬁggﬁ(k‘,b)) > ) +2 Pa <<m>axf (b.¢ )>2 g M—i)

2
bely, bel,
< Z P, (maxf+(k‘ b) > don~ §> ZPZH <maxf (b,€) > don~ 2) , (B.11)
bel, bel,

where dy = /d/2.

LEMMA B.2. Let e = 6g/n’/%. Then for any b € I,

n(1—r)]
max _(b,f) > e ) <
7 (ze[b,rnu—nm‘f 6.0 )

Z P, (Fc(g)(y(b)) - FC(S)(Y(,Z)) > 6) .
—b
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Simalarly,
Py k,b) > Py
3 <k61[1[17?/§ 0] f( 8) Z & < co
k=[nk]
ProoOF. Note that

F (Vi) + - + P (V)

f (b 6) = max(O F(O)( ())

7o {—b+1
Then

P, _(b0) <

= (ee[b,rr?z?lx—nmf 6.0 < 5)

YD (V) — FS (Vi)

P, <

= <€6[b,]r'g?1x—nﬂ] l—b+1 =€

1 b+1 . y Zn .
o, (32000 - E ) < EE
i=b

> Py, (Fc(g)(y(b)) - Fc(c()))(y(b—i-l)) < Z,.. -aF(O)(Y(b)) -

> Py, (Fc(g)(y(b)) — FOW i) <e,...,FED(Yy) -

” (ee[bﬁ?ﬁm( o (Vi) = Feo' (Vip) <

The above inequality and a union bound implies (B.12).
Similarly,

Pgp | max k,b) <e
7 <ke[rn~1,b]f+( ) )

oo (o T (V) — FO (V) _
%1 ke[[nk],b) b—k+1 -

l\DM—l

b : S ED (Vi) = B (Vi)
P%( S FO(V) - FO) <., == (®) o) _
i=b—

1

v v

> P

_ 0 (0
=P, (keﬁlﬁ% . (F Ywy) = FQ (V) < €> :

This implies (B.13) by a union bound.

O V1) — EQ(Y) < 2¢, .o, ED (Yipnay) —
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In light of (B.11) and above lemma, to prove Proposition B.1, we need bounds on the
upper tail of the difference Fc(g)(Y(b)) — FC(S)(Y@)), for ¢ > b and lower tail of F‘C(g)(Y(k)) —
FC(S) (Y(p)), for k& < b. To this end, let 7juy = nuy/n, for {u,v} € {0,1}, and - = ming 4 MHuo-

LEMMA B.3. Lete= 50/n5/8. Then for any b € I, such that

[n(1—k)] 3/2Y3 9
(0 (0 3 11" Agdg v/
2 P (F9 (V) = FD (V) = 2(2, D)) < O(1/n") + 2mexp {—mgn}
(B.14)
where the constant in the O(1/n3)-term is non-random. Similarly,
b 23/253 <2
(pa S(1 3 N2 NG0Gv/1n
k; ] P, (Fc(o)(Y(k)) - Fc(o)(Y(b)) > 5’(Z7D)> < O(1/n”) + 2nexp {_4810gn} .
(B.15)

The proof of the above lemma is given below. Using this, the proof of Proposition B.1
can be easily completed as follows: Note that

23/2Y3 2 23/2Y3 2
A2 20
nZexp{—n_ 0 Oﬁ} 2>O, E <n2exp{—77_ 0 Oﬁ}> — 0,

48logn 48logn

by the dominated convergence theorem. Then first taking expectation over Z, D gives

[n(1-k)] u3/2Y3 <2
y y NGOGV
P (0) —FO > ) < 3 _= A% v
> P (FO) ~ FD (V) 2 £) < O(1/n®) + 2nEexp{ Bhoen [
(B.16)
Therefore, from (B.13),
23/2Y3 2
5 “TENGOG/ N
. -2) <« 2 2 n 09 ' ‘
Pz, <k€?3$7b] fi(k,b) > don 8) <O0(1/n*)+2n Eexp{ “ISlogn } — 0. (B.17)
Similarly, from (B.12) and (B.15), it can be shown that
5
Py max _(k,b) > dpn" 8 | = 0. B.18
. (ke[bwmmf 0= > (B15)

Adding (B.17) and (B.18) and using (B.11), completes the proof of (B.8), since P(#{) — 0.
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Proof of Lemma B.3 Throughout the proof, all events will be conditional of (Z, D),
and, for notational brevity, we will omit the conditioning event in all the expressions. Let

L=HYxk)—1 and R=H '(1-r)+1,

and let %> be the event that {Yv([n,ﬂ),}/([n(l_n)]), € [L,R]}. Using EY([”“D — Hil(lﬁ:),
E(Y([ne7) —EY{[nx]))® = O(1/n?) (see Sen (1959)), and the Chebyshev’s inequality it follows
that

P(¥iguy ¢ (L)) < 20 —EY@u)® _ 5 ) (B.19)
(L — EY(pn1))°

Similarly, P(Y{rn1-x))) ¢ [L; R]) = O(1/n?), which gives P(25) = O(1/n?).
Now, partition [L,R] in a grid L = ¢ty < ¢t < ... < tpy = R, of size 41°1g" that is,

ta=L+a (4l°g”) for 0 < a < M= AL Define N, = 7 1{Y; € (fa, tasa]}, the

number of observations in the interval (t,,t,41]. Let

12
P ::{ min Nazl}ﬂ{ max N, < Ch logn}.
0<a<M 0<a<M 1

LEMMA B4, P(%5) = O(1/n?).

PRrROOF. Note that P(Y; € (ta,tar1]) = 1—(H (tar1) —H(ta)) < 1—7410“”, by Assumption
J + + n
2. Then

M n
IP’( min N, :0> = ;)IP’(NG =0) <. n <1— Alog > = 0(1/n). (B.20)

0<a<M n

Next, note that E(N,) = n(F(ter1) — F(ts)) € [4logn, %logn], by Assumption 2.
Therefore, by the union bound followed by a Chernoff bound,* gives

12C: 8Cy
P (0212%%\4]\@ > ——= logn> ZIP’ <N —E(Ng) > Clogn>

_4Cglogn 1
<ne G =ne 18" = O(1/n?). (B.21)
Combining (B.20) and (B.21) the proof of the lemma follows. O
“Suppose X1, Xa,...,X, are independent random variables taking values in {0,1}. Let X = X

2L
denote their sum and let p = E(X). Then P(X > (14 6)u) < e_%L, for0<d<land P(X > (1+)p) <
Sp
e”2,ford>1.
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Finally, let B4 = {|Nuw /1w — 1| < 1: for all u,v € {0,1}}, and set By = BN B3N HBy.
From (B.19) and Lemma (B.4),

PLs, (B5) < P(5) < P(B5) + P(%5) + B(#) = O(1/n). (B.22)

Therefore, it suffices to consider events on B = HBy N H,. Now, fix b € I;. For any
¢ > b denote by Iy = (L), tje)+1] the interval which contains Y{y), and Fy,((a,b]) :=
Fuy(a) — Fuy(b), for u,v € {0,1}. Then, by triangle inequality, on the set 2,

[Foo((t): tic)+1]) — Foo((Yiy, Yo )| < [Foo(tjwy) — Foo(Ye)| + [Foo(tje)+1) — Foo(Ye))|
_0 <1°g“> _0 (1‘)%”) | (B.23)
noo n

_ FOO(Y(b))_(lv_:\)Flo(Y(b))

Now, take e = §p/+/n. Then recalling the definition of Y (Yi))

and using triangle inequality gives, A
P (F(:(g)(y(b)) — FOY) > 6)
_p Foo((Ye), Yiol)  (1— 20) Fo1 (Y, Yio))) S
fr B V] v} = &
Ao Ao
Fool(tip, t: 1= Xo(For((tim), ts
- P%( 00(( J(;) io+1l) o 01((;(1)) j+11) . ;) (by (B.23))
0 0

S Tl +T27

where

- Ao(E = Foo((tie), tinaa])
=P <|F00((tj(b)atj(€)+1]) — Foo((tj)s tioy+1))| = —2 2J(b) i+1

and

F XO(Q_FCO((t'bJ‘Z 1)
T, =P (|F01((tj(b)vtj(€)+1]) = For((tje): tio 1)) 2 —2 20 Jé\)) 1O+
— 0

Now, we will bound 73. To begin with note that

—n00F00((tj) tj(0)+1]) ~ Bin(noo, —Foo((t;): tie)+1)))-

Moreover, by Assumption 2, —Feo((tj@), tje)+1]) = Ci(tjw+1 — tjw) = K — b)/n, for

K > 0. Then fi — 4
some constant K > 0 en for [¢ —b| > PeWe

v/nlogn, where 199 = ngo/n, we have

NO|™

2

7 Ro(5 — Feol(ty0): tyor 1))
P <|F00((tj(b)’tj(€)+1]) — Foo((tj), tj+1))l = 10 5O+
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=1 S\OFCO((t'bat'z ])
Foo((0)» ticey1]) — Fool(tieys ticoysn))| = — ](2) 1O+

N

[n00F00((tv)> tie)+1]) — no0Foo((Lw), tie)1]) > o

< n»(
op ( K \onoo(€ — b))

Hog K253 (e—b)?

2" —— = O(1/n),

where the last step follows by the Hoeffding’s inequality.

. 4 _ 5\06
Now, suppose |{ — b| < K;\O\/%\/ﬁlogn. Let t = IO Then

T 5‘(5_};100((15%;»75‘4 1))
P <|F00((tj(b),tj(z)+1]) — Foo((tjw), tieyr)l = 23( ) O+

_ Noe
P<|FOO((tj(b)atj(€)+1]) Foo((tjw) tiey+1))] = g )

< P ([nooFoo((tj), tje)+1]) — m00Foo () tiey+1])| > —tnooFoo((tsw)s ticey+1)))

2000nF ) )

< 2exp { oo™ 00((3](17)’ Lol } (by Chernoff bound)
< 2exp ?7005\(2)53
N 12F00((tjs)> tjco)+1))

il A3an :
< 2exp {_12[((6—17) (since —Feo((t), o)1) = K(€ —b)/n)

©3/253 ¢2

30,
< 2exp —M (recall 77— = miny, , Fuy)-
48logn ’

v3/2)\352 2. /n
This implies 71 < O(1/n®) + Qexp{ 4810gn}, and similarly, for T5. These combined

with Py, (%5) = O(1/n®) completes the proof of Lemma B.3. O.

B.2. Completing the proof of Theorem 3.2. In this section we complete the proof
of Theorem 3.2. To begin, we estimate the difference M,,(F', ¢) — M, (F', ¢), To this end,
recalling (3.6), we have

M, (F n(F, )

1 Fu’u(yb) — I—Fm, Yb)

n[ Yo { Y) log =B 4 (1 = F (Vi) log —— ¥
u,we{0,1} bl uo(Yp)) 1 — Fu(Yp))
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+ ‘I ‘ nOO 1 - ant 4 Dot no1 l QZ)at ¢nt ni - ant
1 ) ¢at n d)nt n 1 - ant ,

— Wat n
Ny I.| [ ngo +n ni+n
Z Z Tu’v b) ’ | 00 - 01 Rnt + 10 - 11Rat:| ’ (B24)
qu{O 1} bel,
where
= Fuv(y(b)) 1 Fuv(y(b))
Tuwo(Y)) = Fuv(Yp)) log — + (1 = Fuu(Yp))) log = )
7 ¢at ¢at
R (1 - ¢at) log + ¢at1 0og =
- ¢at (bat
and
Rap = (1= Gut) log - ~ O Pt log Ont
— Wnt nt

Now, using alog 2 + (1 — a)log =% > 3(z — a)? (Observation A.2) gives Tuw(Yo)) 2
(Fuv(}/(b)) - Fuv(yv(b))y at ((bat - ¢at) and Rnt ~ (‘bnt - ¢nt) . Therefore,

M,,(F, §) — M, (F, ) z > Y (Ful¥i) = Fuu(Ye)® + Kalld - I,

u we{0,1} bel,

for some constant K, 5K >o. Therefore, using M, (F', ¢) —~Mn(13",(f)) < My (F, @) —
M, (F, @), since (F,$) € 91 x [0,1]2 on the set % (where F is the PAVA estimate in
Definition B.1), gives

Ly nwz w(Y) = Fuo(Yi))? + Kl — @[5 S M (F, ¢) — M (F, @)

u ’UE{O 1} bel,

by Proposition B.1. X )
Therefore, (B.25) implies ||\/n(¢ — @)||2 = op(n~1). Moreover,

ST (FEa(Yy) — Fu(Yp))? = op(n™ 1), Y (Fu(Yy) — Fur(Yy))? = op(n~1), (B.26)
bel, bel,

~

since FlO = Fnt, Fip = Fnt, }3’01 =FEy, For = F’at, and ny,/n £> Nuw- Next, observe that
on A1, |Foo(t)| <1, and

(FQ () = FQ (1)
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~((Foot) = (1= M) Fur(t)  Foolt) = (1= Ag) P (t) i
B Ao Ao
g (Foo(t) B Foo(t)>2 . <(1 “So)Fult) (- io)ﬁm(t)>2
~ N Ao Ao Ao
. y . y 1 1\?
= Op(1)(Foo(t) — Foo(t))* + Op(1)(Fpe(t) — Fru(t))* + < — ) : (B.27)
Ao Ao

5

Adding (B.27) over Y( b)s b € I,;, and using ()\i — i) n~1), since H\f(d) ¢)H2 —

op(
op(n~), (B.25), and (B.26), gives Yy, (FS (Vi) — 1(Y(b 1))2 = op(n~%). Similarly,

we can show that >, ;- (Fc(o)(Y(b)) Fc((})(Y(b))) op(n~1). This, together with (B.26)
gives the following lemma:

LEMMA B.5.  The BL estimators (F, @) and the plug-in estimators (F, ¢) satisfy ||/n(d—
$)I3 = op(n~7) and

STIEYy) — F(Yp)ll3 = op(n~1).

bel,

This shows the MBL estimators and the plug-in estimators are close in average squared
error with respect to the empirical distribution H = > we{o, 1} Fuv To complete the
proof of Theorem (3.2), we need to show that the average w1th respect to the empiri-
cal distribution can be replaced by the average (integral) with respect to the population
distribution function H = Zu,ve (0.1} Do F -

LEMMA B.6. The BL estimators F and the plug-in estimators F satisfy
| IVAE® = F3a = op()
where the op(1) terms goes to zero as n — 0.

PROOF. For b € I; and Y, <t < Y4y, F(t) = IE’(Y(b)). Moreover, F'(t) < F‘(Y(bﬂ)),
where the inequality holds coordinate-wise. Then, for Yy <t < Y341y,
I1E(t) = F(t)l]2 < [|[F(Yy) —

b Yllz + 1F (Vi) = F(Yip41)ll2
< |[[F(Yy) -

F
F(Yy)|l2 + O(1/n).

Therefore,

Yo 41
Z/( YWl E () - By Rda
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Sk dn Yy (Vi) — F(Ye)l3+ A, (B.28)

bel,

D
where A = supyep) (H(Ypi1)) — H(Y(p))) = suppep(Upr1) — Upy) = Op(logn/n), b
(Holst, 1980, Theorem 3.1). Then, by (B.28)

[ I - By

Y(rnal)
Yipt1
=3 [ IvatEe - Bapgan

bel,, Yo
< Op(logn) Z {E(Y)) — F(Y) 3 + op(1)
bel,
=op(1),

where the last step follows from Lemma B.5.
To complete the proof we need to take care of the boundary effects. As before, by triangle
inequality

Yrnw1 )
[ IR~ F)

SAIVALE (Vi) = F V) IV w) — 5) + 0p(1)
= op(1), (B.29)

where the last step uses \/ﬁ{ﬁ’(YMH]) - F(Y[n,ﬂ)} = op(1) (which follows by a simple
modification of the proof of Theorem 3.2) and /n (Y}, — &) = Op(1). Similarly, it can be
shown that

H=1(1-k) . .
/ IWVALE(t) — F(OHEAH = op(1). (B.30)
Yin(-r)
The proof now follows by combining (B.29) and (B.30) with (B.28). O

B.3. Limiting distribution of the MBL estimators. As the limiting distribution
of the empirical distributions F, are well-known, Theorem 3.2 can be used to derive the
limiting distribution of the MBL estimators F'.

COROLLARY B.2. Fiz 0 < k < 1/2. Then for any continuous function h : R — R,

/ W) - Vil B (1) — BE(F(1)| 2, D)}YdH 2 / h(t) - G()dH, (B.31)
Jk Ik
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where

ﬁ{ ¢c+¢‘IB11 Fii(t —\/ % B(n Fou(t }

Blo(Flo(t

and Boo(+), Boi(+), Bio(+), and Bi11(-) are independent standard Brownian bridges, and the
integrals in (B.31) are defined coordinate-wise.

B.3.1. Proof of Corollary B.2. The joint distribution of the process /n(Fuy(t)—Fuu(t))u,vefo,1}
can be easily derived from empirical process theory. To this end, let D[0, 1] be the space of
all right-continuous functions on [0, 1] with left limits equipped with the supremum norm
metric. A sequence of random functions {X,,(-)}n>1 in DJ0, 1] converges to X (-) € D[0, 1],
denoted by X, (t) = X(t), if E(f(X,)) — Ef(X), for all bounded continuous function
[ : D[0,1] = R. Now, considering /n(Fuy(t) — Fuv(t))uvefo,1} as a random element of
DI0, 1]* equipped with the product topology, we have the following result:

LEMMA B.7.  Let Byg, Bo1i, Bio, and By1 be independent Brownian bridges. Then

B Boo(Foo (1))
Foo(t) — Foo(t) ‘(ﬁ(t))
i | Eor(t) = Fou®) | ) (B.32)
Ell(t) _Fll(t) T
Fio(t) — Fio(t) Bio(Fi0(t)
Vo

PROOF. Note that E(F(t)|Z, D)} is the mean of the plug-in estimate conditional on the
sigma-algebra generated by (Z,D) = ((Z1, D1),(Z2, D2),...,(Zn, Dy)). Conditioned on
this sigma-algebra, {nuy }uvefo,1} are fixed, and E(Fy,(t)|D, Z) = P(Y1 < t|Z1 = u, D1 =
v) = Fyuy(t). Moreover, if s < t, Cov(i 0(8), Fuu(t)| D, Z) = n—}wa(s)(l — Fuy(t)), and for
(u,v) # (u'v'), Cov(Fyup(s), Fuw (t)| D, Z) = 0 since,

EF (1) F oy (t)
1
= > P(Y, < 8, Yy < t|Zg =1, Dy = v, Zy =, Dy = v')
NNy’ 7
a,a’ €[n]
Za=u,Dq=0,Z,=u,D ;=v
= Fuv(S)Fu’v’ (t), (B33)

whenever (u,v) # (u'v').
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Now, it is well-known that for each (u,v), \/Tag(Fuy (t)—Fuu (1)) = (Buv(Fuv(t)) fuvyefo,1}s
and therefore, (\/Tuy(Fuv(t) — Fuv(t))){uv}ef0,1) = (Buv(Fuv(t)){uv}efo,13- Then,

] w BU'U F'U/U
(V(Fuu(t) = Fuo(t))) fuwyefoy = (\(/%(t))){u,v}e{()ﬂ}a

and the result follows. O

For X = (Xnta Xat) € R27 define

1_Xnt_fXat 0 0 1—Xxnt : Xat
0 1 0 0
C(X) = Xa 1—xn
O - 1*XntiXat 1—xnt *;(at O
0 0 0 1

Note that E(F(t)|Z, D) = C(¢)(Foo(t), Foi(t), Fi1(t), Fio(t))' and

Boo(Foo(t)) Boi(Foi(t)) Bu(Fui(t)) Blo(Flo(t))>/

where G(-) is as defined in the statement of Corollary B.2. Now, using the above lemma

Gt = (@)

and the Donsker’s invariance principle, and noting that C(¢) o (), it follows that

[ no) VaE® - BF )2, D)

K

Foo(t) — Foo(t)
= [ - c@ v g0 i [
) Fio(t) — Fo(t)
B[ ) G)dH, (B.34)
Ik
for any continuous function h : R — R. This implies
. h(t) - vn{F(t) - E(F(1)|Z, D)}dH
— [ ho) valB(@) - EE®|Z.D))dH + [ b ValB() - F)an
B G (B.35)

Ik

using (B.34) for the first term, and second term is op(1) by applying the Cauchy-Schwarz
inequality followed by Theorem 3.2.
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APPENDIX C: THE MBL ESTIMATORS UNDER THE NULL

In this section we analyze the MBL estimate of the distribution functions of the compli-
ance classes under the null. To this end, define

/l[) = ('@;coﬂ[)ntﬂzjat)/ ‘= arg wmgx Mn(’/’; QZ)),

and
FO(1) = MoFuo(t) + (1 — No)Fue(t)
i (£) = Fur(t),
() = Fu(0),
F2(t) = MFu(t) + (1 — M) Far(t). (C.1)

Next, define the population objective function,” under the null Hy, as follows:

M(2, @) = Too(Veor Ynts @) + Tho(Wnt, ®) + Tro(Unt, ) + Tt (Veo, Yat, ), (C.2)

where

log (1= dar) + J(Fg (V) Aotbeol Yipy) + (1 = Ro)tut (Vi) }

(]
3
8

:‘5 :‘5’ :‘5’ :‘
— et =)

T00(¢c07 wnty ¢V’) =

o
m
~
x

Tio(tnt, @) =

(]

log Gt + (S (V) (V) }

{
{log Gt + J(F ( Yir)); %t(Y(b)))} ;
Tor (Yat, §) = {

SI— 3= 3= 3|
o o
m m
~ ~
£ £

T11 (Yeos Yat, §) = {log (1 - ént) + J(Fﬁ(y(b)% Ateo(Yipy) + (1 — ;\l)wat(Y(b)»} :

S8
m
~
=

Finally, recall the plug-in estimators of the distribution functions of the compliers:

EQ(t) = Foolt) = (1;\_ ;\O)Flo(t), FO@) = Fu(t) - (1V— /\1)F01(t).
0

The following result, as in Lemma B.5, shows how the MBL estimator under the null is
related to the plug-in estimator:

5Note that we are slightly abusing terminology here, because the population objective function depends
on the sample {Y1,Y3,...,Y,}. Ideally, one should define M(-, -) as an integral with respect to the population
distribution function H. However, for technical reasons, it is more convenient for us to define M(-, ) with
respect to the empirical measure instead.
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PROPOSITION C.1. Fiz 0 < k < 1, and let I,, be as defined in (3.4). Then, under the
null Hy, the MBL estimator ¢ = (wco,wnt,wat)’ satisfies

2

| Vi(eo(Y) = Feo Vi)
n Z \/ﬁ@nt(y(b)) — Tt (Yp))) =op(1),
bel. \/ﬁ(d}at (}/(b)) - 7u'at (Yv(b))) 9

where
wot) i (Con®) + Ca®)FD(®) + (Cuo(t) + Coo() P ()
Zu ,e{0,1} Cu ( )
Fnl 1i%\ él (){ ( c }
Tat(t) == Fio(t) + —=
Zu ,we{0, 1} Cuv( )
T s RO {E0 - FY 0}
Tat(t) = Fol(t) + (03)
Zu ,we{0,1} Cuv( )
where Cu = S;X s 'sz)(y(b))(l - Fﬁé;(Y(b))), with Ayy as defined in Theorem, 6.1.

C.1. Proof of Proposition C.1. To begin with define

'J) = (&cou’@zntalzat) = max M, (¢ ¢)
Py

where ¥ = {(6?00, OntyOat) : Ocoy Ont, Bar € RR}, is the unrestricted null parameter space. In
this case there is no-closed form expression of 1,5 However, by the asymptotic expansion of
the sample null objective function we can find an asymptotically equivalent formula for ).

LEmMmA C.1.  Let 'IL and T = (Teo, Tnts Tat)' be as defined above. Then

Y (Vi) = # (Vi) = op(1), (C.4)

bely

whenever ‘|1/;(Yib)) — Fo(Yw))ll2 = op(1), for every b € I, where Fy = (Feo, Fut, Fat)', with

Fc(g) = Fc(g) := F,, is the vector of true distribution functions under the null.
PROOF. Next, recall the definitions of M,, and M from (3.6) and (C.2). Then
(ML, — M) (4, ) — (Mn - M)(Fo, )

Yiy) — Fba(Yiry))
Y

(s (V) = Fa(¥i)) + Op(n3)
qu{O 1} bely Fuv( (b))(1 - Fuv(}/(b)))
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S Q8 (Vi) Bus (Vi) — FS(Yi)) + Op(n~2),

u,ve{0,1} bel,

where Qdu’ Y = B o — L .
w) = g 0 )
Now, under the null hypothesm C(B) = Fc(o) := F,,, we can re-group the terms in the

above sum in terms of wco( b)) — Foo(Y, b)), wnt(Y(b)) — Fnt(Y(b)) and @at(Y(b)) — Fat(Y(b)),
to get

(M, — M)(, ) — (M, — M)(Fp, )

- \/15 {Z(ﬁ(y(b ) — FO(Y(b))>/Zn<Y(b))} +O0p(n~3), (C.5)
bel,

where Fy = (F,o, Ft, Fut)' is the vector of true distribution functions under the null, and

R0Q(O{Foo(t) — EH (1)} + MQA(O{Fu(t) - Fi ()}
Zu(t) = —= | (1= 20)Q({Foo(t) — Fip(1)} + Q%) {Fr0(t) — Fig(0)} | - (C-6)
¢>
11

‘/ﬁst* ¢ (N(T (1 _
(1= A)QT(O{F 11 (1) — F11(1)} + Qor (O Fo(t) — Foy (1)}

Next, denote by V;, the Hessian matrix of M(t), @) at the point ((Fo(Y(p)))ver,)- Note
that the Hessian matrix is block diagonal

V,, = diag(Va(Yr)) et (C.7)

where V,(-) : R — R3*3 is given by the following:

O*M(h,P) 9?M(2h,9) 02M (v, )
P Py S
Vi) = | 50090 ®  Oo®? T i@ | o=F
*M(v,¢) PM(v,) I*M(¢,9)
0that ()0co(t)  Otbat (t)OPne(t) 0ar(1)?
| [RQH® + 3011 Aot —20)Q(1) M1 = A)QK®)
=~ M=20)Q%1)  (1-2)2Q% 1) + QT (1) 0 v
M- X0)QP (1) 0 (1-2)2Q% (1) + Qh ()

Now, by a second order Taylor expansion of M(2), ¢)—M(Fy, ¢) around the point ((Fy (Ye)))ver.)
gives,

M(h, &) — M(Fy, &) = 5 - 3" @ (¥) ~ FolVi))'V (i) (G (¥i) — Fo(Vi)) + Op(n3),
bely,
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since the gradient of M(2, @) at the point ((Fp (Y®)))ver,.) is zero (by arguments similar to
the proof of Lemma A.1). Then from (C.5)

M (3 6) ~ Mo (Fo, ) = = {Z () - Fomb)))’zn(m))}
belx
5 S @) — Fo(¥i)) Val¥i) B (¥i) ~ FoY)) + Op(n ), (C8)

bely

Similarly, replacing v by Fy — n_%Vn_lzn = 7 (by Lemma C.2 below), in (C.8), where
Zn = (Zn(Y)) )per, and V,, = diag(V,(Y(y)) Jver,, gives

v v 1 1 3
Mo (7, 8) = Ma(F, ) = = - =~ 3~ Zu(Yi)) ValVi) " ZalYip)) + Op(n ), (C9)

bel

since £ 3, ||#(Y())|I3 = Op(1/n). This implies, subtracting (C.9) from (C.8) gives,

M, (4, v) ( ¢v>)
v b A _3
Z (Y| 7(Y)) Vo (Yio) (F(Y()) — Fo(Y())) + Op(n™2). (C.10)
el
Now, since M, (), §) — M, (¥, @) > 0 and supper, || =V (Y(p)) " Hloo = Op(n) (seen from
Lemma C.2 below), the result in (C.4) follows.% O

LEMMA C.2. Forte (0,1),

Foo(t) — Teo(t)
Vn_l(t)Zn(t) = \/'E Fnt(t) - 7v'nt(t) )
Foe(t) — Tar(t)
where Teo(t), Tne(t), and Tqi(t), are as defined in Proposition C.1.

PROOF. Recall V;,(¢) from (C.7). Then by direct calculations, the inverse matrix V-1 (#)
can be computed as:

X n (Wn(t) Wis(t) W13(t))
Vi 0= ~aavnoy) | Tl W) Waalh)
| det(V,,(1))] Wzi(t) Wiu) sz(t)

where

R (G P P SR )
Qb  Qh®) Qb QL

SFor a symmetric matrix A, denote by ||A||cc the maximum eigenvalue of A.

| det(Vo(£)] = QE(HQ% ()Q% (1)Q% (1) - (
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W) = ((1- 302051 + Q% 1) x (1 - 12Qh® + Qh®)
Wiat) = —Xo(1 = J0)@B(®) < ((1 = A0%Qf (1) + QR ()

Wia(t) = (1= %0)*Qf(0) + Q% (1) x —Xi(L = X)Qh (1)

Wzl(t) = Wio (t)

Waa(t) = A3(1 — A1)?QE(1)QT (1) + MG (HQ (1) + AQ§ (HQP (1)
Was(t) = Xo(1 — o)A (1 — A\)QE (H)QT, (1)

W31(t) = Wis t)

Wisa(t) = Was(t)

Was(t) = (1= 20)*X3QG ()Q1: (1) + MR ()QT (1) + AQT (@ (¢).
Then recall the matrix Z,(¢) from (C.6). The proof of the result follows by direct mul-
tiplication. O
The proof Proposition C.1 can now completed by arguments similar to the proof of

Proposition B.1. We outline the steps below, omitting the details:

— To begin with define, T = (Tco, Tnt, Tat), as follows:

o 1= i (V) — 0(Y))? C.11
T arggg%hg]R)g(Ts( ®) = 0(Yw))", (C.11)

where s € {co,nt,at}. Then as in Proposition B.1, it can shown that
- y _1
Y IF(Y) = #(Y)l = op(n™4).
bely

This implies My(7, ) — Mo (b, @) < My (¥, ) — My(7,¢) = op(n~1).
— Then as in the proof of Lemma B.5 in Section B.2, it follows that » ., [[1(Y(y)) —
T(Y)l3 = 0p(n_i), completing the proof of Proposition C.1.
APPENDIX D: PROOF OF THEOREM 6.1

In this section we derive the asymptotic distribution of the binomial likelihood ratio
statistic (BLRT). Recall from (6.4) that the BLRT statistic

T, := max Mn(e,qvﬁ) — max M, (60, QVS),
Oc 9

It 0cy o

where ﬁz = (Qusntv ?Zat)a with an = 1101 vﬁgn = 10 and @7)0 =1- dv)n - ﬁgaa is the pIUg‘in

. . n00+"N01 nio+ni1
estimate of the compliance classes. Denote
6 := arg min max M., (0, dv)), @) := argmin max M, (¢, é), (D.1)
06’(9+ 66’0+,0
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where 8(t) = (80 (), B (1), 652 (1), 80t (1)) and B (t) = (Yeo(t), Yt (t), Yar(t)). Finally, recall
from (2.11), the plug-in estimates of g, A

\ ¢c

)\0 5\1 = )

be+ bn be + ba

and, define

000(t) = 20D (@) + (1 = X)0ni(t),  Doo(t) = Moteo(t) + (1 — No) e (t)

O11(t) = MO () + (1= A)0ae(t),  h11(t) = Mtbeo(t) + (1 — M)t (t),

With the above notation, we now have the following lemma, which shows that, under
the null, the restricted as well as the unrestricted MBL estimates of the true distribution
functions are asymptotically close to the plug-in estimates.

LEMMA D.1. Under the null Hy, the following holds:

Y Y (hulVi) - Ful¥i) = op(). D.2)

bely u,we{0,1}

and

Y Y () Al = or(). (D3)

bely; u,ve{0,1}

where 7'00 t) 0’7‘ (t) + (1 - S\O)ﬁlt(t), 7‘01(15) = ’f'at(t), ’7’10(15) = %nt(t); and ’7‘11(15) =
M Teo(t) + (1 — X)) Far(£), with (Feo(t), Fni(t), Far(t)) as defined in Proposition C.1.

PROOF. The result in (D.2) can be shown by arguments similar to the proof Lemma of
B.5. Recall that Lemma B.5 shows that 37, >, ero1y (Fuv(Yi) — Fuo(Yir))? = op(1),

where F' is the BL estimate of F', the vector of true distribution functions, when the
proportion of the compliance classes are estimated by maximizing the binomial likelihood
function. On the other hand, 6 is the BL estimate of F', when the proportion of the
compliance classes are estimated by the plug-in estimates. Nevertheless, the proof of Lemma,
B.5 can be repeated verbatim to show (D.2).

The result in (D.3) follows from Proposition C.1 and the definition of {7y} vefo,1}. O

Using this lemma leading term of the asymptotic expansion of the BLRT can be derived
as follows:
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LEMMA D.2.  Let {Tuv}upefo,1} and {iﬁuv}u7ve{071}, be as defined above. Then the BLRT
statistic satisfies

! Tuo (Vo) = Fuo(Yp)))? }
" 7 +O0p(1/vn D.4
{uv}zez{o 1}116212 { (Yip))(1 = Fuw(Yp))) p(1/vn) (D.4)

PROOF. Recall that the definitions of @ and % from (D.1). Then, the BLRT can be
rewritten as,

T, = M,(0,0) - M, d) == 3 3 (Tu(Vlf) — Tu(Vpl$),  (D5)

{u,v}e{0,1} bel,

where
~ Nyy [~ ~ — ~
Tuv(yb)‘a) = n {Fuv(yv(b)) log euv(}/(b)) + (1 - Fuv(}/(b))) IOg(l - qu(}/(b)))}

Too(Yio)[$) =222 { Fuu (¥ Iog B (Yioy) + (1 = Fu (V) og(1 = i (Y)) }

Recall the definition of the (negative) binary entropy function I(x) = xlogz + (1 —
x)log(1l — x). Then, note that

Tuv(Y(b) ‘é) - I(FU’U(Y(b)))

Ny | —= éuv(y(b)) 1-— éuv(}/(b))
= Fou(Yy) log =————= + (1 — Fyp(Yy)) log
= R, (D-6)

where

Ry =

nuy (B (Vi) = Fun(¥ip))? { Fu(Vp) 1= Ful(Y) }
n 4 ("‘)ﬂuv(y(b)))2 (1—- Wuv(y(b)))2 ’
and Wuv(Yv(b)) € [Fuv(yv(b)) /Luv(}/(b)) 9 ( (b)) VFuv(Y( )) o

Note that Wuv(Y(b)) > Fuv(Y([nf-ﬂ)) N 6?uv( ([mﬂ)) and Fuv(Y(b)) < Fuv(y([n(l—m)]))-
Therefore,

Fuv(Y(ina-m1)
(Wuv (Yv(b)))2 Fuv(Y(m{)) A Oy (Yv(n"f))

since Fuv(Y((mﬂ)) £ H k), Fu(Y, (In(1=r)])) £ H_.}(1 — k) using Observation A.3, and
=op

1o (Y fnr1)) = Fuo (V)| (1) by Lemma D.1. Similarly,
1- Fuv (Yr(b))

(1- wuv(Y(b)))2

=Op(1).
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Therefore,

Z |R1(22| < OP(l) Z ’éuv(Y(b)) - Fuv(y(b))|2

bel, bely

D) Y Fur(Y) = 0uo (Vi) [P = 0p(1), (D.7)

belyx
by (D.2). Therefore, by (D.6),
1 . _
LS S Rl — IFu (i) = or(1/). (D.8)
{uv}e{0,1} belx

Similarly, by a second order Taylor approximation,

Lo (Vi) — I(Funi) = ™ ;ffgb();)( T Og/():)))ﬁwggn (D9)

2~ - Ny

where

b _ Muw @uv(Y(b))—Fuv(Y(b)))?’{ Fuwp) 1= Ful) }
uv 6 (Wuo(Ye)))? (1 = wun(Ye))®

and wuy (V) € [Fuo (Vi) A Cuo(Yp))s Yuo(Yir)) V Fuw(Yy))]. Now, as in (D.7),

1
E Z ‘W(b ’ < OP Z ’¢uv uv(Yv(b))‘3
belx bEIm
Z ’Fuv b) l/}uv( )‘
bEIH
1 = y
- Z ’Fuv(yv(b)) - Tuv( )’3 + OP Z ‘wuv Yv(b - '7—uv(Yv(b))‘3
belx bGIn
2
< OP(” 2 JF OP Z Wjuv 7v—uv(Yv(b))P
bel,
=op(1/n), (D.10)

using sup; [Fuy(t) — Fuu(t)| = Op(1/y/n) for the first term, and Cauchy-Schwarz followed

by (D.3) in the second term.
Therefore, combing (D.9) with (D.10) above gives,

LY Y Tl - I(Fu(Yy)

{u,w}€e{0,1} bel,
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1 oy e 1 (jﬁuv(Y(b))—Fﬁv( ®))? + op(1/n)
" wmyeony e, "t 2 Fuwp) (1 = Fu(Y))

Loy e L Gl S Ea0WE ) (D.11)
" wmreony e, v 2 Fup)( = Fu(Y))

where the last step uses triangle inequality and (D.3). Combining (D.8) and (D.11) with
(D.5) the result follows. O

The proof of Theorem 6.1 can now be completed by simplifying the RHS of (D.4). To
this end, we have the following observation:

OBSERVATION D.1.  Let {Tuv }uve{o,1} be as defined in Lemma D.1. Then, for u,v €

{07 1}7

o - X CV’uv t r- r-
) = Fualt) + - = (FD W - FO0), (012
u,vef{0,1} Yuv

where {S\W}u’ve{m} and {éuv}u,ve{o,l} are as defined in Theorem 6.1 and Proposition
(C.1), respectively.

PrOOF. Recall the plug-in estimates 7Y (t) and F’c(;)(t) from (2.14). Then from (C.3)
it follows that

F00(t) = AoFeo(t) + (1 — Xo) e (£)
Tl + Coo(t)Ag {Fn(t) — (1= 3)Fa(t) _ Foolt) = (1= %) Fio() }
> uwefo,1} Cun(t) A1 Ao

= N Coo(t) (1 (0
= Foo(t) + Aoo - 2 FQ) - FO1)).
> uwefo,1} Cun(t) ( )

The expressions for 7y1(t), T10(t), and 711(¢t) can be computed similarly. O

Substituting (D.12) in the RHS of equation (D.4), the leading term of the BLRT sim-
plifies as follows:

)\uvcuv ) qu (Yv(b )
Zu ,ve{0,1} Cuv(Y(b))

MDY

u ,ve{0,1} bEl,

\/E(Fc(j)(Y(b))—F(g)( Yw)))| +op(1).
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Ny /T

using Quu(t) = T T Next, recalling he definition of {éuv<t)}u,ve{0,1} from
Proposition C.1, note that

v )\2)\2 5 5 /\2)\2 1
Cunlt) = R0 - Ff(0) = S
e Mo Qb
Therefore, the leading term of 7T, can is further simplified as
>\2>\ qu(}/(b))
oo 1 Zu ,we{0,1} )\2 Q¢ Y(b))g - (1) )
T, = ()‘O)‘l) ’ E Z (\/>{ co ( ) - Fco (Yv(b))}> + OP(l)
bel, (Zu ,0e{0,1} CU'U( (b)))
vovg. 1 1
= (A -~ (Va{EQ (V) = F (Yp)})? +op(1), (D.13)
n bel, Zu ,e{0,1} CU'U( (b))
qu(y(b)) . _ : X dVJ
where the last step uses suppe;, V) = op(1), since both Qu(t) and Quy(t)
uv ¥ (b)
converges to W = Quv(t) in supremum norm. Using this and 2o LA Ao and
PPREA A1, the RHS of (D.13) can be further simplified as
o1 (Va{F%) () = F) (Y1)’ +op()
n bel, ZU,UG{O,I} ﬁ% UU(Y(b))(l - FU'U (}/(b)))
7(0) Oy 2
1 Fco Y, - co
_ 1 Z (vn{ 7(1 ) ( (b)l}) +op(1). (D.14)
W2 Seton) 1 Fue ) (L~ Fus(Y)
where the last step follows from supye ;. ]Z;;:(}}:((:)))) — 1| = op(1). This completes the proof
of Theorem 6.1. O

To re-write the denominator in (D.14) as the conditional variance of the numerator, note
that n Var(F,(t)|(Z, D)) = = Fu(t) (1 — Fuy(t)). Therefore, by the independence of Fuy
(conditional on (Z, D)),

nVar(FQ)(t) = F)(1)|(Z, D))

— Var <Foo(t) - (15\0— Xo)F1o(t) _ Fu(t) - (15\1— A1)Fo1(?) (z, D))
- Z ;‘;w nilw uv(t)(l - Fuv(t))7 (D'15)

u,ve{0,1}

recalling the definition of {;‘uv}u,ve{o,l} from Theorem 6.1. Therefore, by mimicking the
proof of Lemma B.6, the RHS of (D.14) simplifies to (6.6).
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APPENDIX E: PROOFS FROM SECTION 4

In this section we recall the well-known PAVA algorithm Barlow et al. (1972); de Leeuw,
Hornik and Mair (2009), elaborate on the EM-PAVA algorithm, and prove Proposition 4.1.

E.1. The PAVA Algorithm. The PAVA algorithm takes input a vector w = (uq, ..., uy,)’
and an a weight vector w = (w1,...,wy), and returns another vector PAVA, (u) :=
(U1, ...,0y,) such that

n

— i (g — 19:)2
PAVA,,(u) := arg o nin 3 w;(u; —v;)°. (E.1)

The weighted PAVA algorithm is as follows: To begin with set 4, = u, for all a € [n].

Step 1. If u; < 19, move to Step 2. Otherwise, %1 > w2 in which case the values are updated

as
wiUl + Wl

Up = U9 < w1+ ws
the weighted average of the original values of {u1,us}. Then, move to Step 2. Note
that the first step does not update the points from the third to the last, that is,
lig = Uq, for a € [3,n].

Step 2. For the a-th point, compare 4, with Ggy1. If G5 < tg41, then 4, remains the same
and the algorithm moves to the next point. If 4 > dgi1, then 4y = dg41
%, the weighted average of {g, Ug+1}. Then new value is compared with
Ug—1. If the required monotonicity assumption is achieved, that is, @,—1 < 14, then
the algorithm moves to the (a 4 1)-th point. Otherwise, t,—1 > 4, in which case
Ug—1 = Uq = Uq+1 is updated by the weighted average of {41, g, Ug+1}. This re-
peated until a sequence the partial sequence 1, ..., 1, is non-decreasing. Then the
algorithm moves to the (a + 1)-th point.

It is well known that the output PAVA,,(u) = (1, U2, ..., Uy,) of the above algorithm
is non-decreasing and is the solution for the optimization problem (E.1). For example,
suppose u = (3,2,1) and w = (1/3,1/3,1/3). Then PAVA algorithm updates u in the
following order,

(3,2,1) = (5/2,5/2,1) — (5/2,7/4,7/4) — (2,2,2).

For our experiments, we have used the pava function in the R package Iso, which imple-
ments weighted PAVA algorithm described.

E.2. Proofs from the EM-PAVA Algorithm. In this section we fill in the details
of the EM-PAVA algorithm described in Section 4 above.
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E.2.1. The Expectation Step. To begin recall the definition of K} ¢ = {Z, = u, S, = s}.
Then recalling (4.3) and (4.4), the complete data binomial log-likelihood (4.5) can be re-
written as follows:

log L (7] X|D Z Z Z Z Su,s(Yaa Yv(b))? (E2)
a€[n] b€l ue{0,1} se{co,nt,at}

where

Suco(Ya, Ypy) = L{KL .} og xeo + 1{Va < Y, K2} log 05 (V)
+ H{Ya > Y, K oo} log(1 = 65 (Yip)),
Sunt(Ya, Yp)) = WKy e} log Xt + 1{Ya < Yig), Ky 1} 1og 04 (Y] ( b))
+ 1{Ya > Vi), Ky e 1og (1 = 00t (Yp))),
Su,at(Ya, Yip)) = H{EKy ge }10g Xat + 1H{Ya < Yoy, Ky o1} 1og 0t (Yiz))
+1{Ya > Yo, K 1} og(1 = Oar (Yy)))-
The recalling (4.6) we have

Q0 X0y, X(m) = D D D, Qus(Y), (E.3)

bel, ue{0,1} s€{co,nt,at}

where, for u € {0,1}, Qus(Y(p)) := Eé( R (it Sus(Ya, Yp))|Dp). To compute (E.3),
we need to compute the following probabilities:

r(()m) = 0(m)7X(77L)(Sa =co|Zy=0,D,=0,Y, <Yy)
r§m) = O(m),xm)(s" =co|Zy=1,D,=1,Y, <Yy)
pim =Py, g (Sa =00l Za=0,Dy = 0,Ys > V)
o™ = by ko (S0 = €01 Za = 1, Dy = 1Y, > Yyy)).

LEMMA E.1.  Let rém),rgm),pém),pg ™) be as defined above. Then, for u € {0, 1},

Qu,co(i/(b)) :nuu{ (Fuu(yv(b))rvgm) + (1 - Fuu(}/(b))) (m)> log(l - Xnt( ) T Xat,(m))

+ Fuu(Yi))ri™ log 089 (Yiey) + (1 — Fuu(Yip))) ™ log(1 — 62 <Y(b>>>}.

Similarly,

Qont(Ypy)) = noo{ (FOO(Y(I)))(l - T(()m)) + (1= Foo(Yp)) (1 — P((]m))> 108 Xnt,(m)
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+ Foo(Y)) (1 = 1) 1og 0t (Yi)) + (1 = Foo (Vi) (1 — p§™) log(1 — em%)))},

and

Qrat(Yi)) = nn{ (fn(Y(b))(l ™)+ (1 Fru(Yy)(1— Pgm))> 10g Xat,(m)
+ P (V) (1= ™) 1og 0ar (Vi) + (1 — Fra (V) (1 — pi™) log(1 — eamm}.

Finally, Q1.nt(Y(y)) = n1010g Xt +n10J (F10(Y(p)), Ont (Yir))) and Qo,at(Y()) = no1 108 Xat +
no1d (Fo1(Y)), 0at(Yp))), where J(z,y) = zlogy + (1 — z)log(1 —y).

The proof of the above lemma is an easy consequence of Lemma E.2 below. This com-
pletes the proof of the expectation step of the EM algorithm, at the (m + 1)-th iteration.

LEMMA E.2.  For every integer m > 1,

T(()m) = - - >€co,<m>9$,)<7)(Y<b>)A ’
Xeo,m) Vo, (m) (Y(8)) + Xt ) Ot (m) (Y (1)

7agm) = - - Xco,(m)ég,)(il)(y(b)? ’
Xeo,(m) 0o, (my (Y(5)) + Xat,(m) Oat,(m) (V)

o A(ico,(m)(l - é,(;i?(m)(y(b))) A |
Xeoy(m) (1 = 0050y (Y5))) + Xnat, (m) (1 = Ot (m) (Y(3)))

my Reostmy (1= 00 (Vi)
1= 0 =

)A(co,(m)(l - é@()’(m) (Yv(b))) + )A(at,(m)(l - Hat,(m) (}/(b)))
where )A(co,(m) =1- )A(at,(m) - )A(nt,(m)'

PRrOOF. Throughout the proof, we denote P = ]P’é( | R for notational simplicity.
To begin with, note that

rg™ = P(Sy = co| Zy = 0,D4 = 0,Y, < Yy))
_ P(Sy, =co,Z, =0,D,=0,Y, < Y(b))
C P(Sq=1¢0,Za=0,Dq =0,Yy <Y)) +P(Sq =nt, Z, =0,Dq = 0,Y, < Yp))
(E.4)
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Now,
P(Sy =co,Z, =0,D, = 0,Ys < Yp))
P(Z, =0,D, =0)
=P(Y, <Yy | Sa=c0,Za=0,Dy =0) -P(Sa =co| Z, =0,D, =0)
_ Xco,(”'f) P(Yy < Yy | Sa = co,Z, = 0)
Xco,(m) + Xnt,(m)
Xco,(m) A(0)
= = - 0 Yiu). E.5
Xco,(m) +Xnt,(m) co,(m)( (b)) ( )
Moreover,

P(Sy = €0, Zy = 0, Dy = 0,Y, < Yy)) + P(Sy = nt, Zy = 0, Dy = 0, Yy < Yp))
P(Z, =0,D, =0)

=P(Y, <Yy | S0 =c0,Za=0,D, =0) -P(Sy =co| Z, =0,D, =0)

+B(Yy < Yy | S = nt, Zy = 0, Dy = 0) - P(Sy = nt | Zy = 0, Dy = 0)

_ )A(co,(m) 4(0) é v y
Reo(m) + Xnt(m) <™ nt(m) (Y(0)) (E.6)

)Znt,(m)
)A(co,(m) + )ACnt,(m)

(Yip)) +

Substituting (E.5) and (E.6) in (E.4) the identity for r(()m) follows. The other identities can
be proved similarly. O

E.2.2. The Mazimization Step. Recall from (4.7), that

(e(m—I—l)a X(m—&-l)) = arg Begfé}e{RQ Qm(0> X|0(m)7 X(m)),

! 7(0 A A ~ A ~
where 0(m+1) (t) = (ego?(m_;_l) (t)v 9nt,(m+1) (t)v eicl)?(m+1)7 9at,(m+1))/ and X(m+1) = (Xnt,(m+1) ) Xat,(m+1))/'

LEMMA E.3. Let r(()m),rgm), p(()m),p(()m) be as in Lemma E.2. Then

) Foo(Yip)rs™
(0) B 00\+(v))T0
eco,(m—‘rl) (}/(b)) T = (m) i (m)’
Foo(Yp))ro ~ + (1 = Foo(Yr)))po
o nooFoo(if(b))(l - T(()m)) + n10F10 ()/(b))
Ont,(m+1) Yip)) = ——= (m) = (m) ’
nooFoo(Y(p)) (L — 75 ) +mnoo(l — Foo(Yp))) (L —py ) + nio
iy = Fu(Ypy)ri™
co,(m+1)( (b)) T = (m) Enl (m)’
Fiu(Ypy)ry 7 + (1= Fuu(Yw))pi
N TL11F11(Y(1;))(1 — Tgm)) + nOIFOI (Yv(b))
9at,(m+l) (Yv(b)) =

nnF1(Y) (1 — ™) +na (1= Fia (V)1 = p™) +nor’
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and
~ 1 Enl m el m
Xnt,(m+1) = Tn bEEI {nooFoo(Y(b))(l - 7’(() 1) + ngo(1 — Foo(Yp)))(1 — /0(() N+ nlo}
A 1 Enl m Bl m
Xat,(m+1) = T.n bEGI {nm +n11 11 (Y (1 — 7’5 )) +n11(1 = Fra(Y))(1 - Pg ))} .

Moreover, X(m+1) = (Xnt,(m+1)> Xat,(m+1)) € [0,1]3, that is, Xt (m+1)> Xat,(m+1) € (0,1)
and 0 < Xpt (m+1) T Xat,(m+1) < 1.

PRrROOF. This follows from Lemma E.1, by solving the first-order conditions obtained by
taking the gradient of the Qm(0,x|é(m),)2(m)) with respect to (0(Y(4)))ser, and x, and
equating it to zero.

To see, X(m+1) € [0, 112, note that Xnt,(m+1) a1d Xq¢,(m+1) are obtained by maximizing
with respect to a,b a function of the form xlog(a) + ylog(b) + zlog(l — a — b), for some
non-negative quantities x,y, z. Clearly, this is maximized when a = x/(z +y + 2), b =
y/(z + y + z), which satisfy the requited constraints: a,b € [0,1] and 0 < a+b < 1. O

To ensure the monotonicity constraint we apply the PAVA algorithm with the following
weights to the vector 6, 1), which is computed in the above lemma:

i(o]?(mﬂ)(y(b)) = nOOFOO(Y(b))T(()m) +n00(1 — Foo(Yp)) p(()m)’
Wnt,m1) (Vi) = o0 Foo (Y ) (1 = r™) + noo(1 — Foo(Y))(1 — o) + nao,
Wat,m-+1) (Y(py) = nuf ' (Y) (1 - ™) + (1 - Fii(Yp)(1 - A + o,
Wi ey (Vi) = ma P (Vi)™ 4 (1= T (Y )™ (E.7)

This completes the description of the EM-PAVA algorithm. Proposition 4.1, which is proved
below, shows that this procedure indeed maximizes Q (8, x| (), X (m)) over the restricted
parameter space 94 x [0,1]2.

Proof of Proposition 4.1: A collection of fi, fo,..., fn : R = R is said to be nice with
respect to a given weight vector w = (wq, ws, ..., w,)" if the following hold:

~ there exists 8 = (01,...,0,)" such that 0qp := arg max Zl;:a fs(0) can be represented

as the weighted average of (0,,...,0), that is,

.
Gy = e la gy

ab — b —

Zs:a Ws

— Zg: o f5(0) is strictly increasing when 6 < 0, and is strictly decreasing when 6 > 0.
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We will use the following well-known result about maximizing the sum of nice functions
under the monotonicity constraint.

LEmMMA E.4. Ma, Foster and Stine (2015) Let fi, fa,..., fn : R = R be collection of
functions, and Z, = arg max,er fo(2). If this collection of functions is nice with respect to
a given weight vector w = (w1, we, ..., wy,) , then

arg21??§2n2fs 2) = PAVAw (31, .., 5n),
—

where the PAVA algorithm uses the weight vector w.

Since X(m+1) € [0,1]3 (Lemma E.3), it suffices to show that é(m-i—l) € 94 and it is the
restricted maximum. Note that the estimates

éig?(m—i-l) (Yv(b) )’ éﬂtu(m+1) (Yv(b) )’ é((:i,)(m—&—l) (}/(b) )a éat,(m+1) (}/(b)) € [0, ]-],

for each b € I,. Therefore, the PAVA estimates é(m+1) € 9. Next, to apply Lemma E.4
above, define the following four functions f1y, fob, f3b, f1b:

f16(015) = nooFoo(Yie))rg o™ 1og 01 + noo (1 — Foo(Y(b))p(() "log(1 — 61,)
Jon(O2p) = {noofoo(Y(b))(l - 7“(() N+ n1oF1o(Y(b))} log 6,
+ {noo(1 — Foo(Yin) (1 = pi™) + nao(1 — EO(Y(b)))} log(1 — Ba)
Fan(035) = nu Fu (Y )ri™ log Oz + nay (1 — Fia (V) o™ log(1 — )
fa(Oap) = {nllfll(y(b))(1 - Tgm)) + no1Fo1 (Y] }10g 046
(

+ {n11(1 — Fu (V) (1 = p\™) + nor (1 — For (Y ))} log(1 — ).

where 01, = 0 (Vy)), 02 = Ot (V) 035 = 085 (Y(y)) and O, = 0 (Y(y)). Then, from (E.3)
and Lemma E.1, it follows that

Qm (0 X‘Om)aX( +ZZfsb sb

s=10bel,

where C(x) is a function depending only of x. Therefore, maximizing @, (8, x|é(m), X(m))
is equivalent to maximizing » ,c; f(0sp) for each s. Now, for each s, it is easy to see that
the functions fg(0sp), for b € I, satisfy the condition in Lemma E.4 with weights as in
(E.7), and, hence the proof of Proposition 4.1 follows.
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APPENDIX F: CONFIDENCE BAND CONSTRUCTION

We adopt an approach described in Buja and Rolke (2005) to construct confidence
bands for the estimated CDFs. For an estimated CDF F(t) on fixed and ordered loca-
tions (ti1,...,ty), this procedure finds an upper bound u(¢) and a lower bound /() such
that F(t) € [(t),u(t)] with probability 100(1 — «)% simultaneously, for all t € T =
{t1,t2,...,tn}. Begin by resampling the data B times and obtain estimates of the CDFs
Fb(t), for 1 <b< B andt e T. Then the following steps are implemented:

(a) Allocate the values of {Fy(t;) : 1 < b < B,1 <i < n}in a B x n matrix, where the

b-th row is (Fy(t1), ..., Fy(tn)).

(b) Destroy the relationships within rows, by sorting the columns. This yields, for a fixed

location of t € T, a set of order statistics that are estimates of marginal quantiles.

After sorting, the b-th row will contain the estimates for the b/(B + 1)-quantiles, for

1 < b < B. Define, q,__» _(t;) to be the (b,i)-th element of this sorted matrix, and
T B+1

Us(ti) = gs(t:) and us(ti) = q1—s(ts)- R
(c) For each Fj, determine the minimal parameter value s = s, such that £s(t;) < Fp(t;) <
us(t;), simultaneously, for all 1 <14 < n. The bisection algorithm can find the minimal

s efficiently.

(d) For the collection of parameter values (sp)pcp determine the upper 1 — a quantile.

This will be the estimate 3, for a band with coverage probability minimally > 1 — «:

[0(t), u(t)] = [ls, (L), us, ()], for t € T.
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