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Abstract
This paper examines issues arising from the application of partial identification
in the context of models involving binary endogenous treatment variables and binary responses. It investigates the implications for the analysis of average treatment
effects, paying particular attention to the inferential properties of parametric, semiparametric and non-parametric methods. A novel approach to the construction of
identified set confidence regions is presented and Monte Carlo experimentation is
employed to investigate factors affecting the performance of the different techniques
using an experimental design based upon Australian National Health Survey data.
The effects of instrument strength on the size of the identified set, and its impact
on the properties of the alternative methods, is also studied. And the relationship between alternative ATE identified sets that have appeared in the literature is examined,
suggesting the general applicability of the findings. Finally, the empirical impact of
the findings is demonstrated via an application to health insurance cover and health
care utilisation.
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Introduction

Following the potential outcome framework in Neyman (1923), Rubin (1974, 2006) and
Heckman (1990), let Yi represent the outcome observed for individual i, and let Y1i denote
the response when individual i is treated (Di = 1) and Y0i the response when untreated
(Di = 0), where the dummy variable Di ∈ {0, 1} indicates the individuals treatment status. A basic quantity of interest in many policy analysis and program evaluation problems
is the average treatment effect (ATE): AT Ei = E[Y1i − Y0i ]. We wish to estimate the
ATE, but with observational data of the type typically used in socio-economic empirical
studies, we usually never observe Y0i and Y1i for the same individual. How then can the
ATE be identified, if at all?
An early contribution to the problem of identifying and estimating treatment effects was
that of Heckman (1978), who developed a class of econometric models for simultaneous
equation systems with dummy endogenous variables, and a typical approach to estimating
the effect of a binary treatment variable on a binary response, where both may be driven
by common observable and unobservable factors, is to assume a parametric model, such
as a bivariate probit, together with the use of instrumental variables to force point identification (see Angrist and Pischke (2008) for example, and Jones (2007) for a discussion
in the context of health economics). However, the underlying assumptions, including a
parametric distributional form, a threshold crossing rule for the binary variables, and a
separable error structure, are unlikely to be true of real data. Moreover, the identification
relies heavily upon the parametric and distributional assumptions, and following the work
of Manski (1988) researchers became aware that the assumptions underlying the simultaneous equations model need not point identify parametric functions of interest such as
the ATE. Nevertheless, meaningful restrictions on the values that these functions may take
can still be ascertained, i.e. they can be partially identified.
To be specific, following Chesher (2005, 2010), consider a model M for a scalar binary response variable Y of the form Y = h(D, X, U ) (a structural equation) where the
structure function h is weakly monotonic in U and is normalized so that the marginal
distribution of U ∈ (0, 1) is uniform, X denotes a vector of exogenous explanatory variables, and D is a binary endogenous regressor. Suppose also that there exists a vector of
instruments Z such that P [U ≤ τ |Z = z] = τ for all τ ∈ (0, 1) and all z ∈ ΩZ , the
support of Z.
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Since Y is binary h(d, x, u) must be a non-decreasing step function of u, and recognizing
that Y is a Bernoulli random variable, it follows that h(d, x, u) can be characterized by a
probability threshold function p(d, x) such that

Y = h(D, X, U ) =



0, 0 < U ≤ p(D, X)

(1)


1, p(D, X) < U ≤ 1

where, without loss of generality, the support of Y and the dummy treatment variable D
is taken as {0, 1}. An explicit example is where Y indicates if an individual has visited
a dentist in the last year, X measures various socioeconomic and demographic characteristics of the individual, and D denotes whether the individual possesses private health
insurance. From equation (1) we have, trivially, that the distribution of the potential outcomes Y1 and Y0 is given by

Y1 = h(1, X, U ) =

and
Y0 = h(0, X, U ) =



0, 0 < U ≤ p(1, X)

,

(2)

.

(3)


1, p(1, X) < U ≤ 1



0, 0 < U ≤ p(0, X)

1, p(0, X) < U ≤ 1

It follows that the ATE for an individual with characteristics x is
ATE(x) = E[Y1 − Y0 |X = x]
= P ({Y = 1}|D = 1, x) − P ({Y = 1}|D = 0, x)
= E[Y1 |X = x] − E[Y0 |X = x]
= 1 − p(1, x) − (1 − p(0, x)) = p(0, x) − p(1, x) ,

(4)

and it is apparent that the ATE can be partially identified (bounded) by constructing
bounds on the probability threshold function.
In a seminal contribution to this field Manski (1990) derived nonparametric bounds under
very general assumptions, but unfortunately the resulting bounds proved to be uninformative for most practical purposes since they can be very wide, although with additional
assumptions such as monotonicity of treatment response or monotonicity of treatment selection the bounds can be improved; see Manski (1997) and Manski and Pepper (2000).
Shaikh and Vytlacil (2005) studied the partial identification and nonparametric estima2

tion of the relationship between a binary response variable and a binary treatment when
both the response and the treatment are determined by threshold crossing rules. Chiburis
(2010) extended the work of Shaikh and Vytlacil (2005) and considered the effects of
imposing further constraints, such as linear latent index restrictions and parametric distributional assumptions. Kitagawa (2009) partially identified the ATE using exclusion
restrictions and treatment monotonicity, and Hahn (2010) compared the bounds of Kitagawa with those of Chesher. Bhattacharya et al. (2012) exploited a further nonparametric,
structural assumption (positive quadrant dependent error terms) to narrow the bounds of
Manski (1990) and Shaikh and Vytlacil (2005). Huber et al. (2017) used monotonicity
and stochastic dominance assumptions to derive bounds on the ATEs for different groups
(treated population, entire population, the compliers, the always takers and the never takers). Jun et al. (2011) studied a nonparametric triangular system with potentially discrete
endogenous regressors and nonseparable errors, and imposed a global exclusion and exogeneity condition to achieve a tighter identified interval than Chesher (2005). All of these
different bounds rely on the imposition of additional constraints, however, and bearing
in mind the adage in Manski (2003) that the credibility of inference decreases with the
strength of the assumptions maintained (the law of decreasing credibility), we wish to
examine the partial identification of the ATE under as weak a set of assumptions as possible. Our intention therefore is to investigate the practical importance of the results on the
partial identification of ATEs by building upon the analysis of Chesher (2005, 2010).
Estimating the ATE identified set involves the estimation of various conditional probabilities. These can be estimated using different parametric and nonparametric estimation
methods, and in this paper our interest will focus on how such estimators perform under
different scenarios. Whilst parametric methods often impose restrictive assumptions, they
can be less prohibitive than nonparametric methods in the sense of demanding less computational effort and not requiring large data sets. On the other hand, whereas nonparametric
estimators generally impose fewer assumptions upon the DGP, numerical constraints and
paucity of data can limit their application. In this paper, we investigate the performance
of six alternative methods for estimating the identified set of the ATE; raw nonparametric methods, nonparametric methods based on kernel smoothing techniques, and different
quasi maximum likelihood (QMLE) and local-QMLE estimation methods. We will examine the effects that changes in the probabilistic structure of the DGP, such as the level
of endogenuity and variations in sample size, have upon these different techniques and
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thereby evaluate their relative advantages and disadvantages.
In our investigations we will also examine the effects of changes in the strength of the
instruments z ∈ ΩZ . Research on weak instruments has to date confined its attention, by
and large, to standard simultaneous equations models (see Poskitt and Skeels, 2012, for
example). Here we generalise the associated ideas to models involving dummy endogenous treatment variables and binary responses, and construct a measure of instrument
strength that is relevant to such models. This we do by employing an adaptation of the
pseudo-R2 statistic proposed by Veall and Zimmermann (1992), designated R2VZ in what
follows. For a discussion of various measures of fit suggested for qualitative response
models see Windmeijer (1995). The measure R2VZ allows us to control the weakness of
the instrumental variables in our experimental design, hence enabling us to examine the
impact of alterations in instrument strength on the size of the ATE identified set, and the
ability of the different estimation techniques to identify the set in practice.
In order that our experimental DGP should reflect the type of data sets likely to be encountered in empirical applications, the Monte-Carlo observations are generated from a
generic experimental DGP that imposes no explicit restrictions either on the underlying
relationships or the probability distributions. This is achieved by basing the experimental DGP upon the 2004/5 Australian National Health Survey (ANHS) data and using
observed regressors X and instruments Z that determine a hypothetical ATE of private
health insurance status on the probability of visiting a dentist. Thus the experimental data
is generated in such a way that it mimics an actual population distribution profile, rather
than being based on a simple and stylized parametric specification of the type commonly
used in the existing literature. This allows us to impose as little structure as possible and
hopefully implies that our conclusions will be more meaningful to practitioners. Furthermore, using a DGP derived from a real world data set involving a number of regressors
representing individual socioeconomic and demographic characteristics, our experimental findings also serve as an illustration of different ways ATE bounds might be estimated
in empirical applications. These findings are supported by the practical application of
the different estimation techniques to an investigation of the identification of the ATE
of ancillary health insurance cover on alternative health care utilisation using the ANHS
data.
Finally, although our examination and comparison of the performance of the different
techniques is couched in terms of the estimation of the ATE identified set due to Chesher
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(2005, 2010), our results and conclusions can be generalised to other definitions of the
ATE identified set that incorporate alternative, more restrictive assumptions. We demonstrate this by showing that various conditional probabilities underlying the ATE identified
sets of Shaikh and Vytlacil (2005), for example, are equivalent to those that underly the
Chesher ATE identified sets that are the focus of this paper, and that the identified sets
of Bhattacharya et al. (2012) are also equivalent to those of Chesher when the latter are
subject to the imposition of additional monotone constraints.
The rest of this paper is arranged as follows. Section 2 reviews the derivation of the
ATE partially identified set of Chesher (2005, 2010). Section 3 presents the different
estimators that are the subject of our investigation and outlines the inferential procedures
that underly our analysis – Section 3.5, in particular, introduces the identified set bootstrap
Hausdorff confidence regions that we employ and establishes their validity. Section 4
presents the details of our Monte Carlo design based on an Australian population survey.
The experimental results are presented and the performance of the different methods is
examined in Section 5. In Section 6 it is shown that the conceptual framework used
throughout the paper is sufficiently general to encompass a broad range of models and
ATE bounds considered in the literature. Section 7 presents the results of an application
of the different estimation techniques and inferential procedures to alternative health care
utilisation. Section 8 provides a summary of the paper. Proofs of results presented in the
paper are assembled in appendices.
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The ATE Identified Set

It is clear from equation (4) that the values obtained by p(0, X) and p(1, X) determine the
sign and magnitude of the ATE. In order to construct bounds on p(0, X) and p(1, X),
and hence ATE, consider first the case where p(0, X) < p(1, X). The event {Y <
h(D, X, U )} occurs if and only if h(D, X, U ) = 1 and Y = 0, and since h(D, X, U ) =
1 ⇔ p(D, X) < U we have, using an obvious notation,








P {Y < h(D, X, U )}|Z = P {Y = 0} ∩ {p(D, X) < U )}|Z .


(5)



Calculating the probability P {Y < h(D, X, U )}|Z as given in (5), recognising that
there are three possibilities for U : 0 ≤ U ≤ p(0, X), p(0, X) < U ≤ p(1, X), and
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p(1, X) < U ≤ 1, yields for each case:



0




when 0 ≤ U ≤ p(0, X),
when p(0, X) < U ≤ p(1, X) and

P ({Y = 0, D = 0}|X, Z)




P ({Y = 0, D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z)


when p(1, X) < U ≤ 1 ,


respectively. From the inequality P {Y < h(D, X, U )}|Z < U we can now deduce that
p(0, X) ≥P ({Y = 0, D = 0}|X, Z)
(6)
p(1, X) ≥P ({Y = 0, D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z)
Next consider the event {Y ≤ h(D, X, U )}. This event occurs if and only if h(D, X, U ) =
1, when any value of Y ∈ {0, 1} is admissible, or h(D, X, U ) = 0 and Y = 0, and we
have












P {Y ≤ h(D, X, U )}|Z = P {Y = 0}∩{U ≤ p(D, X)}|Z +P {p(D, X) < U }|Z .




Calculating P {Y ≤ h(D, X, U )}|Z for each of 0 ≤ U ≤ p(0, X), p(0, X) < U ≤
p(1, X), and p(1, X) < U ≤ 1, we have



P ({Y = 0, D = 0}|Z) + P ({Y = 0, D = 1}|X, Z)



P ({D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z)




1


when 0 ≤ U ≤ p(0, X),
when p(0, X) < U ≤ p(1, X) and
when p(1, X) < U ≤ 1 ,



and from the inequality P Y ≤ h(D, X, U )|Z ≥ U we can conclude that
p(0, X) ≤ P ({Y = 0, D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z)
(7)
p(1, X) ≤ P ({D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z) .
Thus ATE(x) can be bounded by bounding p(0, x) and p(1, x) to give the identified set of
the ATE as the interval
"

sup P ({Y = 0, D = 0}|x, z) − inf {P ({D = 0}|x, z) + P ({Y = 0, D = 1}|x, z)} ,
z∈ΩZ

z∈ΩZ

#

inf {P ({Y = 0}|x, z)} − sup {P ({Y = 0}|x, z)}

z∈ΩZ

z∈ΩZ

(8)
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in the case where p(0, x) < p(1, x) and the ATE is negative.
Similarly, ATE(x) can be bounded by the interval
"

sup {P ({Y = 0}|x, z)} − inf {P ({Y = 0}|x, z)} ,
z∈ΩZ

z∈ΩZ

#

inf {P ({D = 1}|x, z) + P ({Y = 0, D = 0}|x, z)} − sup P ({Y = 0, D = 1}|x, z)

z∈ΩZ

z∈ΩZ

(9)
in the case where p(0, x) > p(1, x) and the ATE is positive.
From the expressions in (8) and (9) it is apparent that the ATE can be only be bounded
or partially identified even if the various conditional probability functions are known.
Estimation of the ATE identified set obviously turns on the estimation of these conditional
probabilities.

3
3.1

Estimation Methods and Confidence Regions
The raw nonparametric estimator

The simplest and most straightforward estimator to contemplate is the naïve estimator
obtained by replacing the unknown conditional probabilities in the bound formulas (8)
and (9) by their empirical counterparts — the observed relative frequencies. This method
is straightforward to implement, but it requires that all the variables be measured on a
discrete scale (as is often the case for age, gender, marital status, for example) for calculation of conditional sample relative frequencies. In addition, in empirical applications the
calculation of sample analogues of the conditional probabilities can become problematic,
and even unfeasible, because in finite samples the data may not be sufficiently rich and
there may not be ‘enough’ observations for each possible value of X and Z for the sample
relative frequencies to be either reliable or calculable.

3.2

The smoothed nonparametric estimator

Rather than using the raw frequencies, we can use a nonparametric smoothing method
to estimate the conditional probabilities in the bound formulas. This method is based
7

on the fact that the conditional probability of a dichotomous variable coincides with its
conditional mean. The Nadaraya-Watson kernel regression estimator (Nadaraya 1964;
Watson 1964) can therefore be employed to estimate the required probabilities expressed
as conditional mean functions, using adaptations of kernel smoothing methods for mixed
data types, as studied in Li and Racine (2003, 2007).
In the simulation experiments reported below we used the kernel introduced in Aitchison
and Aitken (1976) for the discrete regressors;


1 − h,

KA (xi , x, h) = 
h/(c − 1),

if xi = x,
if xi 6= x,

where c is the number of discrete outcomes assumed by the regressor X and the bandwidth
h must lie between 0 and (c − 1)/c. For the continuous regressors we used the Gaussian
√
kernel KG (z) = exp(−z2 /2)/ 2π with z = (xi − x)/h, h > 0. The bandwidths were
computed for the mixed continuous and discrete data types using the least-squares cross
validation method introduced in Li and Racine (2004) and Racine and Li (2004).1

3.3

The QMLE estimator

The QMLE estimates of ATE bounds studied in this paper are obtained by inserting maximum likelihood estimates of the required conditional probabilities into (8) and (9), where
the maximum likelihood estimates are calculated by fitting a parametric bivariate binary
response model to the data. It should perhaps be emphasised that the model underlying
the likelihood calculations is only being used as a tool to construct a QMLE estimator;
the DGP is not assumed to be governed by the probability structure of the fitted model
but is viewed as an unknown member of the broad class of processes that satisfy the
assumptions of the structural equation specification.
Consider, for example, the recursive bivariate probit (RBVP) model. This is a linear index,
threshold crossing model with two equations, with both the discrete response variable and
the endogenous treatment dummy variable determined by a threshold crossing rule and a
1

See the np package from R c developed by Jeffrey S. Racine and Tristen Hayfield. Details are available
at https://github.com/JeffreyRacine/R-Package-np/.
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linear index equation with a separable error:


D ∗ = Xα + Z0 δ + E,

D = 1 if D∗ > 0 and 0 otherwise;


Y ∗ = Xβ + D γ + V,

Y = 1 if Y ∗ > 0 and 0 otherwise,

(10)

where Y , D, X and Z are as previously defined, and E and V are correlated standard
normal random variables.
That the RBVP model falls within the ambit of the structural equation model follows by
letting the random variable U = Φ(V ) where Φ(·) is the standard normal distribution
function. Now set
h(D, X, U ) = I{U > Φ(−Xβ − D γ)}
where I{A} denotes the indicator function for the event A. Then h(D, X, U ) defines
a structural function that is weakly monotonic in U where P (U ≤ u|Z = z) = u for
all u ∈ (0, 1) and all z ∈ ΩZ since by assumption U is independent of Z. Thus the
assumptions of the structural equation model are satisfied and Y can be expressed as in
(1) with a threshold function given by p(D, X) = 1 − Φ(Xβ + D γ). Thus the RBVP
model corresponds to a structural equation specification augmented with a reduced form
for the dummy treatment variable and additional parametric assumptions.
The RBVP model belongs to the general class of models considered in Han and Vytlacil
(2017). Han and Vytlacil examine a two equation triangular system for binary endogenous variables where the bivariate normality assumption on the latent error terms of a
RBVP model is generalised through the use of monotone regression dependent parametric copulae. The RBVP model corresponds to the use of probit marginal distributions
in conjunction with the Gaussian copula (see Han and Vytlacil, 2017, Appendix 3.3).
Henceforth we will therefore label the QMLE based upon the RBVP model QMLE (GP ).
It is obvious that different members of the class of models considered in Han and Vytlacil
(2017) can also be used to construct QMLE estimates, and in this paper we also study
the performance of other copula-based bivariate binary response model QMLE estimators obtained using different copulea and marginals. In particular, we will consider the
two equation triangular systems for binary endogenous variables where the latent error
terms are characterised by the Frank copula with logit marginals, and the Joe copula with
probit marginals, which we will denote as the QMLE (F L ) and QMLE (J P ) estimators
respectively.
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3.4

The local-QMLE estimator

The local-QMLE is a semi-parametric counterpart of the QMLE. This estimator is obtained by using an adaptation of the local likelihood technique due to Tibshirani and
Hastie (1987), Fan et al. (1998) and Kauermann and Opsomer (2003) for fitting generalized linear models and regression equations.
For a given model with parameter θ, let L(θ : yi , di , xi , zi ) denote the log-likelihood value
obtained at each data point (yi , di , xi , zi ), i = 1, . . . , n. Then for data in a neighborhood
of the point (x0 , z0 ) each log-likelihood value is weighted by a kernel function value
−1
KH (HX
(xi − x0 ), HZ−1 (zi − z0 )) where HX and HZ are diagonal matrices of bandwidth

parameters for the exogenous regressors X and the instruments Z (see Frölich, 2006). The
locally weighted log-likelihood function for a response Y with an endogenous treatment
D is thus given by
L(θ; H, (x0 , z0 )) =

n
X





−1
L(θ : yi , di , xi , zi )KH HX
(xi − x0 ), HZ−1 (zi − z0 ) .

(11)

i=1

The local-QMLE estimator is then defined as the maximiser of (11). This in turn yields a
(conditional) local-QMLE estimator of θ at the location (x0 , z0 ), given by
θ̂ (x0 ,z0 ) = arg max {L(θ; H, (x0 , z0 ))} .

(12)

θ

In the simulation experiments that follow, the kernel function in (12) is taken as being




−1
multiplicative, that is to say, KH HX
(xi − x0 ), HZ−1 (zi − z0 ) is set equal to the product

of

k1
Y

KA

q=1

and

l1
Y
m=1

KA

xqi − xq0
hq


!

zmi − zm0
hm

k2
Y

KG

r=1

Y
l2
s=1

KG

x(k1 +r)i − x(k1 +r)0
h(k1 +r)

!

z(l1 +s)i − z(l1 +s)0
h(l1 +s)

!

where x = (x1 , . . . , xk1 , xk1 +1 , . . . , xk1 +k2 ) and z = (z1 , . . . , zl1 , zl1 +1 , . . . , zl1 +l2 ) denote
divisions of the exogenous regressors and the instruments into discrete and continuous
variables, and KA (·) and KG (·) are the discrete and continuous regressor kernels used for
the smoothed nonparametric estimator outlined in Section 3.2. It is not unreasonable to
suppose, therefore, that bandwidth choices made for the local-QMLE would-and-should
be similar to those used for the smooth nonparametric estimator, so bandwidths derived
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for the smoothed nonparametric estimator were used for the local-QMLE. This latter allocation also seems reasonable since in the simulation study we are interested in comparing
the properties of the different estimators when applied to the same data sets and the use of
common bandwidths avoids fluctuations in performance that might arise due to variation
in user assigned tuning parameters.

3.5

Construction of Identified Set Confidence Regions

It is now reasonably well known that asymptotically valid confidence regions for identified sets can be obtained using re-sampling methods, for such methods have received considerable attention in the recent literature (See Imbens and Manski, 2004; Chernozhukov
et al., 2007; Rosen, 2008; Romano and Shaikh, 2010; Andrews and Soares, 2010; Canay,
2010; Bugni, 2010; Andrews and Barwick, 2012, and the references contained therein,for
example.). Much of this literature is based upon the criterion function approach. This approach is based on the duality between hypothesis tests and confidence regions and relies
upon the specification of a criterion function that is used to characterise the identified set.
The collection of all those parameters that cannot be rejected by the criterion function at
an assigned size comprise the confidence region at the corresponding level of significance.
In this paper we are interested in constructing confidence regions that cover the identified
set with a prescribed probability using a bootstrap technique that can be employed across
a range of estimation methods – such as those just described – that do not avail themselves of such a criterion function. We therefore follow the pioneering work of Horowitz
and Manski (2000) and use the empirical bootstrap to construct identified set confidence
regions that are asymptotically valid.
Suppose that the DGP is characterised by a probability space (Ω, S, P ) for the random
variable W = (Y, D, X, Z) with probability distribution F (w) = Pr(W < w). Then the
ATE and ATE bounds given in Sections 1 and 2 are functionals of the marginal and conditional probability distributions derived from F (·). Let η denote an ATE with an identified
set [ηl , ηu ] = φ(F ). A confidence region for [ηl , ηu ] is a random subset CR of [0, 1] that
depends on the data and has been chosen such that the probability Pr(CR ⊇ [ηl , ηu ]) is
as close as possible to a pre-specified significance level. Horowitz and Manski (2000)
proposed employing confidence regions of the form [ηln − cαn , ηun + cαn ] where; (i) ηln
and ηun are estimates of the lower and upper bounds obtained by replacing the popula-
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tion probabilities by their empirical counterparts, and (ii) cαn is derived by re-sampling
the observations on the treatment and response of interest, together with their associated
regressor and instrument values, and using the bootstrap distribution of the lower and
upper bound estimates to determine the appropriate quantile value, a procedure akin to
Efron’s percentile method. Here we develop an adaptation of this approach and construct
confidence regions for [ηl , ηu ] by reference to Hausdorff measure, thereby minimising the
length of the confidence region whilst maintaining a specified coverage probability.
Set Fn (w) = n−1

Pn

i=1

I(Wi < w) where I(·) is the usual indicator function, and let

(a)

(a)
[ηln , ηun
] = φ(Fn(a) ), where the alpha-numeric a ∈ {3.1, 3.2, 3.3, 3.4} denotes which

one of the four methods outlined in Subsections 3.1-3.4 above is used to determine the
probability distribution estimates from which the identified set is constructed. The algorithm used to construct (1 − α)100% Hausdorff confidence regions is as follows:
(1) Draw an independent random sample of bootstrap values W1∗ . . . , , Wn∗ from the em∗(a)

∗(a)
]=
pirical distribution function Fn of the data W1 . . . , , Wn , and construct [ηln , ηun

φ(Fn∗(a) ) where Fn∗(a) denotes the probability distribution estimate obtained from the
bootstrap sample W1∗ . . . , , Wn∗ ;
∗(a)

∗(a)
(2) Repeat Step (1) B times, and for each bootstrap sample evaluate [ηln , ηun
] and
∗(a)

∗(a)

index each of these bootstrap identified set estimates as [ηln,b , ηun,b ], b = 1, . . . , B;
(3) Sort the B lower and upper bound estimates into ascending order, so that
∗(a)

∗(a)

∗(a)

ηln,(1) ≤ ηln,(2) ≤ . . . ≤ ηln,(B)

∗(a)

∗(a)

∗(a)

and ηun,(1) ≤ ηun,(2) ≤ . . . ≤ ηun,(B) .

Set r = 1 and
∗(a)[η ,ηu ]

HCR(1−α)l
∗(a)

∗(a)

(a)

∗(a)

∗(a)

(a)
= [ηln ∧ ηln,(1) , ηun
∨ ηun,(B) ] ;
∗(a)

∗(a)

(4) Evaluate Hl = ηln,(r+1) − ηln,(r) and Hu = ηun,(B−r+1) − ηun,(B−r) and set H =
min{Hl , Hu };
(a)

∗(a)

∗(a)[η ,ηu ]

(5) If H = Hu and ηln > ηln,(r+1) update HCR(1−α)l
∗(a)

∗(a)

∗(a)

to [ηln,(r+1) , ηun,(B−r+1) ], other-

∗(a)[η ,ηu ]

(a)
wise, if H = Hl and ηun
< ηln,(B−r) update HCR(1−α)l

∗(a)

∗(a)

to [ηln,(r) , ηun,(B−r) ];

(6) If (B − r + 1)/B > (1 − α) set r=r+1 and repeat Steps (4) and (5), stop otherwise.
(a)

(a)
By construction the algorithm yields the interval spanning [ηln , ηun
] that contains at least
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∗(a)

∗(a)

(1 − α)100% of the B bootstrap estimates [ηln,b , ηun,b ], b = 1, . . . , B, and has the smallest
Hausdorff measure. A fundamental question to therefore address is whether the coverage
∗(a)[η ,ηu ]

probability of the Hausdorff confidence region HCR(1−α)l

converges to the required

level as n → ∞.
Lemma 1

Assume that W1 . . . , , Wn is a simple random sample of values of a random

variable W that can be characterised by a probability space (Ω, S, P ) where P belongs
to a set P of probability measures on (Ω, S) dominated by a Borel σ-finite measure. Then
for all P ∈ P
∗(a)[η ,ηu ]



lim P r [ηl , ηu ] ⊆ HCR(1−α)l



n→∞

= 1−α.

The proof of Lemma 1 is presented in Appendix A. By way of confirmation and illustration of concept we conducted a pilot simulation study using a DGP based upon ANHS
data, with regressors and instruments as described in the following section. For the purposes of the pilot study the experimental data was generated from a RBVP DGP with
∗(a)[η ,ηu ]

sample size n = 1000, and HCR(1−α)l

) was evaluated for the QMLE (GP ) estimator

(a = 3.3) with α = 0.05 using B = 1000 bootstrap re-samples. The coverage probabilities obtained for each of the 88 different possible regressor values across 1000 experimental replications are displayed in Figure 1. We can see that the coverage probability of
∗(3.3)[ηl ,ηu ]

HCR0.95

closely approximates its nominal significance level.

coverage probability

0.95

0.50

0.00
1

44

88

cell number

∗(3.3)[ηl ,ηu ]

Figure 1. Coverage probabilities of HCR0.95

4

computed from a GP DGP

Experimental Design

In order to investigate in more detail the finite sample properties of the inferential methods
presented in Section 3, we now generate data from a DGP in which commonly employed
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assumptions such as known functional form, additive errors, and so on are not imposed.
Moreover, to give some guidance on the likely empirical performance, and ensure that
the simulated DGP has some practical relevance, the ANHS data will be used as the basis
for mimicking a real world problem, in which the endogenous treatment variable is an
individual’s private health insurance status and the response of interest is his/her dental
service utilisation.
For our explanatory variables X we include age (divided into 11 age groups), gender,
marital status, and education. Altogether there are 88 different possible combinations of
values of X, referred to subsequently as cells. All these variables are typical of those
used in health and labour economics applications. To construct instruments Z similar to
those that might be used in applied research, whilst not overcomplicating the simulation
design, we generate two dichotomous instrumental variables Z1 and Z2 . The variable
Z1 is designed as an indicator of the insurance premium paid to acquire private health
insurance, with Z1 = 1 indicating that the individual has paid an above average premium
to purchase health insurance. The variable Z2 is supposed to be a variable measuring a
person’s attitude towards risk, with Z2 = 1 indicating that the individual is risk averse.
This variable was constructed using the ANHS data on a persons life style variables such
as drinking, smoking and exercising.2
The probabilistic structure of the experimental DGP is based upon the sample relative
frequencies in ANHS, with values of the regressors X and instruments Z in the simulations, xi and zi , i = 1, . . . , n, being drawn from the empirical distribution of the variables
in the data. To begin, we generate a set of n values of X and Z, and we then generate
realizations di and yi , i = 1, . . . , n, of D and Y from their joint (conditional) distribution P (Y, D|X, Z). The latter distribution is determined as follows. Since Y , D, Z1 ,
and Z2 are binary, their joint probability mass functions can be displayed as in Table 1,
wherein for convenience we introduce a simplified notation that omits reference to the
exogenously determined X. The correlation coefficient between D and Zj , j = 1, 2, is
ρ(D, Zj ) = q

cov(D, Zj )

var(D) var(Zj )

2

p

DZj

= q11

Z

j
− pD
1 p1

Z

Z

j
j
D
pD
1 p 0 p1 p0

,

(13)

See Li (2015) for a more detailed description of the variable selection and construction used here.
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which can be rearranged so as to express the joint probability P (D = 1, Zj = 1) as
DZj

p11

= ρ(D, Zj )

q

Z

Z

Z

j
j
j
D
D
pD
1 p0 p1 p 0 + p1 p1 .

(14)

Set ρ1 = ρ(D, Z1 ) and ρ2 = ρ(D, Z2 ). The correlation coefficients ρ1 and ρ2 determine the strength of the two instrumental variables, and we shall control the values of ρ1
and ρ2 as part of our experimental design. It is apparent that given the joint probability
distribution of Zj , j = 1, 2, and the probability distribution of D, we can manipulate
Equation (14) so as to generate joint and conditional probability mass functions for the
pairs (D, Z1 ) and (D, Z2 ) that are consistent with any chosen values of ρ1 and ρ2 .
In order to obtain the joint probability function of the quadruple (Y, D, Z1 , Z2 ) we will
suppose that Z1 and Z2 are independent conditional on D (Z1 ⊥
⊥ Z2 |D) so that we can
derive the joint probability function of the triple (D, Z1 , Z2 ) as
P (D = d, Z1 = z1 , Z2 = z2 )
= P (Z1 = z1 , Z2 = z2 |D = d) P (D = d)

(15)

= P (Z1 = z1 |D = d) P (Z2 = z2 |D = d) P (D = d).
This then allows us to obtain the joint probability function of (Y, D, Z1 , Z2 ) as
P (Y = y, D = d, Z1 = z1 , Z2 = z2 )
= P (Y = y|D = d, Z1 = z1 , Z2 = z2 ) P (D = d, Z1 = z1 , Z2 = z2 )

(16)

= P (Y = y|D = d) P (D = d, Z1 = z1 , Z2 = z2 ).
Equations (15) and (16) allow us to use the relative frequencies observed in the ANHS
data to assign probabilities to the joint and conditional probability distributions of Y , D,
Z1 and Z2 . Thus, the Monte-Carlo replications of the experimental DGP are generated
by first evaluating the required probabilities using the probability structure of the experimental DGP as shown schematically in Table 1, and then simulating random draws of D
and Y as follows:
(1) Set P (Z1 = 1) = pZ1 1 and P (Z1 = 0) = pZ0 1 = 1 − pZ1 1 , and P (Z2 = 1) = pZ1 2 and
P (Z2 = 0) = pZ0 2 = 1 − pZ1 2 , equal to the relative frequencies of the instrumental
variable values observed in the real data. Similarly, set the marginal and joint distributions of Y and D equal to those given by the observed relative frequencies in the
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Table 1. Joint distributions of Y, D, Z1 , Z2
(a) P (D, Zj ), j = 1, 2

D

Zj

1

0

DZj

DZj

p10

pD1

DZ

pD0

1

p11

0

p01 j

DZ

p00 j

Z

p0 j

p1 j

Z

(b) P (D, Z1 , Z2 )
Z1 Z2

11

10

01

00

1

1 Z2
pDZ
111

DZ1 Z2
p110

1 Z2
pDZ
101

1 Z2
pDZ
100

pD1

0

1 Z2
pDZ
011

DZ1 Z2
p010

1 Z2
pDZ
001

1 Z2
pDZ
000

pD0

pZ111 Z2

Z1 Z2
p10

Z1 Z2
p01

Z1 Z2
p00

D

(c) P (Y, D, Z1 , Z2 )
Z1 Z2
YD

11
Y DZ1 Z2

10
Y DZ1 Z2

01
Y DZ1 Z2

00
Y DZ1 Z2

11

p1111

p1110

p1101

p1100

pY11D

10

DZ1 Z2
pY1011

Y DZ1 Z2
p1010

DZ1 Z2
pY1001

Y DZ1 Z2
p1000

pY10D

01

DZ1 Z2
pY0111

Y DZ1 Z2
p0110

DZ1 Z2
pY0101

Y DZ1 Z2
p0100

pY01D

00

DZ1 Z2
pY0011

Y DZ1 Z2
p0010

DZ1 Z2
pY0001

Y DZ1 Z2
p0000

pY00D

pZ111 Z2

Z1 Z2
p10

Z1 Z2
p01

pZ001 Z2

real data.
(2) Assign values to ρ1 and ρ2 to build Table 1(a) by using Equation (14).
(3) Assume that Z1 ⊥
⊥ Z2 |D and calculate the probabilities P (D, Z1 , Z2 ) in Table 1(b)
from Equation (15).
(4) From Equation (16) determine P (Y, D, Z1 , Z2 ) in Table 1(c), and hence evaluate the
conditional probability distribution P (Y, D|Z1 , Z2 ).
Before continuing, recall that all the probabilities evaluated in the previous steps that
relate to events involving Y and D are conditional on X. Reintroducing X into the notation, the final step of the experimental DGP is to generate realisations of D and Y in the
following manner.
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(5) Set
q00 (x, z) = P ({Y = 0, D = 0}|x, z) ,
q01 (x, z) = P ({Y = 0, D = 0}|x, z) + P ({Y = 0, D = 1}|x, z)

and

q11 (x, z) = P ({Y = 0}|x, z) + P ({Y = 1, D = 0}|x, z) .
Now simulate a value u of a random variable U uniformly distributed on the interval
(0, 1) and allocate the value (y,d) to the pair (Y, D) where;



(0, 0), if






 (0, 1), if

(y, d) = 



(1, 0), if





 (1, 1), if

u ≤ q00 (x, z) ,
q00 (x, z) < u ≤ q01 (x, z) ,
q01 (x, z) < u ≤ q11 (x, z) ,
q11 (x, z) < u ≤ 1 .

As indicated above, this mechanism is implemented by first generating simple random
samples of n values of the regressors X and instruments Z using the relative frequency
distributions calculated from the ANHS data. The corresponding values of Y and D
are then generated as described in steps 1 through 5 once values have been assigned to
(ρ1 , ρ2 ), with the values of X and Z held fixed throughout those replications associated
with any particular combination of n and (ρ1 , ρ2 ).
As an indication of the overall instrument strength associated with a given choice of the
correlation coefficients ρ1 and ρ2 , we will calculate a theoretical pseudo-R2 value. Veall
and Zimmermann (1992) construct a pseudo-R2 statistic for qualitative response models
using the maximised log-likelihood values of the model with and without regressors, and
our pseudo-R2 value is obtained by employing an adaptation of the rationale used by
Veall and Zimmermann. The log-likelihood function of a simple random sample di , i =
1, . . . . . . , n, of the treatment variable D is
ln LD = ln

n
Y

!
di

1−di

P(di = 1) P(di = 0)

i=1

=

n
X

di ln P(di = 1) + (1 − di ) ln P(di = 0) .

i=1
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By the strong law of large numbers ln LD /n will converge almost surely to LXZ where
LXZ = E [P(D = 1|X, Z) ln P(D = 1|X, Z) + P(D = 0|X, Z) ln P(D = 0|X, Z)] ,
(17)
and limn→∞ | ln LD /n − LX | = 0 where
LX = E [P(D = 1|X) ln P(D = 1|X) + P(D = 0|X) ln P(D = 0|X)]

(18)

under the assumption that D is independent of Z. The various probabilities required to
evaluate (17) and (18) are those derived from the probability structure of the DGP used to
generate the experimental data. Our theoretical, or “population”, pseudo-R2 value is now
defined as
R2VZ =

δ−1
LRXZ ,
δ − LRXZ

δ=

1
,
2LX

(19)

where
LRXZ = 1 −

LXZ
LX

(20)

is a theoretical DGP analog of the likelihood ratio index of McFadden (1974).

5

Simulation Results

In this section we present results on the performances of six alternative estimators for ATE
bounds due to Chesher (2010). We have conducted a range of experiments for different
combinations of n and (ρ1 , ρ2 ), but due to space considerations we only present specific
results for n = 1000 and n = 10000 in conjunction with a representative range of values
for pseudo-R2 representing instrument strength.3 The experimental results reported here
are based on replicating each experimental DGP R = 1000 times.

5.1

Estimation of ATE Bounds

Figure 2 and Figure 3 show the true ATE bounds together with the estimates produced
by six estimators when n = 1000 and (ρ1 , ρ2 ) = (−0.5, 0.5). The value (ρ1 , ρ2 ) =
(−0.5, 0.5) was chosen to mimic instruments having weak to moderate strength, and gives
a value of R2VZ = 0.208. In each sub-figure, the x-axis denotes the X cells numbered
3

The ANHS data set used in the construction of the experimental DGP contains 17,187 observations.
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from 1 to 88, and the y-axis the ATE values. The red and blue diamond markers are the
true ATE upper and lower bounds respectively for each X cell, and the yellow shaded
pentagrams indicate the 95% bootstrap Hausdorff confidence regions. In Figure 2 the
green and pink square markers denote respectively the upper and lower bound estimates
averaged across the R = 1000 experimental replications. All 1000 estimates of the upper
and lower bounds are also plotted as green and pink dots in each sub-figure in Figure 3.
Perhaps the first notable feature of these figures is the sparsity of markers for the raw
nonparametric estimator in sub-figures Figure 2(d) and Figure 3(d). Across all R = 1000
replications a total of 71 of the 88 X cells appear void, indicating that for many replications and cells the raw nonparametric method broke down as the required conditional
probabilities could not be calculated due to a lack of observations with the required instrument values. For other cells low numbers of observations resulted in the raw nonparametric estimator producing an upper bound estimate near 1 and a lower bound estimate
close to 0, and although their entries are not empty the upper and lower bounds significantly overlap. Simple visual inspection also suggests that whereas the QMLE (GP ) and
local-QMLE (GP ) estimators have reasonably small variances, as does the QMLE (J P )
estimator, with all the lower and upper bound estimates well separated and contained
within the interval (0, 1), both nonparametric estimates and the QMLE (F L ) estimates are
far more widely dispersed. Overall, QMLE (GP ), local-QMLE (GP ) and QMLE (J P ) estimators have the best performances without exhibiting any systematic bias, whilst this is
far from the case for raw nonparametric and QMLE (F L ) estimators. QMLE (F L ) seems
to overestimate the lower bounds for most cells.
The features seen in Figure 3 are repeated in Figure 4, wherein the sample size is increased
to n = 10000. This ten-fold increase in sample size has clearly reduced the variances of
all the estimators, and appears to have gone some way in addressing the paucity issue previously observed with the raw nonparametric estimator; cf. Figure 3(d) and Figure 4(d).
Nevertheless, the overall performance of the QMLE (GP ) and local-QMLE (GP ) estimators remains superior to that of the other estimators, as does QMLE (J P ) in this case.
The latter observation is confirmed in Table 2, which presents the bias, standard error,
and root mean squared error for each of the ATE upper and lower bound estimates shown
in Figure 4, plus the average coverage probability observed across the 88 X cells in the
R = 1000 replications. The superior root mean squared error (RMSE) performance of
the QMLE (GP ), local-QMLE (GP ) and QMLE (J P ) estimators is apparent from this
19
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1
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(e) QMLE (F L )
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(c) Smoothed nonparametric estimator
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(a) QMLE (GP )

88
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0

0.5

1

0

0.5

1

0

0.5

1

1

1

1
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(f) QMLE (J P )
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(d) Raw nonparametric estimator

44
(b) Local-QMLE (GP )
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Figure 2. Six estimated ATE (Chesher) bounds against the true bounds: plot of the average upper and lower ATE bound estimates from
the 1000 replications for different estimation methods for sample size 1000. ρ1 = −0.5, ρ2 = 0.5 (R2VZ = 0.208).

ATE bounds

ATE bounds
ATE bounds
ATE bounds
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(d) Raw nonparametric estimator

(f) QMLE (J P )

(c) Smoothed nonparametric estimator

(e) QMLE (F L )

Figure 3. Six estimated ATE (Chesher) bounds against the true bounds: scatter plots of estimated upper and lower ATE bounds from the
1000 replications for different estimation methods for sample size 1000. ρ1 = −0.5, ρ2 = 0.5 (R2VZ = 0.208).

(b) Local-QMLE (GP )

(a) QMLE (GP )
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(d) Raw nonparametric estimator

(f) QMLE (J P )

(c) Smoothed nonparametric estimator

(e) QMLE (F L )

Figure 4. Six estimated ATE (Chesher) bounds against the true bounds: scatter plots of estimated upper and lower ATE bounds from the
1000 replications for different estimation methods for sample size 10000. ρ1 = −0.5, ρ2 = 0.5 (R2VZ = 0.208).

(b) Local-QMLE (GP )

(a) QMLE (GP )

Table 2. Bias, variance, and root mean squared error of the upper and lower ATE
bound estimates (N=10000)
Upper Bound
ATE Bound
True
QMLE (GP )
Local-QMLE (GP )
Smoothed Nonparametric
Raw Nonparametric
QMLE (F L )
QMLE (J P )
a
b

[0.1443, 0.3473]
[0.1384, 0.3401]
[0.1377, 0.3395]
[0.1674, 0.3550]
[0.1651, 0.2769]
[0.2424, 0.4145]
[0.1448, 0.3461]

Lower Bound

BIAS

SE

RMSE

BIAS

SE

RMSE

CP

−0.0072
−0.0078
0.0078
−0.0704
0.0672
−0.0012

0.0104
0.0110
0.0078
0.0127
0.0181
0.0101

0.0126
0.0135
0.0110
0.0718
0.0696
0.0102

−0.0059
−0.0066
0.0231
0.0208
0.0981
0.0005

0.0111
0.0123
0.0064
0.0106
0.0183
0.0110

0.0125
0.0139
0.0240
0.0233
0.0998
0.0110

0.878
0.891
0.224
0.090
0.388
0.864

∗(a)[η ,η ]

CP is the coverage probability of the HCR0.95 l u bootstrap confidence region
The Raw Nonparametric ATE bound estimate and coverage probability is computed by excluding the cells with
NA probabilities due to sparsity

summary table. The magnitudes of the biases and standard errors are such that the RMSEs
for the nonparametric, the smoothed nonparametric, and the QMLE (F L ) estimators can
be two to nearly six times larger than the RMSEs of the previous three.
The coverage probabilities presented in Table 2 indicate that among the six estimators
considered in this paper the QMLE (GP ), local-QMLE (GP ) and QMLE (J P ) estimators have a coverage probability closest to the nominal significance level. Nevertheless,
with a nominal significance level set at 95%, the coverage probability of these estimators
never exceeds 0.9. This is perhaps not too surprising, for in stark contrast to the situation demonstrated in the pilot study, the recursive model upon which these estimators
are based is now grossly misspecified relative to the actual DGP. What is rather more
surprising is that the bootstrap Hausdorff confidence regions of the nonparametric and
semi-parametric estimators have extremely low coverage.
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[0.226,0.351]

[0.133,0.362]

[0.045,0.306]

[0.144,0.347]

Less likely to buy insurance but
more likely to visit OHP

More likely to buy insurance but
less likely to visit OHP

Less likely to buy insurance and
less likely to visit OHP

ALL

g

e

d

c

b

0.193
0.192
0.248
—
0.304
0.210
0.221
0.221
0.260
—
0.309
0.226
0.250
0.250
0.251
—
0.330
0.254
0.257
0.257
0.260
—
0.338
0.261
0.239
0.239
0.261
0.240
0.328
0.246

QMLE (GP )
Local-QMLE (GP )
Smoothed Nonparametric
Raw Nonparametric
QMLE (F L )
QMLE (J P )
QMLE (GP )
Local-QMLE (GP )
Smoothed Nonparametric
Raw Nonparametric
QMLE (F L )
QMLE (J P )
QMLE (GP )
Local-QMLE (GP )
Smoothed Nonparametric
Raw Nonparametric
QMLE (F L )
QMLE (J P )
QMLE (GP )
Local-QMLE (GP )
Smoothed Nonparametric
Raw Nonparametric
QMLE (F L )
QMLE (J P )

P

Mid-point

QMLE (G )
Local-QMLE (GP )
Smoothed Nonparametric
Raw Nonparametric
QMLE (F L )
QMLE (J P )

Estimator

Mid-point: Mid-point of average ATE bounds over 1000 replications
Width: Bound width of the average ATE bounds over 1000 replications
dH : Average Hausdorff distance between ATE bounds estimates and true ATE bound
MeanBS : Average of 95% minimum bootstrap confidence intervals
95% CI: 95% minimum confidence interval over 1000 replication
CP: Coverage probability of bootstrap 95% CI

[0.189,0.203]

More likely to buy insurance and
visit OHP

a

True

observation

0.202
0.201
0.188
0.079
0.172
0.200

0.260
0.260
0.229
—
0.229
0.260

0.266
0.266
0.200
—
0.256
0.267

0.148
0.148
0.163
—
0.078
0.149

0.034
0.034
0.081
—
0.006
0.051

Width

[0.061,0.483]
[0.126,0.389]
[0.145,0.374]
—
[0.098,0.597]
[0.066,0.485]

[0.055,0.478]
[0.116,0.384]
[0.151,0.351]
—
[0.085,0.597]
[0.059,0.481]

[0.074,0.376]
[0.146,0.296]
[0.178,0.341]
—
[0.137,0.478]
[0.080,0.377]

[0.148,0.238]
[0.141,0.242]
[0.207,0.289]
—
[0.148,0.448]
[0.099,0.315]

MeanBS

[0.054,0.475]
[0.054,0.476]
[0.067,0.473]
—
[0.092,0.586]
[0.060,0.481]

[0.062,0.479]
[0.059,0.477]
[0.012,0.501]
—
[0.066,0.577]
[0.057,0.468]

[0.076,0.373]
[0.068,0.369]
[0.030,0.478]
—
[0.149,0.481]
[0.078,0.372]

[0.148,0.237]
[0.139,0.239]
[0.003,0.501]
—
[0.150,0.434]
[0.080,0.305]

95% CI

0.056 [0.120,0.384] [0.115,0.369]
0.057 [0.111,0.391] [0.109,0.372]
0.069 [0.168,0.354] [0.052,0.488]
0.173 [0.208, 0.297] [0.187, 0.310]
0.198 [0.114,0.554] [0.117,0.552]
0.143 [0.076,0.435] [0.075,0.435]

0.104
0.104
0.104
—
0.203
0.108

0.051
0.051
0.082
—
0.120
0.051

0.084
0.084
0.083
—
0.082
0.079

0.022
0.023
0.136
—
0.131
0.048

dH

Table 3. ATE bound estimators and 95% confidence intervals — Probabilities (N = 1000)

0.761
0.777
0.091
0.000
0.652
0.754

0.320
0.373
0.001
—
0.162
0.242

0.977
0.961
0.031
—
0.846
0.984

0.728
0.658
0.242
—
0.879
0.743

0.988
0.997
0.000
—
0.627
0.957

CP

Interestingly enough, the coverage probability of the QMLE (J P ) estimator is similar to
that of the QMLE (GP ) and local-QMLE (GP ) estimators, a feature that is confirmed in
Table 3, which contains the ATE bound estimate, confidence region, coverage probabilities and Hausdorff distance observed for “different types of individuals" in the sample
for each of the estimators. We can see that not only are these three estimators the best
performing in terms of coverage probability, but they are also the most stable among the
six estimators, and they have the smallest Hausdorff distance between the estimated and
the true ATE bounds. Given that the QMLE (GP ), local-QMLE (GP ) and QMLE (J P ) estimators exhibited similar performance on the basis of the traditional measures presented
in Table 2, it is perhaps not surprising to find that they perform similarly on the basis of
Hausdorff distance.
In studies of partial identification it is not uncommon to examine the properties and performance of estimators by evaluating the Hausdorff distance between the true identified
set and the estimated identified set (Manski and Tamer, 2002; Chernozhukov et al., 2007;
Beresteanu and Molinari, 2008; Menzel, 2014). Figure 5 plots the Hausdorff distance
between the true ATE identified set and the estimated ATE identified set for each cell, averaged over the R = 1000 replications, with the cells arranged by frequency of occurrence
of X. The ability of the QMLE (J P ) estimator to match the performance of the QMLE
(GP ) and local-QMLE (GP ) estimators presumably reflects that it’s bound estimates have
a similar, if not smaller, RMSE – although this does not translate directly into Hausdorff
distance and the QMLE (J P ) estimator cannot outperform the QMLE (GP ) and localQMLE (GP ) estimators on this measure. Note also, that whereas the performance of the
QMLE (J P ) estimator parallels that of the QMLE (GP ) and local-QMLE (GP ) estimators
reasonably closely, the QMLE (F L ) estimator performs badly and exhibits a performance
between that of the raw nonparametric estimator and the smooth nonparametric estimator.
This latter feature demonstrates the broad range in performance of the QMLE estimator
based upon different copulae compared to the much more stable superior performance of
the QMLE (GP ) estimator.4
Among the estimators examined here, the raw nonparametric estimator clearly exhibited
the worst performance and our experiments demonstrate the practical issues associated
Additional experiments not reported here show that overall the QMLE (J P ) estimator was the second
best after the best performing QMLE (GP ) estimator, and the QMLE (F L ) estimator was the worst performing. See also Li et al. (2018) for a comparison of QMLE estimators from the class of copula based
models considered in Han and Vytlacil (2017).
4
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Hausdorff distance
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QMLE (GP )
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Smoothed Nonparametric

Raw Nonparametric
QMLE (F L )
QMLE (J P )
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(a) n = 1000

Hausdorff distance

0.30

QMLE (GP )
Local-QMLE (GP )
Smoothed Nonparametric

Raw Nonparametric
QMLE (F L )
QMLE (J P )

0.23

0.16

0.09

1

44

88

(b) n = 10000

Figure 5. Hausdorff distances between the the estimated ATE identified set and the
true ATE identified set for different estimation methods when ρ1 = −0.5
and ρ2 = 0.5 (R2VZ = 0.208). Cells ordered by relative frequency of occurrence, most frequent to least frequent from left to right.
with using the raw nonparametric method in finite sample empirical applications. The
extent to which this may be a function of the sparsity issue associated with the raw nonparametric method is indicated in Table 4, which shows the percentage of times out of
the 88000 cell-replications that the raw nonparametric method broke down due to data
paucity. From this table we can see that when n = 1000, the raw nonparametric estimaTable 4. Percentage break down for raw nonparametric method

Instrument strength: R2VZ

Sample size

n = 1000

n = 10000

0.1
0.3
0.5
0.7
0.9

96.33%
97.46%
97.48%
98.29%
98.41%

51.20%
52.27%
52.88%
55.48%
56.75%
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tor could not be used to construct the ATE bounds in excess of 96% of occasions, and
when n = 10000 this figure still exceeded 50%. Such numbers are obviously related to
the absence of green pentagrams(stars) seen in Figure 5(a), and the increase in Hausdorff
distance of the raw nonparametric estimator as the cell frequency decreases as seen in
Figure 5(b). Somewhat counter intuitively, the number of times the raw nonparametric
method breaks down appears to increase as the instrument strength increases, irrespective
of sample size, an issue to which we will now turn.

5.2

The Impact of Instrument Strength

From the expressions in (8) and (9) it is clear that the ATE bounds are the results of intersecting sets over all possible instrument values for Z, and that variations in the value
of the instruments will impact upon the ATE identified set via their influence on the underlying probabilities. The ATE bounds are thus related to the support and strength of
the instruments, and our aim here is to investigate the impact of these on the size and
estimation of the ATE identified set.
In Figure 6 we plot the true ATE bounds and the average values of the estimates over
1000 replications obtained from the QMLE (GP ) and local-QMLE (GP ), and the raw
nonparametric and smoothed nonparametric, estimators. The 88 X cells are sorted in
decreasing order according to the width of the true ATE identified set, so that the left
most cell has the widest theoretical interval and the right most cell the narrowest. The
true ATE bounds are marked with navy diamonds and the estimates are marked with cyan
squares. The actual estimates of the bounds from all 1000 replications are depicted in
green and pink dots for the upper and lower bound estimates respectively. For each of
the four estimators, the three subplots, from left to right, correspond to R2VZ values of
0.1, 0.4, and 0.7, representing increasing IV strength.
The first obvious observation to make of Figure 6 is that as expected the widths of the true
bounds and their estimates decrease as the IV strength increases for all X cells. Secondly,
the average upper and lower ATE bound estimates are in close accord with the true values
across all X cells for the QMLE (GP ) and local-QMLE (GP ) estimators without obvious
biases, but there appear to be systematic biases for the two nonparametric estimators,
especially when the instruments are not strong (R2VZ = 0.1, 0.4). From a comparison
of Figure 6(a) and Figure 6(b), with Figure 6(c) and Figure 6(d), it is also apparent that
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Figure 6. True and estimated ATE upper and lower bounds, arranged in descending
order from left to right according to the width of the true ATE identified set,
sample size n = 10000. For each subplot, the R2VZ values are 0.1, 0.4, and
0.7 from left to right.
the spread of the ATE upper and lower bound estimates over the 1000 replications (the
green and pink dots) is much larger for the nonparametric estimation methods than that
for the QMLE (GP ) and local-QMLE (GP ) estimators, uniformly across all X cells and at
each level of instrument strength. The impact of data paucity is also seen in Figure 6(d),
with the raw nonparametric estimator having fewer available estimates as the instrument
strength increases.
In order to better understand the later paradoxical result, and noting from Figure 6 that the
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Figure 7. Hausdorff distance between different estimators and the true bound of ATE
for sample size N = 10000
behaviour of all the estimators is roughly invariant with respect to the width of the ATE
identified set, in Figure 7 we graph the average value of the Hausdorff distance between
the true and the estimated ATE identified set when averaged over all observations and
replications, plotted as a function of R2VZ . As can be seen from the figure, the distance
between the QMLE (GP ) and local-QMLE (GP ), as well as the QMLE (J P ), estimates
and the true ATE identified set is always significantly smaller than the Hausdorff distance
for the smoothed nonparametric estimator and QMLE (F L ), uniformly in R2VZ . The raw
nonparametric estimator is clearly dominated by all the other estimators, and whereas the
Hausdorff distance decreases slightly as the instrument strength increases for the other
estimators, as R2VZ increases beyond 0.6 the distance between the raw nonparametric
ATE identified set estimate and the true set increases rapidly.
A detailed examination of the simulation results reveals that the relative frequencies observed in individual X cells exhibit large fluctuations. This is prevalent irrespective of
the sample size or the true ATE identified set width. Even with sample sizes as big as
n = 10000 there can be as few as 3 observations in some cells, and the probabilities
required to estimate the ATE bounds could not be calculated for all X cells on at least
7% of occasions. When R2VZ = 0.9 almost all lower bound estimates were at or near 0.
The reason for this appears to be that in order to obtain a large value of R2VZ the correlation coefficients ρ1 and ρ2 must be large. Consequently, the conditional probabilities
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P (D|X, Z), P (Y |X, Z) and P (Y ∩ D|X, Z) varied significantly for different combinations of X and Z, with the joint probability often forced thereby to be small. As a result,
the frequency of occurrence of some combinations can be very small, resulting in a situation not dissimilar from unbalanced grouped data. Very few observations fell into the cell
corresponding to young females with low educational status (women aged between 19 and
24 who did not complete year twelve education), for example, and when N = 1000 there
were replications where such cells contained no observations. The sample conditional
probability estimates for such cells do not reflect their true values and the precision of the
raw nonparametric estimator is correspondingly decreased, resulting in large fluctuations
in the estimates of the ATE bounds, and hence the increase in the metric. This highlights
the unstable nature of the raw nonparametric estimator relative to the other methods.
Localised paucity of observations can be anticipated to impact upon the precision of
the nonparametric estimators, and the local-QMLE estimators, more dramatically than
it will the QMLE estimators. Figure 7 suggests, however, that although the smooth nonparametric estimator is not effected in the same manner as the raw non-parametric estimator, it is not capable of matching the the performance of the local-QMLE estimator when
applied using common bandwidths. Indeed, the performance of the local-QMLE estimator is very similar to that of the QMLE itself. Our additional experiments show that, when
the sample size was increased beyond 10000, the precision of the QMLE and local-QMLE
estimators improved dramatically relative to the improvement seen with the nonparametric estimators. And at all sample sizes considered the ranking of the estimators did not
change.5

6

Alternative Treatment Effect Bounds

Heretofore we have used the structural equation model of Chesher (2005, 2010) as the
vehicle with which to present our results, both as a framework for our theoretical development, and as the basis for our numerical algorithms and evaluations. It seems natural
therefore at this point to pose the question of whether our results and conclusions can be
applied to other models and definitions of the ATE identified set in the literature that are
5

When the instruments were strong local data scarcity was still a problem for the raw nonparametric
estimator despite substantial increases in sample size. Even for a sample size as large as n = 50000 it was
still possible for there not to be enough observations in all of the X cells to reliably estimate the required
probabilities.
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derived under different assumptions. Bearing in mind the law of decreasing credibility,
the extent to which our findings are applicable depends on the extent to which the Chesher
structural equation model encompasses other specifications that incorporate alternative or
more restrictive assumptions underlying the ATE bounds.
Consider, for example, the model discussed in Shaikh and Vytlacil (2005). Both the
outcome variable Y and the treatment variable D are determined by threshold crossing
rules with nonlinear index equations with a separable error:
Y ∗ = r(X, D) − V,

Y = I{Y ∗ ≥ 0} ;

D∗ = s(X, Z) − E,

D = I{D∗ ≥ 0} .

(21)

Both X and Z are assumed to have compact support, and to be exogenous in the sense that
(X, Z) ⊥
⊥ (V, E). The distribution of (V, E) is assumed to have a strictly positive density
with respect to Lebesgue measure on R2 . The functions r(·, ·) and s(·, ·) are assumed
to be continuous, and s(X, ·) is non-degenerate given X. From this model Shaikh and
Vytlacil (2005) derive the ATE identified set as


maxP ({Y = 1}|x, z) − min P ({Y = 1}|x, z),
z∈ΩZ

z∈ΩZ

n

o

min P ({Y = 1, D = 1}|x, z) + P ({D = 0}|x, z) − maxP ({Y = 1, D = 0}|x, z)

z∈ΩZ



z∈ΩZ

(22)
for a positive ATE and


n

o

maxP ({Y = 1, D = 1}|x, z) − min P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z) ,
z∈ΩZ

z∈ΩZ

min P ({Y = 1}|x, z) − maxP ({Y = 1}|x, z)

z∈ΩZ



z∈ΩZ

(23)
for a negative ATE.
It is obvious that the RBVP model in (10) represents a special case of the Shaikh-Vytlacil
model in (21). Given that the RBVP model corresponds to a structural equation model
that has been augmented with a reduced form equation for the treatment variable, we
can anticipate that the formulation and assumptions of the Shaikh-Vytlacil model will be
either contained within or implied by the Chesher structural model as outlined in Section 1
and Section 2. That the former is the case follows on noting that the Shaikh-Vytlacil
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threshold crossing specification for the outcome variable, namely, Y ∗ = r(X, D) − V ,
Y = I{Y ∗ ≥ 0}, is equivalent to
Y = I(r(X, D) ≥ V )
(24)
= I(h(X, D) ≥ U )
where h(X, D) = FV (r(X, D)) and FV (·) denotes the unspecified marginal probability
distribution of V , and P (U ≤ u|Z = z) = u for all u ∈ (0, 1) and all z ∈ ΩZ .
Thus it is perhaps not too surprising to find that there is a direct correspondence between
the ATE bounds derived by Shaikh and Vytlacil (2005) and those of Chesher (2005, 2010).
Take the case of a positive ATE for example. The lower limit of the Chesher identified set
is
sup {P ({Y = 0}|x, z)} − inf {P ({Y = 0}|x, z)}
z∈ΩZ

z∈ΩZ

= sup {1 − P ({Y = 1}|x, z)} − inf {1 − P ({Y = 1}|x, z)}
z∈ΩZ

z∈ΩZ



= 1 − inf {P ({Y = 1}|x, z)} − 1 − sup {P ({Y = 1}|x, z)}
z∈ΩZ



(25)

z∈ΩZ

= sup {P ({Y = 1}|x, z)} − inf {P ({Y = 1}|x, z)}
z∈ΩZ

z∈ΩZ

The upper limit of the Chesher identified set is
inf {P ({D = 1}|x, z) + P ({Y = 0, D = 0}|x, z)} − sup P ({Y = 0, D = 1}|x, z)

z∈ΩZ

z∈ΩZ

= inf {1 − P ({Y = 1, D = 0}|x, z)} − sup {1 − P ({Y = 1, D = 1}|x, z) − P ({D = 0}|x, z)}
z∈ΩZ

z∈ΩZ



= 1 − sup {P ({Y = 1, D = 0}|x, z)} − 1 − inf {P ({Y = 1, D = 1}|x, z) + P ({D = 0}|x, z)}
z∈ΩZ

z∈ΩZ

= inf {P ({Y = 1, D = 1}|x, z) + P ({D = 0}|x, z)} − sup {P ({Y = 1, D = 0}|x, z)}
z∈ΩZ

z∈ΩZ

(26)
The reformulations in Equation (25) and Equation (26) clearly reproduce the ShaikhVytlacil identified set in Equation (22). Similarly, in the case of a negative ATE the upper
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limit of the Chesher identified set is
inf {P ({Y = 0}|x, z)} − sup {P ({Y = 0}|x, z)}

z∈ΩZ

z∈ΩZ

= inf {1 − P ({Y = 1}|x, z)} − sup {1 − P ({Y = 1}|x, z)}
z∈ΩZ

z∈ΩZ



= 1 − sup {P ({Y = 1}|x, z)} − 1 − inf {P ({Y = 1}|x, z)}



(27)

z∈ΩZ

z∈ΩZ

= inf {P ({Y = 1}|x, z)} − sup {P ({Y = 1}|x, z)} ,
z∈ΩZ

z∈ΩZ

and the lower limit of the Chesher identified set for a negative ATE is
sup P ({Y = 0, D = 0}|x, z) − inf {P ({D = 0}|x, z) + P ({Y = 0, D = 1}|x, z)}
z∈ΩZ

z∈ΩZ

= sup {1 − P ({Y = 1, D = 0}|x, z) − P ({D = 1}|x, z)} − inf {1 − P ({Y = 1, D = 1}|x, z)}
z∈ΩZ

z∈ΩZ

n

o



= 1 − inf P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z) − 1 − sup {P ({Y = 1, D = 1}|x, z)}
z∈ΩZ

z∈ΩZ

= sup {P ({Y = 1, D = 1}|x, z)} − inf {P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z)} .
z∈ΩZ

z∈ΩZ

(28)
Equations (27) and (28) yield the Shaikh-Vytlacil identified set in Equation (23). Thus we
have established that the Shaikh-Vytlacil (2005) identified sets and bounds for the ATE
are equivalent to the identified sets and bounds of Chesher (2005;2010), and we have
thereby completed what amounts to a proof of the following proposition.
Proposition 1 The Shaikh-Vytlacil threshold crossing model (Shaikh and Vytlacil, 2005)
is encompassed by the structural equation model of Chesher (Chesher, 2005, 2010), and
the bounds are identical.
Bhattacharya et al. (2012) show that the bounds of Shaikh and Vytlacil (2005) (and those
of Manski (1990)) can be narrowed by imposing a positive quadrant dependence assumption on the joint distribution of E and V . Under their positive quadrant condition Bhattacharya et al. (2012) established that the ATE bounds of Shaikh and Vytlacil (2005) can
be improved (i.e. the ATE identified set narrowed) to give a lower bound of
maxP ({Y = 1, D = 1}|x, z) − min {P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z)}
z∈ΩZ

z∈ΩZ

(29)
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and an upper bound of
min {P ({Y = 1, D = 1}|x, z) + P ({D = 0}|x, z) · pmin (1, x, z)}

z∈ΩZ

(30)
− max{P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z) · pmax (1, x, z)} ,
z∈ΩZ

where
pmin (y, x, z) = min{P ({Y = y}|D = 1, x, z), P ({Y = y}|D = 0, x, z)} and
pmax (y, x, z) = max{P ({Y = y}|D = 1, x, z), P ({Y = y}|D = 0, x, z)} ,
for a negative ATE, and a lower bound of
max{P (Y = 1|x, z)} − min {P (Y = 1|x, z)}
z∈ΩZ

z∈ΩZ

(31)

and an upper bound of
min {P (Y = 1|D = 1, x, z)} − max{P (Y = 1|D = 0, x, z)}

z∈ΩZ

z∈ΩZ

(32)

for a positive ATE.
Manski and Pepper (2000) showed that the bounds of Manski (1990) can also be improved
using a monotone treatment selection assumption. Monotone treatment selection states
that E[Y0 |D = d, X = x] and E[Y1 |D = d, X = x] are weakly increasing in the realised
treatment d, implying that individuals who are treated have a mean response function not
less than that of individuals who are not treated. In Appendix A we establish that if the
monotone treatment selection assumption is imposed upon the structural equation model
of Chesher (2005, 2010) then the bounds for a negative ATE can be modified to give lower
and upper bounds of
sup P ({Y = 0, D = 0}|x, z) − inf {P ({Y = 0, D = 1}|x, z) + P ({D = 0}|x, z)}
z∈ΩZ

z∈ΩZ

(33)

and
inf {P ({Y = 0, D = 0}|x, z) + P ({D = 1}|x, z) · pmin (0, x, z)}

z∈ΩZ

− sup {P ({Y = 0, D = 1}|x, z) + P ({D = 0}|x, z) · pmax (0, x, z)}

(34)

z∈ΩZ
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respectively, and lower and upper bounds of
sup {P ({Y = 0}|x, z)} − inf {P ({Y = 0}|x, z)}
z∈ΩZ

z∈ΩZ

(35)

and
inf P ({Y = 0}|D = 0, x, z) − sup P ({Y = 0}|D = 1, x, z)

z∈ΩZ

(36)

z∈ΩZ

respectively for a positive ATE.
Proposition 2 The ATE bounds generated by the Bhattacharya-Shaikh-Vytlacil positive
quadrant dependent threshold crossing model (Bhattacharya et al., 2012) are identical to
the ATE bounds obtained when the structural equation model of Chesher (Chesher, 2005,
2010) is augmented with a monotone treatment selection assumption.
That the bounds presented in equations (29) - (32) are equivalent to those presented in
equations (33) - (36) is proved in Appendix B.
Additional simulation results not reported in detail here illustrate the numerical equivalence of the different ATE bounds as indicated in Propositions 1 and 2. We can therefore
infer that the previous conclusions concerning the relative merits of the different estimators that were obtained using the structural equation framework of Chesher will hold good
for these and other models considered in the literature that are equivalent. Additionally, as
other ATE bounds for the binary outcome and binary treatment models are also expressed
in terms of similar conditional probabilities, it is reasonable to expect that similar results
will hold for other bounds. In particular, it seems reasonable to conjecture that the performance of the QMLE (GP ) and local-QMLE (GP ) estimators will prove to be significantly
superior to that of non-parametric estimators in a broad range of circumstances.

7

An Application to Alternative Health Professional Visits

To illustrate an empirical application of the ATE bound estimation discussed in previous
sections, we analyse data from the Australian National Health Survey (ANHS) 2004/5
conducted by the Australian Bureau of Statistics (ABS). This consists of a representative
sample of 19501 private dwellings across Australia and within each sampled household a
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random sub-sample of usual residents was selected for inclusion in the survey, comprising
one adult (18 years of age and over) and one child (under age of 18 years). A total of
25906 respondent records (19501 adult records and 6405 child records) are included in
the survey.
The dependent variable of interest is utilisation of alternative types of health care and
the relevant insurance measure is ancillary cover.6 Accordingly, we classify status of
PHI for all those individuals as having private ancillary insurance if they responded as
having either private ancillary insurance only or having both private ancillary and hospital
cover. Those who claim to have only hospital cover, or no private insurance at all, are
classified as not having private ancillary insurance. When respondents were unsure of
their private insurance status, the corresponding values were classified as missing. We
removed individuals aged 25 and younger because they are more likely to be covered by
their parents’ private health insurance plan. After observations with missing data values
are deleted, 17593 observations remain, with 7999 males and 9594 females.
A RBVP model was fitted to the remaining data, using the socio-demographic variables
age, education, income, marital status and sex, as exogenous regressors. The number of
public hospital beds available per 1000 population, the average government copayment
for in-hospital medical services, whether or not a person wore glasses, hospital private
insurance price and ancillary private insurance price were used as instruments. For this
data the measure R2VZ = 0.0298, suggesting that the instruments are very weak, and
ρb = −0.265, indicating a low degree of endogeneity. The direction of the impact of
each of the exogenous variables is the same as would be expected, and, in particular, the
coefficient of PHI status in the equation for utilization of alternative health professional
services is positive and highly significant, indicating that having PHI directly increases the
value of the utilization of alternative health professional services latent variable, making
the individual more likely to visit alternative health professionals.
∗(3.3)[ηl ,ηu ]

The QMLE (GP ) ATE estimates and HCR0.95

identified set 95% confidence re-

0

gions are plotted against the linear indices w1 = x β Y and w2 = x0 β D in Figure 8. From
Figure 8(b) and Figure 8(c) it is apparent that over one half of the 17593 observations in
the sample are located some distance from the peak of the ATE point estimate surface.
This may be due to the fact that a very small number of people in the sample actually
6

Basic ancillary insurance only covers the use of an acupuncturist, chiropractor, naturopath, and/or
physiotherapist under alternative types of health professionals.
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visited alternative health professionals in the previous 12 months, so that P (Y = 1) is
very small. It is this latter feature that accounts for the fact that the ATE point estimates
do not stray far from zero and they present an almost flat surface with a shallow incline as
the values of w1 and w2 increase. By way of contrast, the identified set confidence regions
exhibit a very broad range of intervals of varying widths.
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Figure 8. The QMLE (GP ) ATE estimate and HCR0.95 l u identified set 95% confidence region, ANHS alternative health professional data.
Table 5 presents the ATE bounds and the identified set 95% confidence regions obtained
for each of the estimators previously considered here at values of the linear indices w1 and
w2 that generate (i) a wide confidence region, (ii) an intermediate sized confidence region,
and (iii) a narrow confidence region. The indices w1 and w2 correspond to individuals in
the sample who exhibit similar “characteristics", and individuals of type (i), (ii) and (iii)
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account for 4%, 13%, and 4% of the total respectively. From Table 5 we can see that
Table 5. ATE bounds for three types of individual.
Individual w1
type
(i)
(ii)
(iii)

w2

QMLE (GP )

−1.801

−2.522 [.0215, .7943]
CI % 95 [.0106, .8763]
−1.719 −1.013 [.0887, .4258]
CI % 95 [.0437, .4570]
−1.779
0.638
[.1039, .2790]
CI % 95 [.0512, .3280]

Local-QMLE (GP )

[.0310, .7758]
[.0158, .8682]
[.1279, .4159]
[.0652, .4426]
[.1298, .2725]
[.0662, .3352]

Raw
non- Smoothed
parametric
nonparametric
N/A
N/A
N/A

[.0199, .8372]
[.0030, .8538]
[.0821, .4488]
[.0119, .4793]
[.0961, .2941]
[.0139, .3807]

QMLE (F L )

QMLE (J P )

[.0361, .8555]
[.0178, .8979]
[.1490, .5082]
[.0734, .5454]
[.1745, .3330]
[.0860, .3915]

[.0216, .7916]
[.0106, .8733]
[.0890, .4243]
[.0439, .4554]
[.1043, .2780]
[.0514, .3269]

although the sign of the ATE is not in doubt, it’s magnitude is an open question – for
instance, the width of the shortest 95% confidence region, approximately 0.27, can be
less than one third of that of the longest, 0.88. Perhaps the most notable feature of Table 5
is that the empirical behaviour of the different estimators reflects the various properties
seen in the simulations.

8

Summary

Recent developments on the analysis of treatment effects indicate that ATE partially identified sets can be characterised by constructing bounds on different probability threshold functions. Such bounds are determined by various conditional probabilities and it is
natural to consider estimating these probabilities using nonparametric methods. Whilst
nonparametric methods generally impose few assumptions upon the DGP, numerical constraints and paucity of data can limit their application. Whereas parametric methods often
impose specific assumptions, they can be less prohibitive in the sense of demanding less
computational effort and not requiring large data sets. In this paper we have used Monte
Carlo experimentation to compare the finite sample performance of raw nonparametric
and smoothed nonparametric estimates of ATE bounds with those obtained from QMLE
and local-QMLE estimators based upon the RBVP model and other members of the family of triangular two equation systems for binary endogenous variables where the latent
error terms of the RBVP model are generalised through the use of monotone regression
dependent parametric copulae,
Our simulation results indicate that on the basis of bias, variance and mean squared error,
the performance of the RBVP QMLE and local-QMLE estimators was significantly better
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than that of the nonparametric methods for sample sizes n < 10000. The values of these
conventional performance measures for the RBVP QMLE and local-QMLE estimates of
the ATE bounds were significantly less than those observed for the nonparametric methods. For example, the RMSEs for the raw nonparametric method for the ATE bounds can
be as much as six times larger than the RMSEs from the QMLE and local-QMLE estimates. Our results also show that the QMLE estimators based on different members of the
family of triangular two equation systems can perform either very poorly or reasonably
well depending on the specific choice of the copula, but the RBVP or QMLE (GP ) based
estimator consistently out performed all other QMLE candidates.
Instrument strength plays an important role in determining the size of the ATE identified
set, and the Hausdorff distance between the RBVP based QMLE and local-QMLE estimates and the true ATE identified set was relatively small uniformly in R2VZ (our measure
of instrument strength), and they are around one half of the Hausdorff distance of the
raw nonparametric estimator. The raw nonparametric estimator was clearly dominated
by the other estimators, and the distance between the raw nonparametric estimate of the
ATE identified set and the true set increased as R2VZ increased beyond 0.6, reflecting that
the raw nonparametric estimator can be rendered infeasible due to data paucity when the
instruments are strong and the sample size is not overly large. The differences between
the nonparametric methods and the QMLE and local-QMLE estimators declined slowly
as sample size n was increased, but in the simulations examined here the nonparametric
methods were never able to outperform either the RBVP parametric or the RBVP semiparametric estimator even for sample sizes n as large as 50000.
Unlike traditional simulation exercises our results are based on generating data from a
generic probabilistic structure derived from population representative ANHS data. Consequently, our experimental design imposes no parametric or structural restrictions on the
experimental DGP and the generated data. Given that the QMLE and local-QMLE estimators are based on a two equation triangular system for binary endogenous variables
where the probability structure of the latent error terms is characterised as a member
of the monotone regression dependent parametric copulae family considered in Han and
Vytlacil (2017), and the underlying assumptions of such a model – including a parametric
distributional form, a threshold crossing rule for the binary variables, and a separable error structure – are unlikely to be true of real data, the superior performance of the RBVP
based QMLE and local-QMLE estimators as compared to the raw nonparametric esti39

mator observed here might be viewed as surprising. Such results are in accord with the
findings of Li et al. (2018) however.
In an analysis of the performance of the QMLE derived from such models Li et al. (2018)
showed that ATE estimates based upon the miss-specified RBVP model offer the practitioner a sensible choice as they generally out perform other QMLE estimators. Li et al.
(2018) also demonstrated the existence of compensating effects between parameter estimates and estimates of parametric functions such as the predicted probabilities and the
ATE. In particular, they showed that the QMLE (GP ) estimator generates pseudo-true parameter values that yield estimates of the ATE that lie alongside the value determined by
the true DGP, but that conventional 95% confidence intervals for the ATE can fall within
or overlap the true ATE bounds. Thus their results suggest that when assessing treatment
effects the concepts and ideas of partial identification can be critical to the analysis, and
that practitioners should take steps to evaluate the ATE bounds. The results presented
here indicate that identified set bootstrap Hausdorff confidence regions offer the applied
worker a credible and readily implementable inferential tool with which to address this
issue.
Finally, we have shown that although our results concerning the relative merits of the
QMLE and local-QMLE estimators and non-parametric methods were obtained using the
structural equation framework of Chesher (2005, 2010), they will hold good for other
specifications considered in the literature, and it seems reasonable to suppose that the
RBVP based QMLE and local-QMLE estimators will exhibit strong performance for a
broad range of partially identified models and data sets. These features are demonstrated
via an application to an investigation of the identification of the ATE of ancillary health
insurance cover on alternative health care utilisation. Overall, our findings may offer some
comfort to applied workers. The RBVP model is commonly employed in situations where
the response variable of interest is a dichotomous indicator and the determinants of the
probable outcome includes qualitative information in the form of an endogenous dummy
or treatment variable. It is frequently used by empirical researchers in policy evaluations
because it allows for the straightforward estimation of the ATE. Our results suggest that
use of the RBVP model, i.e. the QMLE (GP ) estimator, represents a conservative but
rational choice for the practitioner in the estimation of treatment effects and ATE bounds.

40

References
Aitchison, J. and Aitken, C. G. G. (1976). Multivariate binary discrimination by the kernel
method. Biometrika 63 413–420.
Andrews, D. W. and Barwick, P. J. (2012). Inference for parameters defined by moment
inequalities: a recommended moment selection procedure. Econometrica 80 2805–
2826.
Andrews, D. W. and Soares, G. (2010). Inference for parameters defined by moment
inequalities using generalized moment selection. Econometrica 78 119–157.
Angrist, J. D. and Pischke, J.-S. (2008). Mostly Harmless Econometrics: An Empiricist’s
Companion. Princeton University Press.
Beresteanu, A. and Molinari, F. (2008). Asymptotic properties for a class of partially
identified models. Econometrica 76 763–814.
Bhattacharya, J., Shaikh, A. M. and Vytlacil, E. (2012). Treatment effect bounds: An
application to swan–ganz catheterization. Journal of Econometrics 168 223–243.
Bugni, F. A. (2010). Bootstrap inference in partially identified models defined by moment
inequalities: coverage of the identified set. Econometrica 78 735–753.
Canay, I. A. (2010). EL inference for partially identified models: large deviations optimality and bootstrap validity. Journal of Econometrics 156 408–425.
Chernozhukov, V., Hong, H. and Tamer, E. (2007). Estimation and confidence regions for
parameter sets in econometric models. Econometrica 75 1243–1284.
Chesher, A. (2005). Nonparametric identification under discrete variation. Econometrica
73 1525–1550.
Chesher, A. (2010). Instrumental variable models for discrete outcomes. Econometrica
78 575–601.
Chiburis, R. C. (2010). Semiparametric bounds on treatment effects. Journal of Econometrics 159 267–275.

41

Fan, J., Farmen, M. and Gijbels, I. (1998). Local maximum likelihood estimation and
inference. Journal of the Royal Statistical Society: Series B (Statistical Methodology)
60 591–608.
Frölich, M. (2006). Non-parametric regression for binary dependent variables. The
Econometrics Journal 9 511–540.
Hahn, J. (2010). Bounds on ate with discrete outcomes. Economics Letters 109 24–27.
Han, S. and Vytlacil, E. J. (2017). Identification in a generalization of bivariate probit
models with dummy endogenous regressors. Journal of Econometrics 199 63–73.
Heckman, J. (1990). Varieties of selection bias. The American Economic Review 80
313–318.
Heckman, J. J. (1978). Dummy endogenous variables in a simultaneous equation system.
Econometrica 46 931–959.
Horowitz, J. L. and Manski, C. F. (2000). Nonparametric analysis of randomized experiments with missing covariate and outcome data. Journal of the American Statistical
Association 95 77–84.
Huber, M., Laffers, L. and Mellace, G. (2017). Sharp iv bounds on average treatment
effects on the treated and other populations under endogeneity and noncompliance.
Journal of Applied Econometrics 32 56–79.
Imbens, G. W. and Manski, C. F. (2004). Confidence intervals for partially identified
parameters. Econometrica 72 1845–1857.
Jones, A. M. (2007). Identification of treatment effects in Health Economics. Health
Economics 16 1127–1131.
Jun, S. J., Pinkse, J. and Xu, H. (2011). Tighter bounds in triangular systems. Journal of
Econometrics 161 122–128.
Kauermann, G. and Opsomer, J. D. (2003). Local likelihood estimation in generalized
additive models. Scandinavian Journal of Statistics 30 317–337.
Kitagawa, T. (2009). Identification region of the potential outcome distributions under
instrument independence. CeMMAP working papers CWP 30/09 .
42

Li, C. (2015). Aspects of the Identification and Partial Identification of Average Treatment Effect in Binary Outcome Models. Ph.D. thesis, Department of Econometrics and
Business Statistics, Monash University.
Li, C., Poskitt, D. S. and Zhao, X. (2018). The bivariate probit model, maximum likelihood estimation, pseudo true parameters and partial identification. Journal of Econometrics Published online at: https://doi.org/10.1016/j.jeconom.2018.07.009.
Li, Q. and Racine, J. (2003). Nonparametric estimation of distributions with categorical
and continuous data. Journal of Multivariate Analysis 86 266ĺC292.
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A

Proof of Lemma 1

First consider the raw nonparametric estimator, that is a = 3.1. In this case Fn(a) = Fn ,
√
and an extension of Donsker’s theorem implies that the empirical process n(Fn − F )
converges – in the sense of weak convergence in Skorohod space equipped with the uniform norm – to a tight random element BF = B ◦ F , an F-Brownian bridge process where
√
B is a standard Brownian bridge. Similarly, the bootstrap empirical process n(Fn∗ −Fn ),
where Fn∗ (w) = n−1

Pn

i=1

I(Wi∗ < w), is asymptotically measurable and for every

Donsker class F of measurable functions with finite and integrable envelope function
√
suph∈BL E∗ [h( n(Fn∗ − Fn )] − E[h(BF )] → 0
in outer probability, where BL is the set of functions h mapping F into R that are uniformly bounded by unity and satisfy |h(F1 ) − h(F2 )| ≤ kF1 − F2 kF for all pairs F1
and F2 , and E ∗ [·] denotes expectation with respect to the bootstrap (multinomial) distribution of W1∗ . . . , , Wn∗ obtained by independently sampling, with replacement, from
W1 . . . , , Wn . Consequently, an application of the functional delta method indicates that
√
for every Hadamard-differentiable function ψ the conditional distribution of n(ψ(Fn∗ )−
√
ψ(Fn )) given W1 . . . , , Wn converges to the same limit as n(ψ(Fn ) − ψ(F )) and yields
an asymptotically consistent estimate of the latter’s limiting law. (See Van der Vaart and
Wellner, 1996, Section 2, Chapter 3.6 and Chapter 3.9 for an exposition of the detailed
particulars and technical background to the empirical process results presented here.)
Rewrite φ(F ) as the composition π ◦ ϕ(F ) = π(ϕ(F )) where ϕ(F ) denotes the mapping
from F to the coordinate pair (ηl , ηu ) corresponding to the ATE bounds, and π is the
projection that maps members of {(ηl , ηu ) : 0 ≤ ηl ≤ 1, ηl ≤ ηu ≤ 1} ⊂ R2 into intervals
[ηl , ηu ] ⊆ [0, 1]. Since π is a uniformly bounded map that is Fréchet-differentiable with
respect to the Hausdorff metric on [0, 1], it can be shown (following Van der Vaart and
Wellner, 1996, Lemma 3.9.27) that φ = π ◦ ϕ is Hadamard-differentiable at F .
Now let Φ denote the probability distribution function of the common limiting random
√
√
variable T of Tn = n(φ(Fn ) − φ(F )) and Tn∗ = n(φ(Fn∗ ) − φ(Fn )), and for 0 < p < 1
set the inverse map Φ−1 (p) = inf{kT k : Φ(T ) ≥ p}. If Φ∗n is the probability distribution
−1
∗−1
function of Tn∗ then Φ∗−1
n (p) converges to Φ (p), and hence Pr (kTn k ≤ Φn (1 − α))

converges to Pr (kT k ≤ Φ−1
n (1 − α)) = 1 − α. Thus we have that the Hausdorff dis-

45

(a)

(a)

(a)
(a)
] from the
] is less than the Hausdorff distance of [ηln , ηun
tance of [ηl , ηu ] from [ηln , ηun
∗(a)

∗(a)
bootstrap interval [ηln , ηun
] with probability approaching 1 − α as n → ∞, as required.

This gives the desired result for the raw nonparametric estimator (a = 3.1). For the other
estimation methods, note that each estimator Fn(a) is a function of the data and can be
expressed as Fn(a) = λ(a) (Fn ) and therefore φ(Fn(a) ) = π ◦ ϕ ◦ λ(a) (Fn ) = π(ϕ(λ(a) (Fn ))).
(For the raw nonparametric estimator λ(a) is the identity function of course.) It is now only
necessary to observe that the previous argument can be repeated with φ(F ) replaced by
∗(a)[η ,ηu ]

φ(λ(a) (F )) to show that HCR(1−α)l

has the correct asymptotic coverage probability

when a = 3.2, 3.3 or 3.4.

B

Proof of Proposition 2

B.1

Chesher Bounds with Monotone Treatment Selection

To begin, substitute
P ({Y = 0, D = d}|X, Z) = P ({Y = 0}|D = d, X, Z)P ({D = d}|X, Z)
for d = 0, 1, into (6) and (7) and rewrite the bounds on the probability threshold functions
as
P ({Y = 0, D = 0}|X, Z) ≤ p(0, X) ≤
(B.1)
P ({Y = 0}|D = 1, X, Z)P ({D = 1}|X, Z) + P ({Y = 0, D = 0}|X, Z)
and
P ({Y = 0, D = 1}|X, Z) + P ({Y = 0}|D = 0, X, Z)P ({D = 0}|X, Z) ≤ p(1, X) ≤
P ({D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z) .
(B.2)
Monotone treatment selection implies that
P ({Y = 0}|D = 0, X, Z) ≥ P ({Y = 0}|D = 1, X, Z) ,

(B.3)

and a comparison of the terms in expressions (B.1) and (B.2) with (B.3) leads to the
conclusion that under monotone treatment selection the probability threshold function
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bounds can be reformulated as
P ({Y = 0, D = 0}|X, Z) ≤ p(0, X) ≤
(B.4)
pmin (0, X, Z) · P ({D = 1}|X, Z) + P ({Y = 0, D = 0}|X, Z)
where pmin (0, X, Z) = min{P ({Y = 0}|D = 0, X, Z), P ({Y = 0}|D = 1, X, Z)}, and
P ({Y = 0, D = 1}|X, Z) + pmax (0, X, Z) · P ({D = 0}|X, Z) ≤ p(1, X) ≤

(B.5)

P ({D = 0}|X, Z) + P ({Y = 0, D = 1}|X, Z) .
where pmax (0, X, Z) = max{P ({Y = 0}|D = 0, X, Z), P ({Y = 0}|D = 1, X, Z)}.
Appropriate application of lower and upper bounds with respect to z ∈ ΩZ on the left
and right hand sides of (B.4) and (B.5) now yields the Chesher monotone treatment selection (Chesher-MTS) bounds as in equations (33) and (34), or equations (35) and (36),
as required.

B.2

Chesher-MTS and BSV Bound Equivalence

To establish the equivalence of the Chesher-MTS bounds to the Bhattacharya-ShaikhVytlacil (BSV) bounds, first consider the case of a positive ATE. The Chesher-MTS lower
bound in (35) is
sup {P ({Y = 0}|x, z)} − inf {P ({Y = 0}|x, z)}
z∈ΩZ

z∈ΩZ

= sup {1 − P ({Y = 1}|x, z)} − inf {1 − P ({Y = 1}|x, z)}
z∈ΩZ

z∈ΩZ



= 1 − inf {P ({Y = 1}|x, z)} − 1 − sup {P ({Y = 1}|x, z)}
z∈ΩZ

(B.6)



z∈ΩZ

= sup {P ({Y = 1}|x, z)} − inf {P ({Y = 1}|x, z)} ,
z∈ΩZ

z∈ΩZ

and the Chesher-MTS upper bound in (36) is
inf P ({Y = 0}|D = 0, x, z) − sup P ({Y = 0}|D = 1, x, z)

z∈ΩZ

z∈ΩZ

n

o

n

= inf 1 − P ({Y = 1}|D = 0, x, z) − sup 1 − P ({Y = 1}|D = 1, x, z)
z∈ΩZ

z∈ΩZ

n

o

n

= 1 − sup P ({Y = 1}|D = 0, x, z) − 1 − inf P ({Y = 1}|D = 1, x, z)

o
o (B.7)

z∈ΩZ

z∈ΩZ

= inf P ({Y = 1}|D = 1, x, z) − sup P ({Y = 1}|D = 0, x, z) .
z∈ΩZ

z∈ΩZ
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The Chesher-MTS lower and upper bounds as reexpressed in (B.6) and (B.7) clearly reproduce the BSV bounds in (31) and (32).
Now consider the case of a negative ATE. If pmax (0, x, z) = P ({Y = 0}|D = 0, x, z)
then pmin (0, x, z) = P ({Y = 0}|D = 1, x, z), obviously, and the Chesher-MTS bounds
in (33) and (34) are exactly the same as those in the Chesher unconstrained ATE identified
set in (8). From the equality
pmin (1 − y, x, z) = min{P ({Y = 1 − y}|D = 1, x, z), P ({Y = 1 − y}|D = 0, x, z)}
= min{1 − P ({Y = y}|D = 1, x, z), 1 − P ({Y = y}|D = 0, x, z)}
= 1 − max{P ({Y = y}|D = 1, x, z), P ({Y = y}|D = 0, x, z)}
= 1 − pmax (y, x, z).
(B.8)
it also follows that pmax (1, x, z) = P ({Y = 1}|D = 1, x, z) and pmin (1, x, z) =
P ({Y = 1}|D = 0, x, z) when pmax (0, x, z) = P ({Y = 0}|D = 0, x, z). But when
pmax (1, x, z) = P ({Y = 1}|D = 1, x, z) and pmin (1, x, z) = P ({Y = 1}|D = 0, x, z),
Equation (30) reduces to min P ({Y = 1}|x, z) − maxP ({Y = 1}|x, z) and the BSV
z∈ΩZ

z∈ΩZ

bounds in (29) and (30) are the same as those in the Shaikh-Vytlacil unconstrained ATE
identified set in (23). The equivalence between the BSV and the Chesher-MTS bounds
therefore follows directly from Proposition 1.
If the ATE is negative and pmax (0, x, z) = P ({Y = 0}|D = 1, x, z) – which means that
pmin (0, x, z) = P ({Y = 0}|D = 0, x, z) and via Equation (B.8) that pmax (1, x, z) =
P ({Y = 1}|D = 0, x, z), and pmin (1, x, z) = P ({Y = 1}|D = 1, x, z) – then for the
Chesher-MTS lower bound in (33) we have
sup P ({Y = 0, D = 0}|x, z) − inf {P ({Y = 0, D = 1}|x, z) + P ({D = 0}|x, z)}
z∈ΩZ

z∈ΩZ

n

o

n

= sup 1 − P ({Y = 1, D = 0}|x, z) − P ({D = 1}|x, z) − inf 1 − P ({Y = 1, D = 1}|x, z)
z∈ΩZ

z∈ΩZ

n

o

n

= 1 − inf P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z) − 1 − sup P ({Y = 1, D = 1}|x, z)
z∈ΩZ

z∈ΩZ

n

o

= sup P ({Y = 1, D = 1}|x, z) − inf P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z) ,
z∈ΩZ

z∈ΩZ

(B.9)

48

o

and the Chesher-MTS upper bound in (34) can be rewritten as
inf {P ({Y = 0, D = 0}|x, z) + P ({D = 1}|x, z) · pmin (0, x, z)}

z∈ΩZ

− sup {P ({Y = 0, D = 1}|x, z) + P ({D = 0}|x, z) · pmax (0, x, z)}
z∈ΩZ

= inf {P ({Y = 0, D = 1}|x, z) + P ({D = 1}|x, z) · P ({Y = 0}|D = 0, x, z)}
z∈ΩZ

− sup {P ({Y = 0, D = 0}|x, z) + P ({D = 0}|x, z) · P ({Y = 0}|D = 1, x, z)}
z∈ΩZ

= inf P ({Y = 0}|D = 0, x, z) − sup P ({Y = 0}|D = 1, x, z)
z∈ΩZ

z∈ΩZ

= inf P ({Y = 1}|D = 1, x, z) − sup P ({Y = 1}|D = 0, x, z) .
z∈ΩZ

z∈ΩZ

(B.10)
Now, the Chesher-MTS lower bound as expressed in (B.9) equals the BSV lower bound
in (29), and the BSV upper bound in (30) can be reformulated as
min {P ({Y = 1, D = 1}|x, z) + P ({D = 0}|x, z) · P ({Y = 1}|D = 1, x, z)}

z∈ΩZ

− max {P ({Y = 1, D = 0}|x, z) + P ({D = 1}|x, z) · P ({Y = 1}|D = 0, x, z)}
z∈ΩZ

n

o



= min P ({Y = 1}|x, z) + P ({D = 0}|x, z) · P ({Y = 1}|D = 1, x, z) − P ({Y = 1}|D = 0, x, z)
z∈ΩZ

n

o



− max P ({Y = 1}|x, z) + P ({D = 1}|x, z) · P ({Y = 1}|D = 0, x, z) − P ({Y = 1}|D = 1, x, z)
z∈ΩZ

= min P ({Y = 1}|D = 1, x, z) − max P ({Y = 1}|D = 0, x, z) ,
z∈ΩZ

z∈ΩZ

(B.11)

which is the same as the Chesher-MTS lower bound as expressed in (B.10).
Equality between the BSV bounds and the Chesher-MTS bounds in all possible cases
has thus been established, and the proof of the equivalence as stated in Proposition 2 is
thereby completed.
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