
Empirical Challenges of Multivalued

Treatment Effects

Camila Galindo∗

Job Market Paper

This draft: December, 2020
[Most recent version]

Abstract

I study treatment effects under multiple options that lack a clear ranking. When
the identifying variation stems from multiple instruments, agents can switch into
different options and from many initial states. I discuss how to use conditional
choice rules to estimate the shares of agents switching at well-defined margins of
choice and their treatment effects. I develop an empirical strategy consistent with
this framework and apply it to assess the impact of childcare choice in Colombia
on children’s development. Parents can choose between home care and public care
at small or large centers. I exploit two sources of exogenous variation: a lottery
that provides information and encourages winning parents to switch to large cen-
ters, jointly with the geographical distance between the child’s home to the nearest
center. Parental responses to the experimental variation can differ depending on
the distance to the center. This feature uncovers heterogeneous responses along two
margins of choice: small versus large centers, and small centers versus home care.
Previous methods would attribute all the experimental variation to the small versus
large centers margin. I find that, on average, 15-18% of parents are induced to
switch from small towards large centers as the lottery outcome and proximity vary.
My results suggest that, on average, switching towards large centers might benefit
some children who live far from large centers but have more educated mothers.
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1 Introduction

The identification and estimation of treatment effects with instrumental variables in con-
texts where agents can choose from multiple alternatives have been at the center of recent
theoretical (Heckman & Pinto, 2018; Lee & Salanié, 2018, 2020; Xie, 2020; Caetano &
Escanciano, 2020; Feng, 2020) and empirical work (Kline & Walters, 2016; Pinto, 2019).
This literature applies to many settings, such as career paths, migration decisions, or
parental choice of childcare. In these contexts, the researcher would like to estimate
average treatment effects of different choices (on average, do large childcare centers im-
prove cognitive development relative to small care centers? or, relative to home care?).
However, the options often lack a clear ordering and the variation in the instruments
can induce agents to switch into different options and from many initial states (Angrist,
Imbens & Rubin, 1996; Heckman, Urzua & Vytlacil, 2006). Restricting potential changes
in behavior requires that each instrument only affects one choice (Heckman, Urzúa &
Vytlacil, 2008), and induces all agents in the same direction (i.e., monotonicity in Imbens
& Angrist, 1994).

This paper studies a general case of multivalued treatment effects where the identifying
variation stems from discrete and continuous instruments (IVs). If multiple instruments
can affect the same margins of choice, how do agents sort into and out of alternatives
as the instruments change? For instance, suppose that the researcher has access to
experimental variation that encourages agents to choose option 1 instead of 2 or 3, but
only if they face lower costs. In turn, when costs are higher, the responses between
option 1 and 2 disappear. In this scenario, the experimental variation alone might not
be enough to uncover the full set of responses. Therefore, within my framework, I allow
for the response to the variation in one instrument (e.g., an offer of a slot at a childcare
center) to differ depending on other instruments (e.g., proximity to the center) that affect
the same choice. In contrast, while joint responses to multiple instruments have been
recognized in the literature (Mogstad, Torgovitsky & Walters, 2020a,b), current methods
for multiple options implicitly assume that the behavior of compliers (or responses) to
one instrument is the same across the distribution of other IVs.1

I employ an empirical strategy consistent with a framework of multivalued treatment
effects. The instruments affect choices through their effect on potential costs.2 Following
long-standing literature of shape restrictions that stem from economic theory, 3 I assume

1For the binary treatment case, Mogstad et al. (2020a,b) show that the standard monotonicity as-
sumption in Imbens & Angrist (1994) imposes homogeneity in the responses to multiple instruments.

2I model agents’ decisions with a latent utility model with additive separability between the unob-
served preference heterogeneity and the cost function. This is standard in the unobserved heterogeneity
literature (Vytlacil, 2002). Recently, Heckman & Pinto (2018) extended this notion for unordered choices;
Lee & Salanié (2020) model changes in relative mean utility through changes in relative costs.

3See, for example, a nonparametric model of multinomial choice Matzkin (1991), with restrictions
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that the cost function determining individual’s decisions is convex. The role of convexity
in identification is twofold. First, without any restrictions on the shape of the function,
multiple instruments can affect the costs in different directions. Convexity imposes a
smoothness condition such that agents who are induced to change their behavior do so
in the same direction. Second, convexity also allows the researcher to model a richer set
of cost functions where multiple instruments affect the same choices. Thus, instruments
can enter the cost function nonlinearly.

I use the methodological approach of Heckman & Pinto (2018) in which rules of be-
havior from revealed preference analysis define vectors used to identify the prevalence of
compliers (i.e., agents who change their behavior as the IV changes) and their counter-
factuals. I extend this notion to the case of conditional vectors defined by an instrument
that can change across the support of other IVs. Namely, conditional vectors consist of
combinations of potential choices that differ depending on the variation of other instru-
ments. These combinations are consistent with the restrictions of convexity on the cost
function.

I show that the conditional vectors satisfy a weaker version of monotonicity than in
the literature of Imbens & Angrist (1994). In specific, they satisfy conditional/partial
monotonicity for multiple treatments (Mountjoy, 2019).4 This assumption requires that
agents who react to the variation in one instrument do so in the same direction (towards
or away from the same choices), conditional on the variation in other IVs. Although this
assumption has been previously employed, I further exploit a well-known, but frequently
overlooked, property of monotonicity. It requires that changes in an instrument from z to
z′ induce all agents in the same direction; meanwhile, changes from z′ to z′′ do not have
to induce agents in the same direction as changes in z to z′. Nonetheless, it is common to
assume the same patterns of behavior at z to z′ and z′ to z′′. With conditional vectors,
I identify a richer set of compliers that result from allowing the responses at z versus z′

and z′ versus z′′ to differ.
I discuss the role of conditional vectors to estimate shares of compliers at different

margins of choice and their treatment effects. I show how to estimate complier shares and
their counterfactuals as response-weighted averages of conditional propensity scores and
choice-outcomes interactions. The method can be implemented with a nonparametric
approach,5 without imposing restrictions on the relation between the instruments on the

of concavity and monotonicity to achieve identification. Recent work by Freyberger & Horowitz (2015)
impose shape restrictions such as convexity and monotonicity on the functional form of the outcome
equation. For a review of shape restrictions in applied work see Chetverikov, Santos & Shaikh (2018).

4Das (2005) imposes this assumption conditional on covariates for nonlinear IVs; Heckman et al.
(2006) impose conditional monotonicity on a second instrument, for the binary treatment case. More
recently, Mogstad et al. (2020a,b) and Goff (2020) present identification results for the binary treatment
case.

5Nonparametric estimation of IV strategies such as 2SLS suffer from the ill-posed inverse problem.
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choice equation. This approach fits with nonlinear instrumental variables estimation for
discrete endogenous variables presented in Das (2005) and, more generally, in Imbens
& Newey (2009); Chen, Chernozhukov, Lee & Newey (2014); D’Haultfœuille & Février
(2015) and Chernozhukov, Imbens & Newey (2007).6 Moreover, the method can also
be implemented with a linear decision model by incorporating interactions between the
instruments. Overall, the treatment effects that can be identified are conditional Local
Average Treatment Effects.7

The strategy I present can be applied, but is not limited, to experimental designs with
noncompliance when costs are also available. Noncompliance is frequent in applied work
(e.g., Kline & Walters, 2016; Dean & Jayachandran, 2019; Pinto, 2019), and poses the
challenge of identifying counterfactual choices or fallback options that can largely vary
across individuals. Moreover, the researcher can often uncover at most local treatment
effects of one option versus the next-best (i.e., what the agent would have chosen if
that option is no longer available). Previous literature has employed assumptions on
homogeneity of the counterfactuals to disentangle treatment effects along well-defined
margins of choice (Kline & Walters, 2016; Hull, 2018; Lee & Salanié, 2020).8 I extend this
assumption to the case of conditional margins of choice and present a test of homogeneity
that takes advantage of changes in the prevalence of some complier groups conditional
on the variation of other IVs. Using conditional vectors, I show how to recover treatment
effects at well-defined margins of choice and how to assess whether or not the homogeneity
assumption is plausible.

I use the identification results to empirically assess the case of childcare choice in
Colombia and its impact on children’s development. This is a unique setting to analyze
IVs in contexts of unordered multivalued treatments. First, there are three childcare
alternatives that have no clear rank across dimensions of child development. Parents of
children between six months to five years of age can choose between home care, small
centers, or large centers. These options differ in terms of infrastructure, caretaker to
children ratios, nutritional services, and the classrooms’ age composition. Neither small
nor large centers fare better across all dimensions that could potentially improve the
development of children. For instance, small centers have lower teacher to child ratios

Nonetheless, the strategy I present here deals with discrete endogenous variables and does not suffer
from this problem. The method can be implemented by reduced form estimation of choice-by-outcome
interactions, which can be estimated nonparametrically, as well as propensity scores from the first-stage.

6Nonetheless, to impose the conditional rules of behavior the researcher needs to restrict the dimension
of the nonparametric component since a fully nonparametric approach would threaten the assumption
on convexity of costs.

7Heckman et al. (2006) discuss the scope of conditional estimation and conditional LATEs for binary
treatment. Das (2005) shows how to identify conditional LATEs by conditioning on covariates.

8In turn, a different approach to secure separate identification can be found in Pinto (2019) and
Mountjoy (2019).
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compared to large centers. But large centers have age-specific classrooms while small
centers group children of all ages in the same room. Second, the childcare system in
Colombia underwent a supply expansion, increasing the available options from small
centers to both small and large centers. In my sample, I observe children during this
expansion and have measures of their characteristics before and after large centers were
available. I also use institutional features of the changes in supply to explain how parents
sort between alternatives.

In my application, the source of variation stems from discrete and continuous IVs that
jointly affect the same margins of choice. Childcare choices are endogenous, with parents
self-selecting into their preferred alternative. To estimate treatment effects, I exploit
experimental variation jointly with the geographical distance to the nearest center. The
former is a lottery with noncompliance that provided information and encouraged winning
parents to switch to large centers. Consistent with the general framework of this paper,
I assume that the instruments affect choices through their effect on costs. I impose a
shape restriction of convex and increasing costs on the distance to the large center. This
restriction translates into potential parental responses to the lottery outcome along the
margins of home care versus large centers, and small versus large centers.

My framework allows the parental response to the experimental variation to change
with distance to the nearest large center. Convenience (i.e., low travel time or distance)
has been recognized as an important predictor of childcare choice (Attanasio, Maro &
Vera-Hernández, 2013; Bernal & Fernández, 2013; Hojman & López Bóo, 2019). There-
fore, despite winning the lottery, some parents might be discouraged from choosing large
centers if the distance from home is relatively large. In practice, I observe that some
parents without a large center nearby react to the lottery outcome variation by switching
towards home care and away from small centers. With these findings, I define condi-
tional rules of parental behavior that vary with distance to the nearest large center. This
feature empirically uncovers heterogeneous responses along two margins of choice: small
versus large centers and small centers versus home care. Importantly, previous methods
would attribute all the experimental variation to the small versus large centers margin.
I find that, on average, 15-18% of parents are induced to switch from small towards large
centers as the lottery outcome and proximity vary. In turn, about 7% of parents without
a large center nearby are induced to switch between small centers and home care due to
the lottery outcome variation.

My results suggest that, on average, switching towards large centers might benefit
some children who live far from large centers but have more educated mothers. Although
there is considerable evidence on the effect of better infrastructure on children’s devel-
opment in developed countries, the evidence in developing contexts remains scant. The
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paper closer to my analysis is Bernal, Attanasio, Peña & Vera-Hernández (2019), who
estimate the effect of small versus large centers for a similar sample using variation in the
lottery, and find negative treatment on the treated effects on cognitive development and
positive effects on nutrition. The authors present an exhaustive analysis of noncompli-
ance with the lottery and find that one of the principal factors was child’s age. In turn, I
find large baseline differences in children’s age across a richer set of compliers, with those
closest to the eligibility limit benefiting the least from the transfer to large centers.

This paper is organized as follows. Section 2 presents a general framework of multi-
valued treatment effects and instrumental variables, describes the shape restrictions that
secure identification, and the resulting conditional rules of behavior. Here, I present the
estimation strategy. Section 3 provides background on childcare choices in Colombia,
describes the data, and presents descriptive results. It includes a latent utility model of
choice of childcare, as well as restrictions on the cost function. Next, I derive conditional
rules of parental behavior and discuss their empirical implementation. Section 4 discusses
the empirical results. Section 5 concludes.

2 General Framework

Consider a decision maker, i, who can choose between different alternatives. Each of these
alternatives are no better than the others a priori (i.e., they are unoredered), but agents
can have preferences over them. Let Yi denote an outcome of interest for individual i.
Options are represented by d, with d ∈ {1, 2, ..., k}, where k is the total number of choices,
and in contexts of unordered choice higher values do not represent better options. Vector
Zi contains L instrumental variables, such that Zi = {Zi,1, ..., Zi,L} where each Zi,l takes
values in supp(Zi,l). I place no restrictions on their support, which can be continuous
or discrete. I also place no assumptions on the joint support of the instruments in Z

and denote it as Z. For simplicity, I refer to an element z ∈ Z as a combination of
(Zi,1, ..., Zi,L).

Potential outcomes are denoted by Ydi(z), which represent the outcome agent i would
derive from choosing option d at value z ∈ Z. Define Di(z) as potential choices at value
z of the instruments, i.e. the choice agents would select when faced with value z. As in
Imbens & Angrist (1994), the instruments in Z satisfy:

A1 (Independence) Z |= ({Yd}d∈1,..,k, {D(z)}z∈Z).

By independence, Ydi(z) = Ydi. Assume that agents preferences can be represented by a
discrete choice problem, where Uid(z) represents latent utility for agent i at a combination
of values of the instruments z ∈ Z. Utility depends on unobserved preferences and costs:
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Uid(z) = µid−Vid(z), where µid represents unobserved preference heterogeneity for choice
d and Vid(z) is the disutility, or costs, of choosing d at z. Agents select the option with
the highest latent utility,

Di(z) = argmax
d∈{1,..,k}

(µid − Vid(z)) (1)

Potential choices in equation (1) depend on Zi only through Vid, or costs. That is, changes
in the instruments shift costs but do not alter the underlying preferences of agents for
choice d.9 Costs in Vid can depend on one or many instruments, and we can model how
changes in a given Z ∈ Z will affect costs for option d. For example, increasing the
geographical distance to option 1 ∈ d increases the costs of choosing 1. We are interested
in agents who will change their choices as the instruments vary and the margins at which
they change their behavior.

To understand how agents switch into, and away, from choices d as the instruments
vary the researcher can define a set of rules of behavior. These rules stem directly from
the properties of costs in Vid, and how they affect the relative mean utility of the different
options. For instance, in the context of my childcare choice application, if changes in
the distance to option 1 make this option more costly relative to other options then the
researcher could assume that changes in distance move agents away from choosing 1. In
the case of binary treatment with one binary instrument, agents can either move into
(i.e., compliers) or away from (i.e., defiers) treatment as the instrument varies.10

I focus on contexts where multiple instruments can affect the same options, and agents
can switch along many margins of choice. This is the case in settings where, for example,
the researcher has access to several costs for an option, such as tuition, fees, travel time or
distance. In addition, experimental variation can also be available along with information
on the costs of different options. Heckman et al. (2006); Mogstad et al. (2020a,b) and
Mountjoy (2019) show that if the researcher simultaneously increases one instrument (e.g.
tuition) while decreasing another (e.g. travel time), agents can move towards, and away
from, the same option. This motivates exploiting the variation in one instrument, while
keeping the other instrument(s) fixed.

9The assumption of separability between µid and Vid in equation 1 is standard in latent index selection
models (Vytlacil, 2002; Heckman et al., 2006; Lee & Salanié, 2020).

10For example, suppose that treatment is enrolling, or not, in any college. The instrument is a variable
that takes the value of one if the student grew up in a county with any college (as in Card, 1995).
Always-takers (Never-takers) are students who would choose (not) to enroll in college whether or not
they grew up in a county with any college. Neither always-takers nor never-takers respond to changes
in the presence of college; they don’t provide any variation to estimate treatment effects. Compliers are
students who would enroll in college when their county had a college, and would choose to not enroll
when there is no college present. Lastly, defiers are students who choose to enroll in college if they grew
up with a college in their county, and to enroll if there was no college.

7



A2 Conditional (Partial) Monotonicity - Let z, z′ be two values in supp(Zl), with
Zl, Zl− ∈ Z. For all d ∈ {1, ..., k} either Did(z, Zl−) ≥ Did(z

′, Zl−) for all i, or
Did(z, Zl−) ≤ Did(z

′, Zl−) for all i. This a weaker version of monotonicity in Im-
bens & Angrist (1994).11,12

For binary treatment, Mogstad et al. (2020a) employs this assumption for identification.
Similarly for binary treatment, Heckman et al. (2006) show that conditioning on other
instruments can produce one-way flows in the variation of a selected IV. Mountjoy (2019)
extends partial monotonicity to the case of multiple unordered options, and secures iden-
tification with an additional assumption of comparable compliers. The latter requires
that compliers induced along the same margin of choice by two different instruments
would have the same average potential outcomes. Instead, in my framework, I secure
identification by imposing restrictions on the cost function such that instruments Z ∈ Z
would satisfy A2.

While the implications of uncontrolled variation have been previously analyzed, as well
as the assumption of conditional or partial monotonicity to secure identification, I further
extend this notion by focusing on the case where the researcher can define subsets of the
support of Zl− such that agents move across well-defined margins. Heckman et al. (2006)
show the case of conditional monotonicity for binary treatment, while in my context there
can be multiple margins of choice. The latter complicates identification, since movements
along margins of choice that violate monotonicity can be a result of incentives provided
by the instruments and cannot be necessarily ruled out as defiers.

2.1 Restrictions on the cost function

One approach to determine if an instrument changes the relative utility of option d is to
compare costs at different values of the instrument. This follows from the assumption
that changes in Z only affect the utility of choice d through their effect on costs Vid (see
equation (1)). If an instrument increases (or decreases) the costs of option d, while the
costs of other options remain unchanged, then agents that respond to the variation should
do so towards option d (i.e., the relatively cheaper option). By imposing restrictions on
the shape of the cost function, the researcher can rule out combinations of potential
choices and determine which margins of choice are affected by Z. I impose the following
restrictions:

11Monotonicity in Imbens & Angrist (1994) states that for any values z, z′ in supp(Zl) either Di(z) ≥
Di(z

′) for all i, or Di(z) ≤ Di(z
′) for all i. It is a stronger assumption, since it has to hold regardless of

changes in instruments other than Zl.
12Das (2005) employs a conditional monotonicity assumption to the case of nonlinear IV. The au-

thor shows that, conditioning on covariates, nonparametric estimation can recover a conditional LATE
parameter.
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R1 (Cost restrictions) Let Vid(Z) represents the costs of alternative d which depend on
instruments Z ∈ Z. Let Zl ∈ Z and define Zl− as an instrument in Z other than
Zl. Assume that the function Vid(Z) is convex in Zl ∈ Z (i.e., ∂2Vid(Zl,Zl− )

∂Z2
l

≥ 0).

R1.1 (Joint effect) Denote V ′d,ll− as the cross-derivative of the cost function with
respect to Zl and Zl− ,

V
′

d,ll− =
∂2Vid(Zl, Zl−)

∂Zl∂Zl−

If Zl− is discrete, then for two realizations z, z′ the joint effect can be defined
as

V
′

d,ll− =
∂Vid(Zl, Zl− = z)

∂Zl

− ∂Vid(Zl, Zl− = z′)

∂Zl

Thus, if V ′d,ll− 6= 0, Zl and Zl− jointly affect the costs of option d.

R1.2 (Exclusion Restriction for Multiple Treatments) Let Zd be a set of instruments
that affect choice d. If the conditions on the derivatives above hold then
instrument Zl and Zl− are in the set Zd. Moreover, let Zd− represent the
set of instruments that affect choices other than d. There exist at least one
instrument in Zd and not in Zd− such that it does not affect choices other than
d.

The assumption on convexity of costs is frequent in economic theory and can be
extended to applications that employ exogenous variation in cost-shifters as instrumental
variables. Imposing convexity on the cost function serves two main purposes. First,
without any restrictions on the shape of the function multiple instruments can affect the
costs in different directions. As a result, two agents experiencing a change of the same
magnitude and sign in an instrument Zl could face increasing or decreasing costs and
could be induced to change their choices along different margins (i.e., towards, and away
from, choosing different options). In turn, convexity imposes a smoothness assumption
such that agents who would be induced to change their choices because of a change in
Zl would do so towards, or away from, the same options. The latter states that the
assumption of convex costs translate into combinations of counterfactual choices that
satisfy A2. Importantly, the restriction on costs does not require that Vid(Z) is joint
convex. Instead, it suffices that Vid(Z) is element-wise convex in Zl ∈ Z.

Second, convexity also allows to model a richer set of cost functions where multiple
instruments affect the same choices. Joint effects are defined formally in R1.1 . If the
cross-derivatives are nonzero, such that they satisfy the convexity assumption, the effect
on costs of one instrument can depend on other IVs. This can be the case in contexts
where there is random assignment to receive a treatment but agents’ reaction to it can be
stronger or weaker depending on travel costs (time or distance). Lastly, R1.2 imposes a
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type of exclusion restriction for multiple choice models (such as in Heckman et al., 2006,
2008). It states that there should be at least one instrument that affects choice d but not
other choices. Importantly, if the restrictions in R1 hold, then the instruments satisfy
conditional (partial) monotonicity and the researcher can identify a set of local treatment
effects.

Thus, if the above conditions hold then Zl satisfies A2, conditional on Zl− .

2.1.1 Example

To illustrate how changes in costs affect different margins of choice, consider the case
of three choices, d = {1, 2, 3}, and two IVs, Z = {ZB, ZC}, where ZB is a discrete
instrument. Let Ud(ZB, ZC) represent the utility of option d, which depends on a binary
instrument, ZB, and a continuous instrument, ZC . For instance, ZB could represent
random assignment with noncompliance to a treatment d and ZC a measure of cost (e.g.,
price, travel time, travel distance). I impose the following restrictions on how changes in
the instruments translate into changes in costs:

(i) ZB decreases the cost of choosing option 3: Vd−(0, ZC) = Vd−(1, ZC) for d− = {1, 2},
and V3(0, ZC) > V3(1, ZC)

(ii) ZC increases the cost of option 3:
∂Vd− (ZB ,ZC)

∂ZC
= 0 and ∂V3(ZB ,ZC)

∂ZC
≥ 0

(iii) Convexity of V3(ZB, ZC): ∂2V3(ZB ,ZC)

∂Z2
C

> 0

The first restriction imposes that the binary instrument, ZB, does not affect the costs
of option 1 and 2 but it decreases the costs of choosing 3. Similarly, the second restriction
requires that ZC only affects the costs of option 3. I further assume that the costs of
option 3 are convex in ZC , or that at low ZC costs of option 3 remain largely unchanged
but increase fast as ZC becomes larger. For instance, if ZC is distance from home to
option 3 convexity translates into larger increases in costs of choosing option 3 as it gets
relatively far. Changes in ZB and ZC translate into changes in utility through their effect
in costs. Hence, a higher ZB and lower ZC induce agents to move along the same margins
of 1→ 3 and 2→ 3.

I depict a set of costs that satisfy the previous restrictions for option 1 and option 3

in Figure 1. For simplicity, I focus on one margin, 1− 3, but the analysis can be readily
extended to all other margins. I also depict a case of interest, such that changes in the
instruments would induce agents to change their choices. The dashed and solid convex
curves represent the costs of option 3 when ZB = 0 and ZB = 1, respectively. The red
dotted line represents the costs of option 1, which are constant for all ZC . Note that
a higher ZB decreases the cost of 3 in the same magnitude, for a low ZC . That is, the
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reduction in costs from ZB = 0 to ZB = 1 remains constant for low values of ZC , and
it narrows as ZC increases. Thus, ZB changes the intercept and the slope of the cost
curve. For instance, suppose that ZB is a random offer that encourages choosing 3 while
ZC is distance to option 3. For low ZC the reduction in costs from the random offer
remains about the same. As ZC increases the effect on costs of the random offer largely
disappears. Formally, ∂U3(1,ZC)

∂ZC
6= ∂U3(0,ZC)

∂ZC
.

Figure 1: Relative costs that induce agents along the 1− 3 margin

V1

Costs

0 z∗C ZC

V3(1, zC)
V3(0, zC)

Following Figure 1, what would be the choices of an agent with these costs? Note
that for ZC < z∗C , the cost of option 1 lies between the cost of option 3 when ZB = 1

and ZB = 0, or that V3(ZB = 0|0 < ZC < z∗C) > V1 > V3(ZB = 1|0 < ZC < z∗C). Hence,
if ZB = 0 agents would choose 1 over 3 (since it has a higher cost), while if ZB = 1

agents would choose 3 over 1. For a relatively low ZC the variation in ZB would induce
agents to change their choice from option 1 to option 3. Meanwhile, if ZC > z∗C the cost
of option 1 is always lower and the incentives provided by ZB would not be enough to
change agents’ choices. Moreover, this holds regardless of the assumptions on the slope
of V3. Assuming that cost curves also differ in their slope is nonetheless important, since
it captures potentially stronger effects of ZB on the costs of option 3 when the second
instrument, ZC , is low. All in all, this example shows how costs restrictions can rule out
responses along margin 1− 3 for a high ZC .

2.2 Conditional rules of behavior

The restrictions on costs translate into rules of behavior, or admissible potential choices
that agents could make as a response to changes in an instrument Zl. If there are
binary or discrete IVs then there are limited states that the researcher has to analyze
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to define potential choices, and in turn complier groups.13 However, in contexts with
multiple instruments these rules alone are not sufficient to secure identification unless
the researcher controls for the variation in a second instrument, Zl− . With this challenge
in mind, I employ the approach and econometric model in Heckman & Pinto (2018) in
which rules of behavior from revealed preference analysis define vectors that are used to
identify the prevalence of compliers and their counterfactuals. In this section, I extend
their method to the case of conditional vectors defined by an instrument Zl. This vector
changes along the support of a second instrument Zl− . Next (in Section 2.3), I present
the econometric strategy and describe the role of the conditional vectors in the estimation
of treatment effects.

An important component for setting the conditional rules is the definition of thresholds
where the agents’ behavior can change. For each agent i, the threshold z∗il− consists of a
realization of instrument Zil− where the costs of different options intersect. Importantly,
the thresholds depend on the cost structure and the effect of the instruments on the costs
of different options. If A1 holds, then the thresholds must not depend on the unobserved
components that affect outcomes and choices. What defines the thresholds are changes
in costs such that the cheaper option is not the same above and below the threshold.
Formally, z∗il− is a threshold such that Vid(Zl|Zl− = z∗il−) = Vid−(Zl|Zl− = z∗il−) and
Vid−(Zl|Zl−) = mind Vid(Zl|Zl− = z∗il− + ε) for an option d− other than d.

Different agents can have distinct cost structures which can complicate the defini-
tion of a unique threshold z∗l− . I assume that z∗l− = maxi{z∗il−}, which means that the
conditional rules of behavior should only change once the share of agents responding to
the instrument along one margin is sufficiently small. One threat to identification would
occur if agents switch in and out of alternatives at multiple intervals of Zl− . If the cost
function were to cross at multiple points with agents switching into and out of different
options, such behavior would violate monotonicity. Convexity can help in reducing this
thread by smoothing the cost function such that, for instance, the costs of two options
do not cross multiple times. The exclusion restriction for multiple treatments (R1.2)
can also help overcome this challenge by avoiding multiple crossings of costs that would
induce some agents into an alternative and other agents out of that alternative in the
same conditioning interval.

The conditional rules consist of combinations of potential choices at different realiza-
tions zl of instrument Zl, conditional on Zl− . Let D(zl|zl−) denote potential choices when

13For contexts where the instruments available are discrete, Heckman & Pinto (2018) show that there
are subsets of complier groups that are justified by the mechanisms of the instruments and it is possible
to identify treatment effects. Similarly, Lee & Salanié (2020) show that if there are choices targeted by
the discrete instruments (e.g., Z1 increases the mean relative utility of option 1), it is possible to estimate
treatment effects for different complier groups.
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the agent faces value Zl = zl given Zl− = zl− . Combinations of D(zl|zl−) form condi-
tional response vectors denoted by Sl. Consider zl, z′l14 two realizations in supp(Zl),
a response vector Sl denotes a combination of potential choices at zl and z′l, given
Zl− = zl− . The latter allows the response vector to vary depending on Zl− . Formally,
Sl(zl−) = [D(zl|zl−), D(z′l|zl−)]′. For instance, the costs structure in Figure 1 would imply
a response vector SB(ZC < z∗C) = [1, 3]′ and SB(ZC > z∗C) = [1, 1]′. That is, below z∗C

agents that change their behavior do so along the 1− 3 margin; above z∗l− changes in Zl

do not induce agents to change their choice of option 1. The total number of conditional
response vectors, NS,zl−

, depends on the total possible choice combinations that follow
from R1 and satisfy A2 at a given Zl− = zl− .15

Combinations of conditional response vectors that satisfy satisfy A2 can be summa-
rized in a matrix Rl(Zl−). I explicitly allow R to vary with a second instrument Zl− . The
matrix Rl(Zl−) contains the conditional rules of behavior, and it describes the type of
responses induced by changes in Zl. For instance, in the binary-treatment-binary-IV case
R would contain always-takers, never-takers, and compliers. The dimension of Rl(Zl−) is
l × NS,zl−

, where l is the number of values of the instrument at which agents’ potential
behavior is evaluated. For a binary instrument, l is equal to two. Similarly, for contin-
uous instruments the researcher could analyze marginal changes in the instrument such
that l = 2. For discrete instruments with more than two possible realizations, such as
assignment to multiple treatment arms, l > 2.

To illustrate, in the example in 2.1.1 there would be two matrices containing condi-
tional rules of behavior. Let RB(ZC < z∗C) and RB(ZC > z∗C) denote the rules of behavior
for ZC below, and above the threshold z∗C , respectively. Below z∗C instrument ZB induces
agents to change their behavior along the 1− 3 and 1− 2 margin, hence:

RB(ZC < z∗C) =

∣∣∣∣∣1 2 3 1 2

1 2 3 3 3

∣∣∣∣∣
Above z∗C , responses along the 1− 3 are not prevalent such that:

RB(ZC > z∗C) =

∣∣∣∣∣1 2 3 2

1 2 3 3

∣∣∣∣∣
In both matrices, the first three columns denote always-takers for option 1, option 2,

14For binary variables, zl, z′l correspond to 0 and 1. For continuous variables, rather than defining
potential responses at all, infinite, values of the continuous IV the researcher can place restrictions on
choice behavior at marginal increases of the instrument.

15Moreover, Heckman & Pinto (2018) show that the total number of response vectors cannot exceed
1 + [(k − 1) × l] where k are the total number of choices and l the number of values of the instrument
that define the response vectors (e.g., l = 2 for a binary instrument).
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and option 3, respectively. The last two columns in matrix RB(ZC < z∗C) denote 1 − 3

compliers and 2− 3 compliers induced by the variation in ZB when ZC is relatively low.
The last column in RB(ZC > z∗C) represents 2− 3 compliers induced by the variation in
ZB when ZC is relatively high.

In the next section, I describe the role of Rl(Zl−) in the identification of treatment
effects.

2.3 Econometric Model

Let Y represent observed outcomes, X denotes baseline variables, and V are unobserved
characteristics. Assume that instruments in Z = {Z1, ..., ZL} satisfy A1; and that the
restrictions in R1, which imply A2, also hold. Combined with these assumptions, the
following equations represent a standard IV model of multivalued choices:

Outcome equation: Y = f(D,X,V) (2)

Choice equation: D = g(Z,X,V) (3)

where D is a categorical variable that takes values in d ∈ {1, 2, ..., k}, V is an unobserved
component that affects choices and outcomes. Moreover, Z only affects outcomes through
its effect on choices (i.e., exclusion restriction). Let Z represent the joint support of
instruments in Z, and denote an element z ∈ Z as a combination of (z1, ..., zL). Let
Zl, Zl− ∈ Z represent instrument l while l− represents instruments other than l. Potential
choices D(zl, zl−) satisfy A2 conditional on Zl− . Combinations of conditional potential
choices, D(zl|zl−), define response vectors Sl.

In what follows, I keep implicit the variables in X. To highlight the role of conditional
response vectors, note that potential choices when Zl = zl given Zl− = zl− can be
rewritten using equation (3) as D(zl|zl−) = g(zl,V|Zl− = zl−). This translates into
conditional response vectors as conditional functions of the unobservables V:

Sl(zl−) = [D(zl|zl−), D(z′l|zl−)]′

= [g(zl,V|Zl− = zl−), g(z
′
l,V|Zl− = zl−)]

′

= gS(V|Zl− = zl−)

Hence, conditional response vectors generate partitions of the unobservables, V, at a
given Zl− . Combinations of Sl(zl−) define conditional response matrices, Rl(Zl−) with
dimension l × NS,zl−

. Each column in Rl(Zl−) denotes a type of response, denoted as
g ∈ {1, ..., NS,zl−

}. For instance, in the binary-treatment-binary-IV case, g1 denotes
always-takers, g2 denotes never-takers, and g3 denotes compliers.
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Let Bd
l (Zl−) denote a binary matrix that takes the value of one every time option d is

chosen in matrix Rl(Zl−). Define Bl(Zl−) as a matrix that stacks option specific Bd
l
such

that:
Bl(Zl−) =

(
B1

l (Zl−)
′, B2

l (Zl−)
′, .., Bk

l (Zl−)
′)′

Importantly, matrix Bl(Zl−) depends on Zl− . This matrix weights observed choices and
outcomes based on admissible potential responses (i.e., conditional rules of behavior) to
changes in the instruments. Appendix A.2 describes how to estimate the probability of
each type of response in Rl(Zl−), as well as their average baseline characteristics.

The identification of counterfactuals for each response in matrix Rl(Zl−) depends on
the margins and choices agents are induced to choose as a result of variation in Zl. For
instance, if Zl induces agents away from choosing option 1 and option 2 and towards
choosing option 3 there is not enough variation to separately identify the counterfactuals
of choosing option 3 along both margins. Therefore, the researcher can identify the
counterfactual of option 3 versus the next-best (i.e., what the agent would have chosen
if option 3 was no longer available).

To define the counterfactuals that can be identified, let
∑

dl(q|Zl−) be a set that
contains responses in matrix Rl(Zl−) where d appears q times, with q ∈ {1, ..., l}. Let
bdl(q|Zl−) be a binary vector that takes the value of one every time option d appears
q times in matrix Rl(Zl−). Let Y Dd denote a vector of interactions between outcome
Y and choice d ∈ {1, 2, ..k}. Define Ld

Y l(Zl−) = [E[Y Dd|zl, Zl− ], E[Y Dd|z′l, Zl− ]]
′ as the

average of outcome Y when option d ∈ {1, 2, ..k} is chosen, evaluated at realizations zl, z′l
conditional on Zl− . If assumption A2 holds, then the following counterfactuals can be
identified:

E
(
Yd | g ∈

∑
dl
(q|Zl−)

)
=

bdl(q|Zl−)B
d+
l (Zl−)L

d
Y l(Zl−)

bdl(q|Zl−)B
d+
l (Zl−)PrZl

(D = d|Zl−)
(4)

where Bd+
l (Zl−) is the Moore-Penrose pseudoinverse; and PrZl

(D = d|Zl−) is the propen-
sity score of choice d evaluated at realizations zl, z′l ∈ supp(Zl), conditional on Zl− . That
is, PrZl

(D = d|Zl−) = [PrZl
(D = d|zl, Zl−),PrZl

(D = d|z′l, Zl−)]. Appendix A.1 formally
shows how partial monotonicity in A2 translates into the identification of conditional
counterfactuals in equation (4).

If the set
∑

dl(q|Zl−) for g ∈ [1, l − 1] contains exactly one element then response
specific counterfactuals can be identified. Otherwise, the counterfactuals for d, such that
set
∑

dl(q|Zl−) for g ∈ [1, l−1] is not unique, are a combination of next-best alternatives.
Consequently, in cases as the latter the researcher cannot separately identify local treat-
ment effects for each choice d. Instead, it is possible to estimate local treatment effects
of choice d versus the next-best.

15



2.3.1 Beyond the next-best

One limitation of the standard IV framework of multiple unordered choices for the iden-
tification of treatment effects is that in some contexts the researcher can at most identify
local treatment effects of an option d versus the next-best (Heckman et al., 2006; Kirke-
boen, Leuven & Mogstad, 2016). However, these effects can be uninformative and difficult
to interpret. This is specially the case when the alternatives that belong to the next-best
are systematically different such that agents can derive different gains or losses depending
on which of these alternatives is their fallback option. Separate identification of these
effects is an empirical challenge, that might have policy implications.

Previous literature has employed assumptions on the counterfactuals to disentangle
treatment effects along well-defined margins of choice. Kline & Walters (2016); Lee
& Salanié (2020) employ an homogeneity assumption such that the potential outcome
from choosing option d is assumed to be the same along all margins at which agents
are induced towards choosing option d.16 For instance, if an instrument induces agents
along the 1 − 3 and 2 − 3 margins the homogeneity assumption can be summarized as
E(Y3|D(zl) = 1, D(z′l) = 3) = E(Y3|D(zl) = 2, D(z′l) = 3). I extend this assumption to
the case of conditional responses and propose a test to empirically assess its feasibility in
the context of the approach of this paper.

Let d− denote options other than d. Let d′ be an alternative in d−. If
∑

d′l(q
′|Zl−) ⊂∑

dl(q|Zl−) for q, q′ ∈ {1, ..., l−1}, then local treatment effects of E (Yd − Yd− |
∑

dl(q|Zl−))

are identified. The conditional homogeneity assumption states that:

E
(
Yd | g ∈

∑
dl
(q|Zl−)

)
= E

(
Yd | g′ ∈

∑
dl
(q|Zl−)

)
for all responses g, g′ ∈

∑
dl(q|Zl−). In the example of responses along the 1 − 3 and

2 − 3 margins, g refers to the former and g′ refers to the latter. More generally, g, g′

can be referred to as switchers. One important caveat is that as the number of groups g
becomes larger, homogeneity might be less plausible. Nonetheless, the assumption is easy
to implement and can, at least, bound treatment effects at specific margins of choice.

More important, responses g and g′ can stem from agents that are systematically dif-
ferent and assuming homogeneity can under-or over-estimate their treatment effects. For

16Along the lines of achieving separate identification, Mountjoy (2019) exploits variation in a second
instrument but assumes that compliers induced along the same margin of choice by two different in-
struments would have the same average potential outcome. The author refers to this assumption as
comparable compliers, and employs it in the case of two-versus four-year college enrollment. In turn,
Pinto (2019) uses properties of the response matrix, revealed preference, and an extension of the Local
Instrumental Variables model to multiple choices to achieve separate identification of counterfactuals.
Hull (2018) presents a method to recover margin-specific LATEs by exploiting variation in one instrument
and its interaction with baseline covariates.
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instance, agents switching along the 1− 3 margin might largely differ from those switch-
ing along the 2 − 3 margin. I propose a test that exploits differences in the conditional
response matrix Rl(Zl−) along the distribution of Zl− . The test can be implemented in
contexts where Rl(Zl−) contains only one type of switchers in an interval of Zl− . Sup-
pose that for Zl− < z∗l− switchers consist of responses along 1 − 3 and 2 − 3 such that
the researcher can identify LATE of option 3 versus the next-best. Now suppose that
responses along the 1− 3 margin are not prevalent for Zl− > z∗l− . Then, at this interval
of Zl− treatment effects along margin 2 − 3 can be separately identified. The intuition
of the test I propose is to compare counterfactuals and average of baseline variables for
agents along the 2− 3 margin around a neighborhood of threshold z∗l− .

More generally, for a response g that belongs to matrix Rl(Zl−) above and below
threshold z∗l− ,

17 I assume comparable counterfactuals:

lim
Zl−→z∗

l−
+
E(Yd|g ∈ Rl(Zl−)) = lim

Zl−←z∗
l−
−
E(Yd|g ∈ Rl(Zl−))

Implicitly, this assumption states that agents who exhibit the same potential behavior
above and below a threshold of the second instrument, Zl− , are similar in their ob-
served and unobserved characteristics. Differences in unobserved characteristics cannot
be tested. However, using the average of baseline variables it can be tested whether the
following holds,

lim
Zl−→z∗

l−
+
E(Xgl|g ∈ Rl(Zl−)) = lim

Zl−←z∗
l−
−
E(Xgl|g ∈ Rl(Zl−))

An example gives some intuition. If agents who switch along margin 2− 3 appear above
and below z∗l− then, in the limit around the threshold, they are largely indistinguishable
except from differences in Zl− . By A1, differences in instrument Zl− should not affect
potential outcomes, and g switchers above and below the threshold should be comparable.

3 Empirical Application: Parental choice of childcare

In this section, I study the case of childcare choices in Colombia and their impact on the
cognitive, socio-emotional, and nutritional development of children. I begin by describing
the public childcare system in Colombia and the data I employ.

17To be precise,
∑

dl(q|Zl− = z∗l−
−) ∩

∑
dl(q|Zl− = z∗l−

+) = {g} and either
∑

dl(q|Zl− = z∗l−
−) ⊂∑

dl(q|Zl− = z∗l−
+) or

∑
dl(q|Zl− = z∗l−

+) ⊂
∑

dl(q|Zl− = z∗l−
−). That is, g is the only response in both

sets and it is unique for either set.
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3.1 Background

The public childcare system in Colombia provides free care for children of low income
families between the ages of six months to five years. The majority of the childcare
supply consists of small nurseries (s) and large centers (l). Small nurseries are run by one
caretaker that serves 12-15 children in the same space, typically the home of the provider.
From the 1980s to 2011, these small nurseries were the main providers of public childcare
for low income families. In 2011 the public provision of childcare was expanded to offer
services through both s and l. The latter serve around 300 children who receive care in
age-specific classrooms, with one teacher per 25 children, a nutritionist and a psychologist
in each center, and administrative staff.18

The expansion of the public provision of childcare that started during 2011 has inter-
esting institutional features that help explain how parents sort into the different alter-
natives. First, eligible children living nearby to a new l were given priority to obtain a
slot. Parents living near l are both more likely to be aware of the new option of childcare
and have a higher chance of obtaining a slot. Second, given that s and l are publicly
provided, caretakers who were initially at s could switch to work for l. If the caretaker of
an existing s would decide to transfer to l it would force parents to either transfer to l or
find an alternative childcare option. Third, the expansion was part of the national early
childhood strategy whose goal was to provide high-quality integrated services (e.g., nutri-
tion, care, health, psychological services) to low-income children ages 0-5. Most of these
services were not offered in s, which mainly provided care, psycho-social stimulation, and
covered a fraction of the children’s nutritional needs.

Despite the fact that l centers offer nutritional and psychological services and have
better infrastructure than s centers, there are other factors that could improve or deter
children’s development. Age-specific classrooms may improve cognitive development,
but higher teacher to student ratios may have a negative impact. Having a nutritionist
could be beneficial for children at risk, but they can be supervised more closely in smaller
classrooms. The heterogeneity of the potential benefits of s and l makes it difficult to rank
them a priori. Moreover, parents with preferences for centers that provide nutritional
services could prefer l over s, while those concerned with socio-emotional development
could rank s (where children of all ages are interacting) above l. Also, parents with strong
preferences for low caretaker to children ratios could prefer to take care of their child at
home than either at s or l. Rather than imposing a rank that would restrict parent’s
preference heterogeneity, I assume that these alternatives are unordered (e.g., l centers
are no better than s ones across all dimensions of children development).

18For further details on the supply of childcare in Colombia and the characteristics of each center, see
Bernal et al. (2019) and Bernal & Ramírez (2019).
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3.2 Data

I exploit rich data containing a random sample of children who were enrolled in s, before l
was available (see Bernal et al., 2019). That is, all children in my sample were enrolled in
s at baseline and I observe their enrollment at follow-up which could either be home care
(h), s, or l. The dataset contains socioeconomic variables collected at baseline such as
children’s age and sex, mother’s years of education, number of children in the household,
and household income. It also has age-standardized measures of child development on
cognitive, socio-emotional, and nutritional dimensions, which were collected before and
after l was available.19 In particular, cognitive development comes from measures on
communication, problem solving, and the measure of fine and gross motor skills from the
Ages and Stages Questionnaire (ASQ).20 The measure of socio-emotional development is
a composite of scores on compliance, adaptive functioning, affect, and interaction from
the ASQ. Nutritional development is measured using weight-for-age, height-for-age, and
arm-circumference for age.

At follow-up, more than half of the children in the sample attend l, compared to
32% in s and 13% who receive care at home (h). Table 3 presents summary statistics
of baseline (before the expansion took place) characteristics and childcare choices. The
sample contains children who were 13 to 55 months of age at baseline, with an average of
37 months of age. Half of the sample are male children, living at homes with an average
of 1.5 children between 0-5 years of age. They have mothers with an average of 9 years of
education, which corresponds roughly to incomplete secondary. The sample only contains
families living in poverty, who are eligible for public childcare, with about 44% of children
belonging to the poorest income levels.

Although children at h belong to the most disadvantaged families, their cognitive
development level at baseline was higher than for children enrolled in alternatives l or s
(Table 4). In contrast, socio-emotional and nutritional development for those in h was
below than for children enrolled in s and l. The differences in baseline development for
children in h, s, and l are indicative of heterogeneity in sorting patterns. Those at h
are about one month older, on average, than those in l and s centers. There is a higher
fraction of girls among those in h, at 63%, than in s (47%) and l (48%). Average years
of education of the mother are lower by almost one year for children in h, compared
to those in l and s. In terms of average outcomes, children in l show higher cognitive

19Details on data collection procedures and the timeline are in Bernal et al. (2019). In summary,
collection of baseline data took place between November 2010 and May 2011. Collection at follow-up
took place in two stages: (i) November-December 2011, and (ii) September-November 2012.

20The ASQ is a tool to screen the development and socio-emotional progress of children younger than
6. Higher scores on the cognitive measures indicate higher cognitive development; higher scores on the
socio-emotional measures indicate behavioral problems.
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and nutritional development than those in s and h. The latter show higher average
socio-emotional development, while those in l perform the worst in this dimension.

Many observed and unobserved factors determine the childcare option that parents
select. Family size, labor market participation, and the level of education of the parents
are some of the observed factors that could influence the type of care they choose. Parents
can have preferences for low costs, for the nearest alternative to their home, or for options
with more staff per children. Unobserved factors, such as how concerned parents are
about their child’s development, affect both their care decisions and the child’s outcomes.
Hence, childcare choices are endogenous with parents self-selecting into their preferred
alternative.

In order to estimate treatment effects I exploit two sources of exogenous variation:
an experiment aimed at providing information to families about the supply of centers,
and the geographical distance between the child’s home and the different options. Thus,
I analyze two potential instruments: random assignment to transfer from s to l, and
distance to l from the child’s home. The former is a lottery assigned at the s level that
offered the chance to transfer to l, for caretakers and children at winner s. The lottery
did not provide financial incentives to transfer. Instead, it increased the likelihood of
being informed about l and transferring to l. This transfer was not enforced. Distance
to l is the straight line distance from the child’s home to the nearest l center, measured
in kilometers.

About 74% of children in the sample were randomly assigned to transfer with their
caretaker directly from s to l (“Wins lottery", Column 5 in Table 5), while the remain-
ing 26% are control children who did not win the lottery. Information on this transfer
opportunity was given to caretaker in winner s centers, who could decide whether or not
to contact and inform parents. Neither caretakers nor parents at winner centers were
required to transfer, and caretakers and parents in control s centers could also choose to
switch to the nearest l. In this sense, there is noncompliance in the parental response to
the lottery. Table 5 shows that 80% of l children and h children won the lottery, while
this fraction is 61% among those remaining in s.21

On average, parents who choose s live almost twice as far from l centers than those
who select l. In this sense, distance to l is an important predictor of parents choosing
to switch to l. In contrast, average distance to s is similar across types of care and for
the full sample, at about 0.3km. This is expected, since all children in the sample were
enrolled in s centers at baseline.

The distribution of choices at different outcomes of the lottery shows that, on average,
21Bernal et al. (2019) show that 75% of caretakers at winner s centers transfer to l, while only 40% of

caretakers at control s do so.
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the lottery encouraged parents to switch from s into l and h. Figure 3 shows that 60% of
children who were assigned to transfer choose l, and this fraction is almost 20 percentage
points higher than for those in the control group. The fraction of children at h is also
higher among those who won the lottery, but only by about four percentage points in
comparison to the control group. Enrollment in s centers shows the opposite pattern:
49% of parents of control children choose s, and this fraction decreases to 27% among
lottery winners. These patterns are consistent with the reshuffling of childcare options
caused by the experiment. Recall that the sample consists of children originally at s, and
in the scenario of winning the lottery parents could choose to switch to l or h, or remain
in s if the caretaker did not switch to l.

Figure 4 shows choice of childcare across quintiles of distance to l. Enrollment in
l decreases as the distance to those centers increases. In particular, enrollment at the
lowest distance quintile is almost four times higher than that of the highest distance
quintile. Enrollment in s displays the opposite pattern, with higher enrollment at high
levels of distance to l. These patterns follow the logic of substitution of care such that as
l becomes more costly (i.e., as distance to l increases) enrollment in s increases. Lastly,
the fraction of children at h shows an inverted U shape, which suggests that there is a
turning point at which parents go from substituting l with s and h, and start to substitute
l and h with s. One way to explain why parents would alter their preferences at different
levels of l could be that they pay more attention to attributes (e.g., costs) that are more
salient.22 For instance, when l is very close to home parents could give more importance
to how little it would take to bring their child to the center than to other attributes of
l; in turn, when l is far, distance becomes less relevant and other costs (e.g., the cost of
obtaining a slot easily) could matter more in the childcare decision.

3.3 Endogenous Choices of Childcare and Children Development

This section follows the general framework in Section 2. To start, I define potential
childcare choices and potential development outcomes.

Suppose a parent (decision maker), denoted by i, that can choose between three
childcare alternatives: home care (h), small nurseries (s), and large centers (l). Let d
denote parental choice of childcare, with d ∈ {h, s, l}. Although l provided more services
than s, they also provided care for a larger number of children at higher teacher per child
ratios. One could assume that l are better than s in only one, or some, dimensions such

22This type of behavior, or preference distortion, fits with the context-dependent model of choice for-
malized by Bordalo, Gennaioli & Shleifer (2013). While I do not model distortions in parental preferences,
the insights from this literature can help explain some of the choice patterns I observe. A formal model
of preference distortion could help predict intervals in the support of the instrument where monotonicity
holds locally, but not (globally) across intervals.
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as cognitive or nutritional development. However, given the holistic nature of children
development, fostering investments in one dimension at the expense of others could affect
many areas of children development. Since the care offered at l and h differs in many
ways from the care offered at s, imposing a ranking between these options would require
strong assumptions. Hence, I specify these options as unordered, in the sense that a
priori s or l are no better than h, and l is no better than s.

The choice of childcare, d, affects children development denoted by Yi. I focus on
three dimensions: cognitive, socio-emotional, and nutritional. Xi contains exogenous co-
variates, measured at baseline prior to the decision between h, s, and l. These baseline
variables include children characteristics such as age in months, sex, and measures of de-
velopment (cognitive, socio-emotional, and nutritional). It also includes household income
and mother’s years of education. Furthermore, let Zi ∈ {Z1, Z2} contain instrumental
variables where Z1 is a binary variable and Z2 is a continuous variable. Specifically, Z1 is
the outcome of the random lottery and Z2 is the distance to l. Denote z as a realization
of Zi; for instance, z1 represents values of the lottery which could be either zero or one.

Potential treatment is denoted by Di(z1, z2) and represents the childcare choice that
parent i would make when offered instrument value z. To illustrate, for the binary
instrumentDi(1, z2) (resp. Di(0, z2)) would be the childcare option that the parent selects
when the outcome of the lottery is one (resp. zero). Potential outcomes are denoted by
Ydi(z1, z2), which represents children development when parent i chooses childcare d at
instrument values (z1, z2). That is, Yhi(z1, z2) represents child development when parents
select home care at value z1 of the lottery and z2 of the distance. Ysi(z1, z2) represents child
development when parents select small nurseries, s, at value (z1, z2) of the instruments.
Yli(z1, z2) represents child development when parents select large centers, l, at value
(z1, z2) of the instruments. Note that we could compare children development across
three margins of choice: h versus s, h versus l, and s versus l. The first two margins
could be thought of as the extensive margins (i.e., the choice between care at home versus
care in the public system). The margin of s versus l would be commonly referred to as
the intensive margin, but in a setting of unordered choices is not clear that l provides
more or better care.

The instruments in Z satisfy (Z1, Z2) |= (Yh, Ys, Yl, {D(z1, z2)}z1,z2∈Z) for all possible
values of (Z1, Z2), denoted as Z. If this assumption (of independence) holds, Ydi(z1, z2) =
Ydi for all possible values of (Z1, Z2). Instruments in Z have to satisfy the exclusion re-
striction: they should only affect outcomes through their effect on choices. The lottery,
Z1, was randomly assigned and was intended to induce enrollment at l. As such, it should
not have a direct effect on child’s development. However, even if lottery assignment is
random, being treated could affect child’s development regardless of choices, because
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it disrupted established childcare (e.g., some children lost their existing small center).
On the other hand, distance to l could be correlated with local factors that can affect
children’s development. In the analysis I present here, my objective is analyzing the
variation that stems from random assignment with noncompliance conditional on the
variation from cost-shifters that are frequently used for identification, rather than justi-
fying the exogeneity of the instruments. Nonetheless, I control for local conditions that
can affect the development of children with fixed effects at the city level.

In contexts where there are multiple unordered alternatives the variation provided by
the instruments can stem from changes along many different margins. In the childcare
choice context, if the instruments provide any variation they could do so by inducing
agents along any of the three possible margins: s ↔ l, s ↔ h, or h ↔ l. I use ↔ to
indicate that without imposing any assumptions on the incentives of each instrument,
agents could shift across margins in any direction. To illustrate, suppose there is only
a binary instrument (such as the lottery) and parents can only choose between s and l.
If the lottery provided incentives to choose l we would assume that when, the lottery
outcome goes from zero to one, parents who change their choices do so from s to l. These
are counterfactual, unobserved, choices since we cannot observe parents in both states
(winning and not winning the lottery). Using the notation above, for parents who comply
with the lottery we would assume D(0, z2) = s and D(1, z2) = l. These are referred to
as compliers, while parents who do not change their behavior as a result of the lottery
are always-takers (of either s, D(0, z2) = s and D(1, z2) = s, or l, D(0, z2) = l and
D(1, z2) = l). Always-takers do not provide variation to estimate treatment effects; they
would not change their behavior as a response to the instrument.

Now suppose the lottery outcome is still binary but parents can choose between s, l
and h. Depending on the assumptions and incentives provided by the lottery we would
have multiple complier groups. With only two childcare options we assumed one complier
group, D(0, z2) = s and D(1, z2) = l. Now, with three options, it could be that D(0, z2) =

s and D(1, z2) = h, or D(0, z2) = h and D(1, z2) = l, among others. Similar to the setting
I analyze, Kline & Walters (2016) exploit an experiment that allowed parents to enroll
their children in Head Start and estimate the impact of Head Start in the presence of
close substitutes of care. The authors restrict parental behavior by assuming that the
Head Start offer should only induced parents to choose Head Start (rather than choose
other options of care).23

23Childcare choices and their effects on children development have also been explored using Machine
Learning methods. Dean & Jayachandran (2019) analyze the effect of expanding access to kindergarten
in India. They employ Machine Learning methods to predict counterfactual options of care and estimate
treatment effects for different complier groups. See also Rodriguez & Saltiel (2020) for an application of
machine learning methods to the context of choice of preschool.
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The studies mentioned above examined the case of multiple choices with binary or
discrete instruments. One advantage of estimating with binary or discrete IVs is that there
are limited states that the researcher has to analyze to define counterfactual choices, and
in turn complier groups. In the example of the binary outcome of the lottery, parents
would face only two scenarios: winning the lottery or not. Suppose there is a third value
of the instrument that provided monetary incentives for parents to enroll their children
in l. There could be parents who only choose l if they receive monetary incentives. Or,
parents who only choose l if they receive an offer to transfer to l. Or, parents who choose
l either if they obtain a slot or obtain financial resources. Those are only a few examples
of potential parental behavior, and in practice there can be many complier groups with
heterogeneous treatment effects.

In addition to the lottery outcome, I exploit variation in distance to l. Imagine a
parent i who was five miles away from l and now is only a mile away from l. If proximity,
a smaller distance, from l decreases the costs of bringing the child to l, then parent i
could choose l when it is only a mile away. In general, I assume that when the continuous
distance decreases parents who change their behavior would do so by choosing l. However,
as I discussed in the Data section, parents could react differently to distance when l is
near than when it is further away. Imagine that parent i cares for her child at home and
lives 50 miles away from l, would we expect her to choose l if the distance to the center
decreases in one mile? What if her home was 5 miles away from l and now there is a
center 4 miles away? Assuming that parents will value changes in the distance equally,
no matter what the distance is, can be restrictive.24

Given that both the lottery outcome and distance to l affect the choice of childcare l,
this setting is an example of the case of multiple instruments that affect multiple margins
of choice. One of the implications mentioned in Section 2 is that, unless the researcher
conditions on one of the instruments, there is uncontrolled variation that would result in
a violation of monotonicity. If parents win the lottery and simultaneously the distance
to the l center increases, parents could be induced to switch into and out of choosing
l. Thus, I follow the conditional approach in Section 2 and define potential parental
choices at different outcomes of the lottery conditional on distance to l. To do so, in the
section that follows I present a latent utility model of childcare choices where I impose
restrictions on the costs of childcare. Then, I present an exploratory analysis to assess
those assumptions in the data. Last, I define the combinations of potential parental
choices that satisfy those restrictions.

24Assuming that agents react to changes in distance to an option equally at all values of the distance
could be reasonable in scenarios where agents are willing to travel far, such as college choice. In the case
of childcare choices traveling longer distances is less attainable.
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3.4 Latent Utility Model of Childcare Choices

Assume that parental choice of childcare can be represented by a discrete choice problem
with additively separable errors. Let Uid(z1, z2) represent latent utility at values Z1 = z1

and Z2 = z2 of the instruments, and assume it depends on unobserved preferences and
costs:

Uid(z1, z2) = µid − Vid(z1, z2)

Vid(z1, z2) represents the disutility of choosing d at values Z1 = z1 and Z2 = z2 of the
instruments. µid represents unobserved preference heterogeneity for choice d. Parents
choose the option with the highest latent utility,

Di(z1, z2) = argmax
d∈{h,s,l}

(µid − Vid(z1, z2))

Vd depends on two instruments Z1, the lottery outcome, and Z2, distance to l. The lottery
offered the chance to transfer to l, but it was not enforced. Given that the lottery was
intended towards decreasing costs of attendance and information of l, I assume that the
cost of choosing l is lower when parents win the lottery: Vl(1, Z2) < Vl(0, Z2). In contrast,
the outcome of the lottery should not affect the cost of s. That is, Vs(1, Z2) = Vs(0, Z2).

I assume that the disutility from home care h is not affected by the lottery outcome,
Vh(1, Z2) = Vh(0, Z2). Children who do not enroll in any early education center could
receive care from their parents and other family members (e.g., siblings, grandparents)
at the expense of income from work or hours of education. None of these potential costs
should be affected by the outcome of the lottery, and it is reasonable to assume that the
absolute value of home care is the same whether or not parents win the lottery. Given
the assumptions on changes in costs as the outcome of the lottery changes it follows that
Ul(1, Z2) ≥ Ul(0, Z2), Us(1, Z2) = Us(0, Z2), and Uh(1, Z2) = Uh(0, Z2).

Let Z2 ∈ R denote the distance to l from the child’s home. Z2 is the straight line
distance from the child’s home to l, measured in kilometers. Measures of proximity to
different alternatives have been previously used as instruments for years of education
(Card, 1995) or enrollment in two -or four-year college (Mountjoy, 2019). Proximity to
an alternative follows the logic of a cost-shifter, e.g. the closer parents are to l the less
costly it is to enroll children and bring them to daycare. Parents in near proximity to l
have lower costs of obtaining information about the type of care as well as the enrollment
criteria and process. In addition, parents with eligible children (age and poverty level)
living in the vicinity of l were given priority to obtain a slot. Hence, for those living near
to l, the cost of obtaining a slot and sending their child to care is lower.

In contrast to the case of the binary lottery outcome in Z1, Z2 can take on many
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possible values. Since Z2 follows the logic of cost-shifter I assume ∂Vl(Z1,Z2)
∂Z2

≥ 0, or that
the cost of choosing l increases as the distance from the child’s home to l increases. Since
Ul(Z1, Z2) only depends on Z2 through Vl(Z1, Z2), then ∂Ul(Z1,Z2)

∂z2
≤ 0. For h and l, I

assume ∂Vh(Z1,Z2)
∂Z2

= 0, which means that the cost of choosing h is not affected by the
distance to l. Similarly, for s I assume that z2 has no direct effect on the cost of s and
hence ∂Vs(Z1,Z2)

∂Z2
= 0. From these assumptions on how costs vary as the distance to l

changes, it follows that ∂Ul(Z1,Z2)
∂Z2

≤ 0,∂Us(Z1,Z2)
∂Z2

= 0, and ∂Uh(Z1,Z2)
∂Z2

= 0.
Table 1 shows the assumptions on changes in utility by changes in the different in-

struments. Changes in the outcome of the lottery increase the relative utility of l w.r.t
h and s. It follows that changes in the lottery outcome would induce parents along two
margins. In specific, when z1 = 0 → z1 = 1 parents would be induced to change their
choices from h→ l, and s→ l. On the other hand, changes in distance to l decrease the
relative utility of l w.r.t h and s. Hence, Z2 induces parents to switch along the margins
l → h and l → s. These changes satisfy monotonicity (i.e., there are no two way flows
when each instrument, separately, change). Since changes in the lottery outcome would
induce parents towards l from s and h, the variation in Z1 does not allow to identify
treatment effects along each of the two margins. At most, it would be possible to identify
the treatment effect of l versus the next-best (i.e., the preferred option between h and s).

I analyze the joint variation from Z1 and Z2 and its potential effect on the utility of
each childcare option.25 First, I assume that ∂Vh(1,Z2)

∂Z2
= ∂Vh(0,Z2)

∂Z2
= 0. This assumption

states that changes in distance to l do not affect the cost of choosing h no matter what
the outcome of the lottery is. What motivates this assumption is that costs of home care
are often in the form of foregone earnings (e.g., the mother does not work to take care of
the child) or foregone years of education (e.g., younger siblings take care of the child and
assign less hours to studying). Similarly, the cost of choosing s does not depend on the
outcome of the lottery or the distance to l. Hence, ∂Vs(1,Z2)

∂Z2
= ∂Vs(0,Z2)

∂Z2
= 0. In contrast,

∂Vl(0,z2)
∂z2

> ∂Vl(1,z2)
∂z2

, which means that increases in the distance to l further increase the
costs when not winning the lottery. Table 1 summarizes changes in the latent utility as
a result of changes in the instruments.

25If Z1 was continuous, this would require analyzing the cross derivative of costs w.r.t Z1 and Z2.
Given that Z1 is binary in my setting I compare the derivatives of the costs w.r.t Z2 evaluated at both
values of Z1.
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Table 1: Changes in the latent utility of each childcare option evaluated at different
realizations of the instruments, Z1, Z2

d Ud(0, Z2)− Ud(1, Z2)
∂Ud(Z1,Z2)

∂Z2

∂Ud(0,Z2)
∂Z2

− ∂Ud(1,Z2)
∂Z2

h 0 0 0

s 0 0 0

l < 0 ≤ 0 ≤ 0

The sign of the cross-derivatives for Ul reflects that reductions in the cost of choosing
l from winning the lottery are higher when Z2 is small. In this sense, winning the lottery
makes distance to l more salient (l “stands out” more than h and s when z1 = 1 and z2
is small). One justification for this assumption is that, when winning the lottery, parents
were more likely to receive information about l, but also the context of winning could
inflate the relative utility of l.26 The implication of the combined incentives of the lottery
and the distance to l is that some complier groups could disappear once distance to l is
relatively large.

The case of childcare choice also has distinct features that justify the assumptions on
the sign of the cross-derivative of Ul. The sample consists of low income households, and
parents of this income segment can place a high value on convenience of the childcare
center. One example is how much time it would take parents to bring their child to the
center, or the distance from home to the center. If the center is near to home, parents
could easily walk with their children to the center. Once it gets too far, parents would
either have to walk or to take a vehicle (e.g., bus or car) to the center. For low income
families the latter would represent an added cost. Hence, while winning the lottery
is expected to reduce the cost of choosing l for some parents, this reduction would be
smaller, or negligible, if the center is too far from their home.

To fully capture the assumptions on costs, I assume that ∂2Vl(Z1,Z2

∂Z2
2 ≥ 0 such that the

costs of choosing l are convex and increasing in Z2. Figure 2 illustrates two cases of cost
structures that imply changes along different childcare margins. Panel (a) displays the
case of costs that would induce parents to switch between h and l, when distance to l
is below a threshold z∗2a. Above this threshold, parents with this cost structure would
behave as h-always-takers. Panel (b) describes the case of costs that would induce parents
to switch along the s− l margin, below a threshold z∗2b. Above this threshold, given that
Vs is the lower cost, they would behave as s-always-takers.

26The concepts of salience and of giving different weights to different attributes of the options that I
use here to justify my assumptions are general interpretations of the model in Bordalo et al. (2013).
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Figure 2: Relative costs that induce parents along the h− l margin, in Panel (a), and
s− l margin, in Panel (b)

(a) Lower costs of home care versus s (b) Lower costs of s versus home care

Vh
Vs

Costs

0 z∗2a Distance to L

Vl(1, z2)

Vl(0, z2)

Vh
Vs

Costs

0 z∗2b Distance to L

Vl(1, z2)

Vl(0, z2)

The restrictions on costs, while untestable with the available data, provide a frame-
work to define potential responses as the instruments change. In addition, the analysis of
costs also shows how different realizations of Z2 could capture distinct complier groups.
This in turn highlights the rationale for using the variation provided by the lottery out-
come while conditioning on the second instrument, Z2. In the next section, I present
an exploratory analysis with a twofold objective. First, to determine whether there is
empirical evidence of joint effects on choices from the lottery outcome and distance to l.
Second, to inform the definition of thresholds of distance to l at which the set of complier
groups might defer.

3.5 Exploratory Analysis

Building on the analysis of parental utility and costs of childcare, I estimate the proba-
bility of choosing l, s, and h on the lottery outcome, distance to l, and baseline variables.
Moreover, I include the interaction between the lottery outcome and distance to the near-
est l center. The role of the interaction between the IVs is twofold. First, it allows me to
test the hypothesis of joint incentives of the lottery outcome and distance to the nearest
l center. Second, it exactly identifies the model of choices and instruments (i.e., there
are three available childcare alternatives and the variation stems from three exogenous
variables). Thus, I estimate the following model:

Dd = βd
0 + βd

1Z1 + βd
2Z2 + βd

1,2Z1 × Z2 + βd
XX + εd, for d ∈ {h, s, l}

28



Table 6 shows that, on average, winning the lottery increases the probability of choosing
l by 18 percentage points, and decreases the probability of choosing s in 16 percentage
points. These results are in line with the assumptions on the costs of s and l at different
lottery outcomes (e.g., winning the lottery decreases the relative costs of choosing l and
increases the likelihood of choosing l). That is, due to the variation in the lottery outcome
some parents substitute childcare at s for childcare at l. Similarly, the effect of an increase
in the distance to l has a sizable effect in shifting parents towards s and away from l. As
the distance to l increases the probability of choosing l decreases by almost 28 percentage
points, whereas the probability of choosing s increases in about 32 percentage points.

My findings of distance to l as a strong predictor of the probability of choosing l are in
line with previous findings for s centers. Attanasio et al. (2013) and Bernal & Fernández
(2013) highlight the role of distance to s as one of the determinants of enrollment in s.
Specifically, Attanasio et al. (2013) find that participating in s had a positive effect on
nutritional outcomes. The authors use an IV strategy with cost-shifters such as distance
to s, fees, and local availability of s. They find evidence that high fees and long distances
are some of the reasons why children might not attend s. On average, the travel time to
s in their sample is of 22 minutes, while the median travel time is of 10 minutes.

The choice of home care, h, is less responsive to the lottery outcome and to the
distance to l, on average, than choosing s or l. Solely winning the lottery, or having an
l center near, does not directly affect the probability of choosing home care. Both of
these results point out that while s and l could be perceived as childcare substitutes by
parents, taking care of children at home responds to factors other than the relative cost.
If parents who choose h have tighter constraints, preventing them from enrolling their
children in public care, they would need more substantial incentives to substitute h for s
or l. For instance, winning the lottery on its own could not have an effect on substituting
home care for l, if l is too far.

In terms of the probability of choosing h, an increase in the distance to l is seven
percentage points higher for those who win the lottery than for those who did not win
(see Table 6). The positive sign of the interacted term opposes the assumption that
winning the lottery would, on average, induce parents away from h and into choosing l.
It seems that at least for some parents winning the lottery once the center is too far from
home increases the likelihood of choosing h over l or s. However, I expect to observe this
behavior only after some distance to l that is large enough to discourage parents from
choosing l.

To further illustrate how the incentives provided by the lottery depend on how close
or far l is, I estimate the probability of choosing each childcare choice conditional on the
lottery outcome at different points in distance to l. The first row of Figure 5 shows the
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probability of each childcare choice when winning the lottery (the green line) and when
parents do not win (the black line), evaluated at different values of distance to l. The
second row plots the difference between these probabilities (i.e., the marginal effect of
the lottery). Each column refers to a childcare choice (l, s, and h). I observe that the
probability of choosing l is always higher for those who win the lottery, than for those
who did not win. As a result, the marginal effect of the lottery outcome is positive at all
values of the distance. For the probability of choosing s, I observe the opposite pattern,
such that winning the lottery is associated with a higher probability of choosing s than
not winning the lottery. This result translates into a negative marginal effect, which
becomes somewhat larger when l is relatively far. These results are consistent with my
assumptions on the costs of choosing s and l and how those translate into the probability
of choosing these options of care.

The probability of choosing h conditional on the lottery outcome differs in many ways
from the pattern I observe for the probabilities of choosing s and l. While the marginal
effects of the lottery for l and s are relatively constant as distance to l increases, I observe
an increasing effect of the lottery outcome on the probability of choosing h (column 3,
Figure 5). Moreover, the sign of the effect changes after l is approximately 0.5km away
from home. In particular, winning the lottery is associated with a higher probability
of choosing h for higher distances to l, and a lower probability of choosing h when l

is relatively near. In addition, the marginal effect of the lottery on the probability of
choosing h is only statistically significant when l is at a higher distance than 0.75km.
These patterns are puzzling, and cannot be directly explained with the standard model
of utility maximization I presented previously. The literature on parental choices and
investments suggests that parents can give weight to different attributes of the available
choices,27 and base their investment decisions in what they observe for children of similar
age and backgrounds as their own children.28

Although proximity has been recognized in the literature as an important determinant
of parental choice of childcare in developing countries (Attanasio et al., 2013, Hojman &
López Bóo, 2019), its interaction with other variables has received less attention. I further
exploit the variation of distance to l by defining a threshold at which the incentives of
the lottery outcome change. The definition of the threshold is motivated by the analysis

27For example, departures from standard optimization models to incorporate subjective parental beliefs
and perceptions can be found in Cunha, Elo & Culhane (2013); Cunha (2015); Attanasio, Cunha & Jervis
(2019) and Wang, Puentes, Behrman & Cunha (2020).

28In Appendix A.4, I present an alternative cost structure consistent with observed parental behavior
along the s − h margin. It requires additional assumptions that exploit the fact that children in the
experiment were initially at s. In addition, although the care alternatives are unordered their costs can
be ranked. I present alternative cost structures and subjective parental preferences as two potential
explanations of the behavior along the s−h margin. Given that I lack detailed information to determine
the drivers of switching along the s− h margin, I cannot rule out either argument.
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of the probability of choosing h conditional on the lottery outcome as seen in column 3,
Figure 5. As noted above, after a distance of about 0.5km the probability of choosing h
is higher conditional on winning the lottery versus not winning it.

Why would parents respond differently to winning the lottery depending on how far l
is? There are several characteristics of childcare that can explain these patterns. Consider
the case of a parent who has a center near enough to walk with her children every morning,
compared to a parent who would have to travel a longer distance to bring her children to
the center and pick her up in the afternoon. The latter could discourage many parents,
particularly from low income levels, from enrolling their children in a center, and could
induce them to select home care. As shown in Section 3.4, the cost of choosing a center
could be flat for shorter distances (such that parents can walk with their children) but
would increase rapidly after a threshold (such that parents would have to travel by bus
or car with their kids).

I assume that winning the lottery when l is near, below the threshold, implies coun-
terfactual choices that differ from those that parents would make when l is far, above the
threshold. I formalize these counterfactual choices in the following section.

3.6 Conditional Rules of Parental Behavior

I formalize potential parental behavior following the assumptions on how childcare choices
would change as a result of changes in costs (through changes in distance to l and the
lottery outcome) as well as the patterns of the conditional probabilities at different values
of the distance. To start, I assume that the lottery induces parents along three margins:
h → l, s → l, and s → h. The first two follow directly from the analysis of relative
costs and utilities of h and s versus l. The latter stems from observing a higher average
probability of choosing h when winning the lottery versus not winning, for relatively high
values of distance to l. All together, these patterns of choice imply that parents can be
induced towards and away from h. That is, h→ l implies that parents are induced away
from h, while s → h implies that parents are induced towards h. This is a violation of
monotonicity (Imbens & Angrist, 1994) which requires that there are no two-way flows
from changes in the instrument (the lottery outcome, in this case).

One important observation from the exploratory analysis is that below a distance to
l of about 0.75km, the differences in the probability of choosing home care when winning
versus not winning the lottery are negligible. As a result, I expect that the share of h− l
compliers is low or almost zero. Above a distance to l of 0.75km, I assume that parents
choosing h are either h-always-takers or s − h compliers. As a result, conditional on
Z2 the responses induced by the lottery outcome, Z1, satisfy monotonicity (that is, the
responses satisfy conditional/partial monotonicity in A2).
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Table 2: Z1-responses at different evaluation points of Z2

Behavior below z∗2
Z1 g−1 g−2 g−3 g−4 g−5
0 h s l h s
1 h s l l l

Behavior above z∗2
Z1 g+1 g+2 g+3 g+4 g+5
0 h s l s s
1 h s l h l

The table above presents the different responses induced by variation in the lottery
outcome, above and below threshold z∗2 . g1, g2, and g3 are h, s, and l always-takers
at either side of the threshold. They don’t provide any variation to estimate treatment
effects. In turn, g−4 are h − l compliers and g−5 are s − l compliers below the threshold
z∗2 . Meanwhile, g+4 are s − h compliers and g+5 are s − l compliers above the threshold
z∗2 . These responses imply matrices Bd(Z2 < z∗2) and Bd(Z2 > z∗2), defined in section
2.3, which are binary matrices that take the value of one every time childcare choice d is
chosen. Choice specific matrices define B(Z2 < z∗2) and B(Z2 > z∗2),

B(Z2 < z∗2) =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

1 0 0 1 0

1 0 0 0 0

0 1 0 0 1

0 1 0 0 0

0 0 1 0 0

0 0 1 1 1

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
, B(Z2 > z∗2) =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

1 0 0 0 0

1 0 0 1 0

0 1 0 1 1

0 1 0 0 0

0 0 1 0 0

0 0 1 0 1

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
.

I employ these matrices to estimate the probabilities of responses g− and g+, their average
baseline variables, and counterfactuals following the estimation strategy in Section 2.3.

3.7 Implementation

One of the main components of the estimation of complier shares and counterfactuals is
the interaction between the lottery outcome and proximity to l. Generally, these objects
can be estimated nonparametrically (or semiparametrically) without imposing restrictions
on the functional form. While a local approach could better approximate the relation
between the instruments, the data requirements are higher. It is also worth noting that a
fully nonparametric approach (such that the instruments and baseline variables enter the
decision model nonlinearly) suffers from the curse of dimensionality and would threathen
the convexity restriction. With this in mind, I employ a parametric approach that allows
me to implement the conditional restrictions given the dimension of my sample.
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I estimate propensity scores with the following regression model:

Dd = βd
0 + βd

1Z1 + βd
2Z2 + βd

12Z1 ∗ Z2 + βd
XX+ εd,

where X denotes baseline variables and εd is an unobserved error component. Baseline
variables included in X are child’s age in months, sex, a binary variable to indicate
lowest income level, years of education of the mother, number of children 0-5 years of age
living at home, binary variables for birth order, cognitive, socio-emotional, and nutritional
development. I estimate the equation for each choice separately with a Linear Probability
Model. I evaluate the propensity scores for winning versus not winning the lottery,
at increments of 0.1km in the distance to l. I employ equation (5) to estimate the
probabilities of always-takers and compliers in Table 2.

To estimate the average of baseline variables for each response group and their counter-
factuals I estimate choice d-covariates interactions and choice d-outcomes interactions on
the instruments and their interactions. For each vector in Youtcome ∈ {Y DH , Y DS, Y DL},
I estimate the following regression:

Youtcome = βY
0 + βY

1 Z1 + βY
2 Z2 + βY

12Z1 ∗ Z2 + βY
XX + εY ,

and I compute the counterfactuals for always-takers and compliers with equation (4).
Similarly, for each vector in Xbaseline ∈ {XDH , XDS, XDL} with X ∈ X, I estimate the
following regression:

Xbaseline = βX
0 + βX

1 Z1 + βX
2 Z2 + βX

12Z1 ∗ Z2 + εX ,

and I compute the average of baseline variables with equation (7) in the Appendix A.2.
All the regressions include city fixed effects. For inference, I use bootstrapped standard
errors.

4 Results

Figure 6 shows the shares of always-takers and compliers that result from using the vari-
ation in the lottery outcome, without conditioning on the distance to the nearest large
center. Almost 18% of children in the sample correspond to s − l compliers, and this
fraction is statistically significant. To estimate this fraction, I employ the combinations
of counterfactual choices that result from the cost analysis in Section 3.3. These com-
binations imply a response matrix with two complier groups: along the s − l and h − l
margins. However, as I discuss in Section 3.2, there is evidence that some parents reacted
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to winning the lottery outcome by choosing home care. The latter contradicts the as-
sumption that parents would only move away from h (and into l) as the lottery outcome
varies. Overall, without conditioning on the distance to l, the variation in the lottery
outcome would imply a negative share of responses along the h− l margin.

Table 7 show the local effects for compliers along the s− l margin, without condition-
ing on distance to the nearest l center. These results suggest negative effects on cognitive
development, and positive effects on socio-emotional and nutritional dimensions. Impor-
tantly, they are biased as a result of uncontrolled variation from parents switching into
and away from home care. Appendix A.3 shows what IV identifies by attributing all
the variation in the lottery outcome to the s− l margin. Two additional effects bias the
effects in Table 7: the effect for parents switching along the h− l margin, and the effect
from parents switching along the s− h margin.

4.1 Complier shares

In what follows, I estimate complier shares and their counterfactuals using the conditional
rules of parental behavior in Section 3.6. Figure 7 shows the average prevalence of always-
takers and s − l compliers induced by the variation in the lottery outcome, above and
below distance to the nearest l. When distance to the nearest l is below 0.85km (Panel
(a)), the group with the largest share, of 52%, corresponds to l-always-takers or parents
who would have chosen l no matter the outcome of the lottery. In other words, a high
fraction of parents would have chosen l regardless of winning the lottery, given that the
relative costs of choosing l are low when l is at a small distance from home. Meanwhile, the
fraction of parents who are induced away from s and into choosing l due to the variation
in the lottery outcome (i.e., compliers along s − l) is about 18% and it is statistically
significant.

The share of compliers when l is relatively far from the child’s home largely differ from
the findings described above. Panel (b) of Figure 7 shows the prevalence of always-takers
and compliers induced by the variation in the lottery outcome, when distance to l is
above 0.85km. The fraction of parents that would choose to enroll in h, and away from
choosing s, when winning the lottery is 7.3%. In turn, the fraction of compliers along the
s − l margin is almost twice as high, at 15.5%. Both shares are statistically significant.
Overall, changes in the outcome of the lottery induce about 22.8% of parents to change
their childcare choices, when distance to l is above 0.85km. The remaining fraction cor-
responds to h-always-takers (10%), s-always-takers (39.5%) and l-always-takers (27.8%).
The higher share of s-always-takers versus l-always-takers is in line with the assumption
that (some) parents substitute l with s as the former becomes more costly (i.e., when the
distance to l is large).
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The fraction of s − l compliers is relatively constant for values of the distance to l
below 0.85km. In contrast, Panel (a) in Figure 8 shows that, as distance to l increases,
the fraction of l-always-takers decreases while the fraction of s-always-takers increases.
This is consistent with parents substituting their childcare choices towards the relatively
cheaper option; in this case, as distance to l increases it becomes more costly in relative
terms to bring children to l. For a distance to l above 0.85km, panel (b) of Figure 8 shows
that the share of s-always-takers increases, while the share of l-always-takers decreases,
as distance to l becomes larger.

As the cost of taking children to l increases (i.e., a higher distance to l), compliers
along the s − h margin increase while compliers along the s − l margin decrease (panel
(b), Figure 9). In other words, when the cost of taking the kids to l is too high, more
parents would rather care for their children at home or at an s center, rather than at
l. Despite the increase in the share of s − h compliers, and the sizable share of s − l

compliers, the compliers’ shares lose significance as distance to l increases. This follows
from observing the confidence intervals in Panel (b) of Figure 9, which become larger the
further away l is. Meanwhile, panel (a) shows that the share of compliers is almost flat
when the l center is nearby but more precisely estimated as distance to l increases.

4.2 Average Baseline Characteristics

Compliers along the s − l margin at a distance to l less than 0.85km are more likely
to be older males with lower average cognitive development and higher socio-emotional
development at baseline (see Table 8). They are also closer to l, on average, than always-
takers. In terms of age, compliers are almost 5-6 months older than s-always-takers and l-
always-takers, respectively. About 64% of compliers are male children. This fraction is the
highest across all groups. Less than half of compliers belong to households in the poorest
income levels, while this share is about 53% for h-always-takers. More important, there
are stark differences between compliers and always-takers in their baseline development.
Compliers are, on average, worst in all dimensions of development. The only exception
is average nutritional development, for which home-always-takers are below all groups.
In turn, compliers along the s− l margin are well below average baseline development in
both cognitive and socio-emotional dimensions.

The majority of compliers along the s − h and s − l margin are relatively younger,
female children. Table 9 shows the average of baseline characteristics for always-takers
and compliers induced by the lottery outcome, when l is further than 0.85km. Overall,
the differences in average age across the different groups is not large. Meanwhile, s − l
compliers have more educated mothers (by at least five years) than any other group
and have the lowest socio-emotional baseline development, on average. One striking
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difference is that almost the totality (87.7%) of children in the complier groups are girls,
while the majority of always-takers are male children. Similarly, the prevalence of girls is
considerably large compared to compliers who exhibit the same behavior, s − l, but are
below 0.85km in distance to l (Table 8). This result stresses that even if compliers along
s − l are prevalent above and below 0.85km, these groups may differ in their baseline
characteristics and can also differ in terms of their unobservables.

On average, parents who respond to the lottery outcome along the s−h margin, when
distance to l is large, have children with the lowest baseline levels of nutrition (Table 9).
In turn, average cognitive development is the lowest for children of complier parents along
the s− l margin. Although I have limited information to determine the mechanisms that
induce parents along either margin, these differences in development at baseline could
explain the sorting patterns. At an early age (0-5 years), assessing children development
is a complex task and parents can form their perceptions based on what they observe
for children of a similar age and context (Mulcahy & Savage, 2016). For instance, Wang
et al. (2020) present a reference-dependent utility model of parental feeding practices,
which is based on evidence that shows how perceptions of normal height and weight can
stem from comparisons with other children in the family, or with similar backgrounds.
Moreover, parental concern for their children development differs if parents can observe
their child performing some tasks (e.g., has trouble with communication but learned to
walk on time), versus struggling in many different areas (Mulcahy & Savage, 2016).

In light of the insights from the literature regarding parental perceptions and practices,
I argue that parents moving along the s− h and s− l margin do so as a response to the
relative development of their children at baseline versus the average development at s.
To start, overall baseline development of children in the s − h complier group is well
below the average in terms of nutritional development. Meanwhile, children among the
s− l complier group were initially below average in all dimensions of development. This
group also has more educated mothers who, on average, could be more concerned with
finding alternative forms of care for their children besides s or h. It is also worth noting
that the average nutritional development of s-always-takers is above the mean, and way
above that of s − h compliers. Thus, below average development and maternal levels of
education could account, at least in part, for the behavior of compliers in my sample.

4.3 Counterfactuals and Treatment Effects

Given the baseline development levels of compliers, parents who chose to transfer their
children from s to l may do so in the hopes of improving their development. To deter-
mine if compliers benefit, or not, from choosing l instead of s I estimate their average
counterfactuals and local treatment effects for cognitive, socio-emotional, and nutritional
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development at follow-up. The top row of Figure 10 presents average counterfactuals for
cognitive, socio-emotional, and nutritional development. The black line represents the
development level that children would have attained if they enroll in s. The blue line
refers to the development level children would have attained from choosing l.

For cognitive and socio-emotional development, I find that children do worst by at-
tending l than they would have done so by choosing s. This holds for all values of distance
below 0.85km. This pattern translates into an upward slopping, but negative, LATE for
cognitive development and a downward slopping, and negative, LATE for socio-emotional
development (row 2, panel (a) and (b) in Figure 10). That is, the difference in the coun-
terfactuals for cognitive development tends to narrow as distance to l increases, while
for socio-emotional development it becomes larger. Importantly, these differences are
statistically significant at the 10% level for cognitive development.

In terms of nutritional development, the counterfactuals of choosing s and l for com-
pliers decrease as distance to l increases. However, this decrease is faster, or steeper,
if children would have chosen to enroll in s than in l. This translates into a modest
increase in LATE as distance to l increases, such that for distance to l above 0.45km
approximately the effect is positive although it is not statistically significant. Overall, for
parents relatively near l, there is little evidence that their children would be better-off
by choosing l rather than s. As noted above, compliers are older on average and have
relatively low levels of cognitive and nutritional development at baseline, which could
explain why there is virtually no effect on those dimensions from choosing l instead of s.

The top row of Figure 11 presents average counterfactuals for cognitive, socio-emotional,
and nutritional development. The black line represents the development level that chil-
dren would have attained if they enroll in s. Importantly, this counterfactual is a weighted
average of what each complier group would have experienced from choosing s. It cannot
be identified separately for each complier group without additional assumptions. The
blue line refers to the development level compliers along the s − l margin would have
attained from choosing l. The red line refers to the development level compliers along
the s − h margin would have attained from choosing h. Column (a) in Figure 11 shows
that compliers along the s − l margin do worst in cognitive development from choosing
l, at low levels of distance to l. In turn, s − h compliers would experience the lowest
level of cognitive development from choosing home care. Column (b) shows the opposite
pattern, but it translates into higher behavioral problems (i.e., a higher socio-emotional
score signals behavioral issues). The pattern is also consistent in column (c), which shows
that in nutritional development s− h compliers do worst by choosing h.

The second row of Figure 11 presents conditional LATEs of s centers versus the next-
best childcare alternative. This effect combines the LATE for compliers along the s − l
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margin and compliers along the s − h margin. The bottom left panel shows positive,
although not statistically significant, effects on cognitive development of s centers versus
the next-best. The next panel in the second row shows positive effects of s centers versus
the next-best on socio-emotional development. This positive effect translates into more
behavioral problems, on average, for those at s centers versus the next-best. On their
own, the next-best results can be uninformative and mask considerable differences in
the effects between the two distinct complier groups. For instance, the counterfactuals
for socio-emotional development suggest that compliers along the s− l margin could be
driving the positive next-best effects. Meanwhile, compliers along the s−h margin could
experiment far worst effects on socio-emotional development.

One approach to separately identify the LATEs for each complier group is to assume
that their potential development at s centers would have been the same, on average. This
refers to the homogeneity assumption described in Section 2.3. Formally, for the case of
parental choice of childcare, this assumption states that:

E[Ys|Complier:s− l, Z2 > z∗2 ] = E[Ys|Complier:s− h, Z2 > z∗2 ]

This assumption has been used previously by Kline & Walters (2016) and Lee & Salanié
(2020). One important drawback is that these complier groups can be systematically
different making the homogeneity assumption less likely to hold. Hence, prior to imple-
menting homogeneity in my sample, I analyze the average baseline characteristics of the
complier groups above and below the threshold of distance to l. Figure 12 shows the
average of selected baseline characteristics for compliers along the s− l margin and s−h
margin. The grey bar denotes the threshold where the parental rules of behavior change
discontinuously. Overall, compliers along each margin differ in their baseline character-
istics (i.e., there are considerable differences between the orange and blue lines depicted
above the threshold). Given that these differences can threaten the validity of the homo-
geneity assumption, I control for baseline variables in the estimation of counterfactuals.

Figure 12 shows modest differences in the average of baseline variables, for compliers
along the s− l margin above and below the threshold where the parental rules of behavior
change discontinuously (i.e., the grey bar). This supports the assumption that s − l

compliers above and below the threshold only differ in their proximity to l, but are on
average similar in their characteristics and treatment effects. While I observe a modest
jump in baseline development, I argue that these differences are not considerable to infer
that, at the threshold, s − l compliers are distinct groups. Hence, treatment effects for
s− l compliers should be smooth above and below the threshold.

Figure 13 presents treatment effects for each complier group. Above the threshold,
I employ the homogeneity assumption to separately identify LATEs for s − l and s − h
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compliers. To start, the LATEs for s − l compliers do not display discontinuous jumps
at the threshold. The LATE of cognitive development along the l− s margin is negative
but upward slopping. In contrast, the LATE for the h − s margin in terms of cognitive
development is relatively constant and negative. Column (b) in Figure 13 suggest a
lower prevalence of behavioral problems, on average, for children along the l centers
versus s centers margin. In turn, the results suggest a higher prevalence of behavioral
problems for children along the h versus s margin. Overall, while some children might
benefit from switching between s and l centers, the results indicate no benefit for children
switching away from s centers and into home care. The results along the latter margin
lack predictive power; nonetheless they are indicative of sizable differences in the effects
of choosing alternative childcare choices.

Table 10 summarizes the results for LATE across dimensions of children development,
for the l centers versus s centers margin. In contrast to the results in Table 7, without
conditioning on distance to the nearest l center, I uncover heterogeneous results that
suggest that some children might benefit in terms of cognitive development. This is the
case for children above the distance threshold switching away from s and into l centers.
These children have more educated mothers and are younger, on average. In contrast, I
find negative effects on cognitive development for children along the s− l margin who are
below the distance threshold. This effect has the same sign as the average unconditional
effect in Table 7, but is larger in magnitude.

5 Concluding Remarks

In this paper, I study the identification and estimation of treatment effects in contexts
where agents can choose between multiple options, and the researcher has access to
multiple instrumental variables that can affect the same options. I focus on settings with
two main features. First, agents can have preferences over the alternatives and self-select
into their preferred choice. The latter motivates employing IVs as an estimation strategy.
Second, the options are unordered, meaning that we cannot say that one option is better
than the other, a priori. As a result, agents can have different fallback options and derive
different gains or losses from their choices.

The IV approach has limitations. It estimates local effects for agents who change
their behavior as the IV changes (i.e., compliers). With multiple unordered choices,
compliers are heterogeneous, and agents can switch along many margins. For instance,
if a large childcare center opens close to home, parents could switch between home and
large centers, small and large centers, or home and small centers. The set of compliers
becomes more complex when multiple instruments are available. For example, in my
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application of childcare choices I show that, despite winning the lottery, some parents
might be discouraged from choosing large centers if the distance from home is relatively
large. While this type of joint response to multiple instruments has been recognized
in the literature, current methods implicitly assume that the behavior of compliers (or
responses) to one instrument is the same across the distribution of other instruments.
However, the case of multiple instruments that affect the same choices is relevant for
many empirical applications.

My main contribution is to present an empirical strategy that addresses some of these
challenges. First, I account for the joint effects of multiple instruments on the probability
of choosing an option. That is, I allow for the response to the variation in one instrument
(for example, an offer of a slot at a center) to differ depending on other instruments
(for example, proximity to the center) that affect the same choice. To do so, I employ
a latent utility framework and model responses to the instruments through their effect
on the costs of each option. I impose restrictions on the shape of the cost function. In
particular, I assume that the cost function is convex. The latter allows me to define
conditional rules of behavior that satisfy monotonicity, locally.

I apply these tools to estimate the impact of childcare choice in Colombia on children’s
development. In this setting, parents can choose between home care, small centers (which
serve between 12-15 children), or large centers (which serve 25 children per teacher). My
sample consists of low-income families, and care at small and large centers is publicly
provided. My findings suggest that the choice of small centers versus large centers fol-
lows the logic of substitutes of care. I find that 15 − 18% of parents substitute care at
small centers for care at large centers when the latter is relatively cheaper. In contrast,
substituting home care for large centers requires stronger incentives. In particular, win-
ning the lottery only induces parents to substitute home care for large centers when those
are nearby. In turn, for a relatively large distance to large centers, winning the lottery
seems to drive parents towards home care. While my results lack predictive power, they
are indicative of the importance of uncovering variation along different margins of choice
in the estimation of multivalued treatment effects.
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Tables and Figures

Table 3: Summary Statistics

Variable Obs Mean SD Min Max

Age (months) 1246 36.814 9.615 13 55
Male 1246 0.512 0.500 0 1
Children 0-5 yoa at home 1246 1.528 0.709 1 5
Mother’s years of education 1246 8.740 2.985 0 18
Low income household 1246 0.436 0.496 0 1

Type of childcare
Home care (h) 1246 0.128 0.334 0 1
Small centers (s) 1246 0.323 0.468 0 1
Large centers (l) 1246 0.549 0.498 0 1

Source: subsample from Bernal et al. (2019)
Note: The sample consists of children who were initially at small centers.
All socioeconomic variables were collected at baseline.
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Table 4: Average characteristics, by type of care

Variable Large centers (l) Small centers (s) Home care (h)

Age (months) 36.980 36.241 37.553
Male 0.515 0.526 0.465
Children 0-5 at home 1.477 1.536 1.730
Mother’s years of education 8.986 8.697 7.791
Low income household 0.409 0.442 0.535
Distance to small center (s), in km 0.299 0.331 0.290

Children development at baseline
Cognitive 0.027 -0.094 0.121
Socio-emotional -0.022 0.091 -0.135
Nutritional 0.035 0.068 -0.323

Outcomes [Obs.]
Cognitive [1231] 0.166 [674] -0.021 [401] -0.662 [156]
Socio-emotional [1238] -0.064 [678] -0.035 [403] 0.368 [157]
Nutritional [927] 0.127 [513] 0.007 [299] -0.584 [115]
% 54.9 32.34 12.76
N 684 403 159

Source: subsample from Bernal et al. (2019)
Note: The sample consists of children who were initially at small centers. All socioeconomic variables
were collected at baseline. Cognitive development is a composite of scores from the ASQ. Socio-
emotional development is a composite of behavioral components of the ASQ. All scores from the ASQ
are age standardized. Nutritional development corresponds to z-scores for weight-for-age, height-for-
age, and weight for height.

Table 5: Average of instruments, by type of care

Large centers Small centers Home care
Variable (l) (s) (h) All

Wins lottery 0.805 0.615 0.802 0.743
Distance to large center (l), in km 0.668 1.125 0.912 0.848

Source: subsample from Bernal et al. (2019)
Note: The sample consists of children who were initially at small centers. Each column repre-
sents a childcare choice; the last column presents averages for the full sample for comparison.
The row “Wins lottery" refers to the fraction of households that where assigned to received in-
formation and the option to transfer to large centers. Distance to large centers is the geographic
distance from the child’s home to the nearest large center, in km.
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Figure 3: Type of care selected, by lottery status
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Source: subsample from Bernal et al. (2019)
Note: The figure illustrates the distribution of childcare choices by outcome of the
lottery. The white bars correspond to large centers, the grey bars to small centers, and
the black bars to home care. The bars on the left show the fraction of parents who
select each type of care among those who did not win the lottery. The bars on the
right show the fraction of parents who select each type of care among lottery winners.
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Figure 4: Type of care selected, by quintiles of distance to the nearest Large center
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Source: subsample from Bernal et al. (2019)

Note: The figure illustrates the distribution of childcare choices by quintiles of distance

to large centers. The white bars correspond to large centers, the grey bars to small

centers, and the black bars to home care.
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Table 6: First-stage results: The effect of winning the lottery varies with distance to l, for the
probability of choosing h

Variable Large centers (l) Small centers (s) Home care (h)

Wins Lottery 0.187∗∗∗ -0.164∗∗ -0.023
(0.054) (0.052) (0.038)

Distance to l, in km -0.280∗∗∗ 0.322∗∗∗ -0.041
(0.043) (0.048) (0.038)

Wins Lottery × Distance to l, in km -0.022 -0.047 0.069∗
(0.045) (0.050) (0.041)

Distance to s, in km 0.083∗∗ -0.074∗∗ -0.009
(0.037) (0.036) (0.028)

Age in months -0.010 0.014 -0.004
(0.010) (0.009) (0.007)

Male 0.022 0.018 -0.040∗∗
(0.024) (0.023) (0.017)

Low income household -0.006 -0.013 0.018
(0.027) (0.026) (0.019)

Cognitive Development 0.000 -0.009 0.008
(0.008) (0.008) (0.006)

Socio-emotional Development -0.019∗ 0.028∗∗ -0.010
(0.011) (0.011) (0.007)

Nutritional Development -0.004 0.013 -0.009
(0.009) (0.008) (0.006)

Mother’s years of education 0.016∗∗∗ -0.005 -0.010∗∗∗
(0.005) (0.005) (0.003)

Children 0-5 at home -0.036 0.000 0.036∗∗
(0.024) (0.022) (0.018)

Birth order=1 0.113 -0.138 0.026
(0.156) (0.145) (0.127)

Birth order=2 0.081 -0.137 0.056
(0.153) (0.141) (0.126)

Constant 0.718∗∗ 0.049 0.232
(0.237) (0.218) (0.166)

N 1,238 1,238 1,238
R-squared 0.201 0.187 0.119

Source: subsample from Bernal et al. (2019)
Robust Standard errors are in parentheses. All regressions include city fixed effects. Each choice is
estimated separately.
∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01
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Figure 5: Effect of the lottery outcome on the probability of choosing a type of childcare, by distance to the nearest large center

Probability of choosing Probability of choosing Probability of choosing
large centers (l) small centers (s) home care (h)
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Source: subsample from Bernal et al. (2019)
Note: The figure shows the probability of each choice of childcare conditional on winning and not winning the lottery, at different values of
distance to the nearest large center (top panel). Each column denotes a childcare choice. The panel in the second row plots the difference in the
probability of each childcare choice of winning versus not winning the lottery, by distance to the nearest large center. The probabilities and the
marginal effects results from the regression in section 3.5, with estimated coefficients in Table 6.
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Figure 6: Unconditional Probability of always-takers and compliers due to variation in
the lottery outcome

Home
Always-taker

Small center
Always-taker

Large center
Always-taker

Complier
Small-Large center

0 .1 .2 .3 .4 .5 .6
Probability

Source: subsample from Bernal et al. (2019)
Note: The figure shows the estimated probability of always-takers and compliers in-
duced by the variation of the lottery outcome without conditioning on distance to large
centers. The results for the margin of home care versus large centers are negative, of
3.2%, but not statistically significant. The latter is not presented in the graph.

Table 7: LATEs, due to the unconditional variation in
the lottery outcome

LATE Cognitive Socio-emotional Nutritional
l versus s -0.359 -0.435 0.203

(0.306) (0.351) (0.326)

Source: subsample from Bernal et al. (2019)
Bootstrap standard errors are in parentheses. All estima-
tions include city fixed effects.
∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01
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Figure 7: Average Probability of always-takers and compliers due to variation in the
lottery outcome, above and below distance to large centers cut-off

(a) Distance to large centers (l) is less than 0.85km
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(b) Distance to large centers (l) is above 0.85km
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Source: subsample from Bernal et al. (2019)
Note: The figure shows the estimated probability of always-takers and compliers in-
duced by the variation of the lottery outcome conditioning on distance to large centers.
The top panel presents the probabilities of always-takers and small-large centers com-
pliers, when distance to the nearest large center is below 0.85km. Panel (b) shows the
probability of always-takers and compliers along two margins (small center-home care,
and small-large centers). The x-axis shows the estimated probability for each group.
The y-axis displays the groups.
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Figure 8: Probability of always-takers and compliers due to variation in the lottery outcome, above and below the cut-off of distance to
large centers

(a) Distance to large centers (l) is less than 0.85km (b) Distance to large centers (l) is above 0.85km
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Source: subsample from Bernal et al. (2019)
Note: The figure shows the estimated probability of always-takers and compliers induced by the variation of the lottery outcome, by distance to
the nearest large centers. Panel (a) presents the probabilities of always-takers and small-large centers compliers, when distance to the nearest
large center is below 0.85km. Panel (b) shows the probability of always-takers and compliers along two margins (small center-home care, and
small-large centers).
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Figure 9: Probability of compliers due to variation in the lottery outcome, above and below the cut-off of distance to large centers

(a) Distance to large centers (l) is less than 0.85km (b) Distance to large centers (l) is above 0.85km
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Source: subsample from Bernal et al. (2019)
Note: The figure shows the estimated probability of compliers induced by the variation of the lottery outcome, by distance to the nearest
large centers. Panel (a) presents the probabilities of small-large centers compliers, when distance to the nearest large center is below 0.85km.
Panel (b) shows the probability of compliers along two margins (small center-home care, and small-large centers). Both figures show confidence
intervals at the 90% level.
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Table 8: Average Baseline Characteristics of always-takers and compliers due to variation in the lottery outcome, when distance to the
nearest large center (l) is less than 0.85km

Home (h) Small center (s) Large center (l) Complier:
Variable always-taker always-taler always-taker Small-large center
Age in months 37.554 36.186 36.094 42.061
Male (%) 0.494 0.533 0.501 0.606
Children 0-5 at home 1.847 1.543 1.440 1.664
Mother’s years of education 7.480 8.593 8.958 8.945
Low income household (%) 0.533 0.383 0.394 0.457
Cognitive development 0.101 0.066 0.085 -0.343
Socio-emotional development -0.083 -0.008 -0.184 0.647
Nutrition -0.293 0.062 0.079 -0.037
Distance to s, in km 0.197 0.213 0.262 0.184
Distance to l, in km 0.423 0.543 0.500 0.376

Source: subsample from Bernal et al. (2019)
Note: All socioeconomic variables were collected at baseline. Cognitive development is a composite of scores
from the ASQ. Socio-emotional development is a composite of behavioral components of the ASQ. A higher score
in socio-emotional development signals behavioral problems. All scores from the ASQ are age standardized.
Nutritional development corresponds to z-scores for weight-for-age, height-for-age, and weight for height.

54



Table 9: Average Baseline Characteristics of always-takers and compliers due to variation in the lottery outcome, when distance to the
nearest large center (l) is above 0.85km

Home (h) Small center (s) Large center (l) Complier: Complier:
Variable always-taker always-taler always-taker Small center-home care Small-large center
Age in months 39.601 36.313 37.759 34.147 33.923
Male (%) 0.506 0.555 0.584 0.257 0.294
Children 0-5 at home 1.651 1.456 1.309 1.431 1.683
Mother’s years of education 9.193 8.686 8.468 5.072 10.972
Low income household (%) 0.551 0.457 0.348 0.605 0.491
Cognitive development -0.113 -0.131 0.197 0.304 -0.448
Socio-emotional development 0.010 0.044 -0.173 -0.490 0.258
Nutrition 0.352 0.117 -0.033 -0.924 -0.068
Distance to s, in km 0.485 0.309 0.298 0.198 0.661
Distance to l, in km 1.693 1.601 1.021 0.847 1.540

Source: subsample from Bernal et al. (2019)
Note: All socioeconomic variables were collected at baseline. Cognitive development is a composite of scores from the ASQ. Socio-emotional
development is a composite of behavioral components of the ASQ. A higher score in socio-emotional development signals behavioral problems.
All scores from the ASQ are age standardized. Nutritional development corresponds to z-scores for weight-for-age, height-for-age, and weight
for height.
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Figure 10: Counterfactuals and Local Average Treatment Effects, for small-large center (s− l) compliers when distance to the nearest
large center (l) is less than 0.85km
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Source: subsample from Bernal et al. (2019)
Note: The figure shows counterfactuals (in the first row) and LATE (in the second row) for compliers along the small-large centers margin, for
distance to the nearest large center below 0.85km. Column (a) presents results for cognitive development, which is a composite of scores from
the ASQ. Column (b) presents results for socio-emotional development, which is a composite of behavioral components of the ASQ. Column (c)
presents results for nutritional development. E(Ys|Complier S→ L) (hollow circles in black) denotes the counterfactual outcome of small centers
for compliers along the small-large center margin. E(YL|Complier S → L) (hollow squares in blue) denotes the counterfactual outcome of large
centers for compliers along the small-large center margin. Confidence intervals at the 90% level are constructed with bootstrap standard errors.
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Figure 11: Counterfactuals and Local Average Treatment Effects, for compliers when distance to the nearest large center (l) is above
0.85km

(a) Cognitive Development (b) Socio-emotional Development (c) Nutritional Development
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Source: subsample from Bernal et al. (2019)
Note: The figure shows counterfactuals (in the first row) and LATE (in the second row) for compliers along the small-large centers margin (hollow
diamonds in blue) and compliers along the small centers-home care margin (hollow squares in red), for distance to the nearest large center above
0.85km. Column (a) presents results for cognitive development, column (b) presents results for socio-emotional development, column (c) presents
results for nutritional development. E(YL|Complier S) (hollow diamonds in blue) denotes the counterfactual outcome of large centers for compliers
along the small-large center margin. E(YH |Complier S→ H) (hollow squares in red) denotes the counterfactual outcome of home care for compliers
along the small centers-home care margin. ωLE(Ys|Complier S→ L)+ωHE(Ys|Complier S→ H) denotes a weighted average of the counterfactual
for small centers along the two margins of choice. ωL + ωH = 1 are the share of each complier group. Confidence intervals at the 90% level are
constructed with bootstrap standard errors.
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Figure 12: Average of baseline characteristics for compliers along the large versus small
center margin and the home-care versus small center margin, by distance to the nearest

large center (l)
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Source: subsample from Bernal et al. (2019)
Note: The figure shows the average of baseline characteristics for compliers along the small-large
centers margin (hollow diamonds in blue) and compliers along the small centers-home care margin
(hollow squares in red), by distance to the nearest large center. The grey bar denotes the threshold
at which the conditional rules of behavior change.
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Figure 13: Local Average Treatment Effects for compliers along the large versus small center margin and the home-care versus small
center margin, by distance to the nearest large center (l)
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Source: subsample from Bernal et al. (2019)
Note: The figure shows conditional LATEs for compliers along the small-large centers margin (hollow diamonds, in blue) and compliers along
the small centers-home care margin (hollow squares, in red), by distance to the nearest large center. Column (a) presents results for cognitive
development, column (b) presents results for socio-emotional development, column (c) presents results for nutritional development. Effects below
the bar in grey are estimated with the conditional rules of parental behavior when distance to large centers is below the threshold. Above the grey
bar, the effects for each margin of choice are separately identified by imposing the assumption of homogeneity of counterfactuals.
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Table 10: Conditional LATEs, due to variation in the lottery
outcome by distance to the nearest large center (l)

LATE Cognitive Socio-emotional Nutritional
Distance to the nearest large center below 0.85km

l versus s -0.683∗ -0.374 0.076
(0.457) (0.481) (1.091)

Distance to the nearest large center above 0.85km
s versus next-best 0.229 0.323 0.021

(0.441) (0.452) (0.281)
l versus s 0.168 -0.579 0.367

(0.399) (0.442) (0.594)

Source: subsample from Bernal et al. (2019)
Bootstrap standard errors are in parentheses. All estimations include
city fixed effects.
∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01

Appendix A

A.1 Proofs

Convexity of costs and partial monotonicity Let d ∈ {1, 2, ..., k} and d− represent
choices other than d. Let Uid(z) = µid− Vid(z) denote the utility of choice d evaluated at
realization z of the instruments in Z. µid represent unobserved preferences for choice d,
Vid(z) denote the costs of choosing option d. Let (zl, zl−) and (z′l, zl−) be two realizations
of Zl, Zl− ∈ Z, and suppose zl < z′l. From element-wise convexity of Vid in R1 it follows
that ∂2Vid(Zl,zl− )

∂Z2
l

≥ 0.

For convex and decreasing costs, then Vid(zl, zl−) ≥ Vid(z
′
l, zl−) ∀i. Suppose that

Zd ∩ Zd− = ∅, such that the restriction in R1.2 holds and there is no inter-
section in the instruments that affect each choice (i.e., ∂Vid− (Zl,zl− )

∂Zl
= 0). Then,

Uid(zl, zl−) ≤ Uid(z
′
l, zl−), and Uid−(zl, zl−) = Uid−(z

′
l, zl−). Thus, (zl, zl−)→ (z′l, zl−)

weakly induces agents towards d such that Did(zl, zl−) ≤ Did(z
′
l, zl−) ∀i. Simi-

larly for convex and increasing costs, then Vid(zl, zl−) ≤ Vid(z
′
l, zl−) ∀i. Suppose

∂Vid− (Zl,zl− )

∂Zl
= 0. Then, Uid(zl, zl−) ≥ Uid(z

′
l, zl−), and Uid−(zl, zl−) = Uid−(z

′
l, zl−).

Thus, (zl, zl−)→ (z′l, zl−) weakly induces agents away from d such thatDid(zl, zl−) ≥
Did(z

′
l, zl−) ∀i.

Consider the case of Zd∩Zd− 6= ∅ and let Zl− ∈ Zd∩Zd− , such that there is at least
one instrument that affects d and d−. From R1, it follows that Vid(Zl, Zl−) and
Vid−(Zl, Zl−) are element-wise convex. Suppose ∂Vid(Zl,Zl− )

∂Zl−
≤ 0 and ∂Vid− (Zl,Zl− )

∂Zl−
≤ 0

and assume ∂2Vid(Zl,zl− )

∂Z2
l

>
∂2Vid(Zl,zl− )

∂Z2
l

such that costs decrease faster for d. Then
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Vid(zl, zl−) ≤ Vid(z
′
l, zl−) implies Uid(zl, zl−) ≥ Uid(z

′
l, zl−) and (zl, zl−) → (z′l, zl−)

weakly induces agents away from d such thatDid(zl, zl−) ≤ Did(z
′
l, zl−) ∀i. Similarly,

suppose ∂Vid(Zl,Zl− )

∂Zl−
≥ 0 and ∂Vid− (Zl,Zl− )

∂Zl−
≥ 0 and ∂2Vid(Zl,zl− )

∂Z2
l

>
∂2Vid(Zl,zl− )

∂Z2
l

. Then
Vid(zl, zl−) ≤ Vid(z

′
l, zl−) implies Uid(zl, zl−) ≥ Uid(z

′
l, zl−) and (zl, zl−) → (z′l, zl−)

weakly induces agents away from d such that Did(zl, zl−) ≤ Did(z
′
l, zl−) ∀i.

Conditional/Partial monotonicity and identification of counterfactuals
Let R denote a response matrix and let Bd = 1[R = d] for d ∈ supp(D). That is, Bd

is a binary matrix that takes the value of one every time d appears in response matrix
R. Heckman & Pinto (2018) define unordered monotonicity such that:

A3 (Unordered Monotonicity) For any z, z′ ∈ Z29 and each d ∈ {1, 2, 3, .., k} either
1[Di(z) = d] ≥ 1[Di(z

′) = d] ∀i, or, 1[Di(z) = d] ≤ 1[Di(z
′) = d] ∀i.

Assumption A2 is a weaker version of A3, thus if A3 holds then A2 holds. The opposite
does not hold; that is, partial monotonicity does not imply unordered monotonicity. For
unconditional response matrix R, Heckman & Pinto (2018) show that R is unordered
monotonic if and only if each Bd = 1[R = d] is lonesum such that there are no two-way
patterns in any sub-matrix of dimension 2 × 2. That is, there is no 2 × 2 sub-matrix in
R that takes the form of: ∣∣∣∣∣1 0

0 1

∣∣∣∣∣
∣∣∣∣∣0 1

1 0

∣∣∣∣∣
For the IV Model in equations (2)-(3) with A1, unconditional response matrix R is not
unordered monotonic. Nonetheless, from A2 it follows that Rl(Zl−) satisfies that each
Bd

l = 1[Rl(Zl−) = d] is lonesum, with d ∈ supp(D). Suppose not. If Bd
l is not lonesum,

then there is at least one 2× 2 sub-matrix that takes either of the following forms:∣∣∣∣∣1 0

0 1

∣∣∣∣∣
∣∣∣∣∣0 1

1 0

∣∣∣∣∣
Given that Bd

l = 1[Rl(Zl−) = d], two-way patterns are defined by conditional response
matrix Rl(Zl−). By definition of Rl(Zl−), there is a response vector Sla(Zl−) and Slb(Zl−)

such that 1[Sla(Zl−) = d] = [1, 0]′ and 1[Slb(Zl−)] = [0, 1]′. Then, Dad(z, Zl−) ≥
Dad(z

′, Zl−) and Dbd(z, Zl−) ≤ Dbd(z
′, Zl−). This contradicts A2. Hence, conditional

response matrix Rl(Zl−) and conditional binary matrices for each d, Bd
l (Zl−), are lone-

sum. Then, applying Theorem T-6 in Heckman & Pinto (2018) to the case of conditional
response matrix, the counterfactuals for responses g are identified by:

E
(
Yd | g ∈

∑
dl
(q|Zl−)

)
=

bdl(q|Zl−)B
d+
l (Zl−)L

d
Y l(Zl−)

bdl(q|Zl−)B
d+
l (Zl−)PrZl

(D = d|Zl−)

29Recall z ∈ Z is a combination of (Zi,1, ..., Zi,L)
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where Bd+
l (Zl−) is the Moore-Penrose pseudoinverse.

A.2 Probability of groups and their average baseline character-

istics

This appendix follows the identification results in Heckman & Pinto (2018), and the
results for response vectors Sl(zl−) and binary matrix Bd

l (Zl−) for choice d ∈ {1, 2, ..., k}
in Section 2.3. Let Pgl(Zl−) represent a vector containing the shares of each type of
response in matrix Rl(Zl−). These shares can be identified from:

Pg(Zl−) = B+
l (Zl−)PrZl

(D|Zl−) (5)

where B+
l (Zl−) is the Moore-Penrose pseudoinverse.30 Vector PrZl

(D|Zl−) contains the
propensity score for choices d ∈ {1, 2, ..., k} evaluated at instrument Zl, conditional on
Zl− . I denote the shares as functions of Zl− , to indicate that the prevalence of different
types of responses can vary depending on the evaluation point in Zl− . Let PrZl

(D =

d|Zl−) = [PrZl
(D = d|zl, Zl−),PrZl

(D = d|z′l, Zl−)] be the propensity score of choice d
evaluated at realizations zl, z′l ∈ supp(Zl), conditional on Zl− . Thus,

PrZl
(D|Zl−) = [PrZl

(D = 1|Zl−),PrZl
(D = 2|Zl−), ...,PrZl

(D = k|Zl−)]
′ (6)

and its dimension is (l · k) × 1. Intuitively, the identification of shares of responses is a
weighed combination of observed choices and potential behavior at different values of the
instruments, given Zl− .

Let E[Xgl(Zl−)] denote the average of baseline variables and E[Ygl(Zl−)] the aver-
age counterfactuals for response g in matrix matrix Rl(Zl−). To identify the aver-
age of baseline variables and counterfactuals of the responses in matrix Rl(Zl−) de-
fine ω(Zl−) = Bl(Zl−) ◦ Pgl(Zl−)

′. That is, ω(Zl−) is the element-wise multiplication
of matrix Bl(Zl−) and the shares of responses in Pgl(Zl−). Let XDd denote a vec-
tor of baseline variables and choices interactions, for X ∈ X. For each choice d ∈
{1, ..., k} define Ld

Xl(Zl−) = [E[XDd|zl, Zl− ], E[XDd|z′l, Zl− ]] which is the observed av-
erage of baseline variable X when option d is chosen, evaluated at realizations zl, z′l
conditional on Zl− . Vector LXl(Zl−) stacks choice specific Ld

Xl(Zl−) such that LXl(Zl−) =

[Ld=1
Xl (Zl−), L

d=2
Xl (Zl−), ..., L

d=k
Xl (Zl−)]

′. The average of baseline variables for each response,
g, in matrix Rl(Zl−) corresponds to:

E[Xgl(Zl−)] = ω+(Zl−)LXl(Zl−) (7)

The shares of responses, g, in equation 5 and their average baseline variables in equation

30For instance, if Bl(Zl−) has full-rank then B+
l (Zl−) = (Bl(Zl−)

′Bl(Zl−))
−1
Bl(Zl−)

′.
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7 can be identified if rank (Bl(Zl−)) = NS,zl−
.31

A.3 Multiple choices of childcare and identification of conditional

LATEs

This section illustrates the identification problem that arises from using the unconditional
variation in the lottery outcome. Let Y denote children development (e.g., cognitive,
socio-emotional, or nutritional). Yd denotes potential development, with d ∈ {h, s, l}.
Observed development results from a switching regression model:

Y = YlDl + YsDs + YhDh

where Dd takes the value of one if child care option d is chosen. The results in section
3.5 imply the following unconditional responses,

Table A1: Unconditional responses to the lottery outcome

Z1 g1 g2 g3 g4 g5 g6
0 h s l h s s
1 h s l l l h

From the switching regression model above, it follows that

E[Y |Z1 = 1] = E[YlDl + YsDs + YhDh|Z1 = 1]

= E[YlDl|Z1 = 1] + E[YsDs|Z1 = 1] + E[YhDh|Z1 = 1]

= E[Yl|Dl = 1, Z1 = 1]Pr(Dl = 1|Z1 = 1)

+ E[Ys|Ds = 1, Z1 = 1]Pr(Ds = 1|Z1 = 1)

+ E[Yh|Dh = 1, Z1 = 1]Pr(Dh = 1|Z1 = 1)

By A1 and the unconditional responses in the previous table,

E[Y |Z1 = 1] = E[Yl|Dl(0) = 1, Dl(1) = 1]Pr(Dl(0) = 1, Dl(1) = 1)

+E[Yl|Dh(0) = 1, Dl(1) = 1]Pr(Dh(0) = 1, Dl(1) = 1)

+E[Yl|Ds(0) = 1, Dl(1) = 1]Pr(Ds(0) = 1, Dl(1) = 1)

+E[Ys|Ds(0) = 1, Ds(1) = 1]Pr(Ds(0) = 1, Ds(1) = 1)

+E[Yh|Dh(0) = 1, Dh(1) = 1]Pr(Dh(0) = 1, Dh(1) = 1)

+E[Yh|Ds(0) = 1, Dh(1) = 1]Pr(Ds(0) = 1, Dh(1) = 1)

Similarly,
31This follows from the identification result in Heckman & Pinto (2018) for unconditional matrix B.
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E[Y |Z1 = 0] = E[Yl|Dl(0) = 1, Dl(1) = 1]Pr(Dl(0) = 1, Dl(1) = 1)

+E[Ys|Ds(0) = 1, Ds(1) = 1]Pr(Ds(0) = 1, Ds(1) = 1)

+E[Ys|Ds(0) = 1, Dl(1) = 1]Pr(Ds(0) = 1, Dl(1) = 1)

+E[Ys|Ds(0) = 1, Dh(1) = 1]Pr(Ds(0) = 1, Dh(1) = 1)

+E[Yh|Dh(0) = 1, Dh(1) = 1]Pr(Dh(0) = 1, Dh(1) = 1)

+E[Yh|Dh(0) = 1, Dl(1) = 1]Pr(Dh(0) = 1, Dl(1) = 1)

Subtracting the conditional expectations,

E[Y |Z1 = 1]− E[Y |Z1 = 0] = E[Yl − Yh|Dh(0) = 1, Dl(1) = 1]Pr(Dh(0) = 1, Dl(1) = 1)︸ ︷︷ ︸
l − h margin

+E[Yl − Ys|Ds(0) = 1, Dl(1) = 1]Pr(Ds(0) = 1, Dl(1) = 1)︸ ︷︷ ︸
l − s margin

+E[Yh − Ys|Ds(0) = 1, Dh(1) = 1]Pr(Ds(0) = 1, Dh(1) = 1)︸ ︷︷ ︸
h− s margin

From Table A1, Pr(g4) = Pr(Dh(0) = 1, Dl(1) = 1), Pr(g5) = Pr(Ds(0) = 1, Dl(1) = 1),
and Pr(g6) = Pr(Ds(0) = 1, Dh(1) = 1). Replace in the reduced form:

E[Y |Z1 = 1]− E[Y |Z1 = 0] = E[Yl − Yh|Dh(0) = 1, Dl(1) = 1]Pr(g4)

+E[Yl − Ys|Ds(0) = 1, Dl(1) = 1]Pr(g5)

+E[Yh − Ys|Ds(0) = 1, Dh(1) = 1]Pr(g6)

By an analogous argument, with A1 and from the responses in Table A1:

E[Dl|Z1 = 1] = Pr(Dl = 1, Z1 = 1)

= Pr(Dl(1) = 1)

= Pr(Dl(0) = 1, Dl(1) = 1) + Pr(Dh(0) = 1, Dl(1) = 1) + Pr(Ds(0) = 1, Dl(1) = 1)

= Pr(g3) + Pr(g4) + Pr(g5)

Similarly,
E[Dl|Z1 = 0] = Pr(Dl = 1, Z1 = 0)

= Pr(Dl(0) = 1)

= Pr(Dl(0) = 1, Dl(1) = 1)

= Pr(g3)

Thus,
E[Dl|Z1 = 1]− E[Dl|Z1 = 0] = Pr(g4) + Pr(g5)

If Pr(g4) = 0 and Pr(g6) = 0, then the Wald estimator βWald = E[Y |Z1=1]−E[Y |Z1=0]
E[Dl|Z1=1]−E[Dl|Z1=0]

can
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be written as:

E[Y |Z1 = 1]− E[Y |Z1 = 0]

E[Dl|Z1 = 1]− E[Dl|Z1 = 0]
=
E[Yl − Ys|Ds(0) = 1, Dl(1) = 1]Pr(g5)

Pr(g5)

= E[Yl − Ys|Ds(0) = 1, Dl(1) = 1]

However, if Pr(g4) 6= 0, with Pr(g6) = 0, then

E[Y |Z1 = 1]− E[Y |Z1 = 0]

E[Dl|Z1 = 1]− E[Dl|Z1 = 0]
=

E[Yl − Ys|Ds(0) = 1, Dl(1) = 1]Pr(g5)
Pr(g4) + Pr(g5)

+
E[Yl − Yh|Dh(0) = 1, Dl(1) = 1]Pr(g4)

Pr(g4) + Pr(g5)

which denotes the effect of childcare choice l versus the next-best. That is, the choice
parents would have made if l was no longer available. Meanwhile, if Pr(g6) 6= 0 then

E[Y |Z1 = 1]− E[Y |Z1 = 0]

E[Dl|Z1 = 1]− E[Dl|Z1 = 0]
=

E[Yl − Ys|Ds(0) = 1, Dl(1) = 1]Pr(g5)
Pr(g4) + Pr(g5)

+
E[Yl − Yh|Dh(0) = 1, Dl(1) = 1]Pr(g4)

Pr(g4) + Pr(g5)

− E[Ys − Yh|Ds(0) = 1, Dl(h) = 1]Pr(g6)
Pr(g4) + Pr(g5)

In the latter, univariate IV identifies the effect of l versus the next-best and a bias
component stemming from responses along the s − h margin. Compared to the binary
case, the last term resembles defiers and threatens the identification of treatment effects.

The role of conditional rules of parental choice of childcare
Following the empirical patterns of choice and the behavior described in Table 2, I

apply the following restrictions: Pr(g4|Z2 > z∗2) = Pr(g+4 ) = 0 and Pr(g6|Z2 < z∗2) =

Pr(g−6 ) = 0. To simplify notation, let z−2 denote a realization of Z2 such that z−2 < z∗2 ,
and z+2 denote a realization of Z2 such that z+2 > z∗2 . Thus,

E[Y |Z1 = 1, z−2 ]− E[Y |Z1 = 0, z−2 ]

E[Dl|Z1 = 1, z−2 ]− E[Dl|Z1 = 0, z−2 ]
=

E[Yl − Ys|Ds(0, z
−
2 ) = 1, Dl(1, z

−
2 ) = 1]Pr(g−5 )

Pr(g−4 ) + Pr(g−5 )

+
E[Yl − Yh|Dh(0, z

−
2 ) = 1, Dl(1, z

−
2 ) = 1]Pr(g−4 )

Pr(g−4 ) + Pr(g−5 )
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which is the conditional effect of l versus the next-best. By a similar argument,

E[Y |Z1 = 1, z+2 ]− E[Y |Z1 = 0, z+2 ]

E[Ds|Z1 = 1, z+2 ]− E[Ds|Z1 = 0, z+2 ]
=

E[Ys − Yl|Ds(0, z
+
2 ) = 1, Dl(1, z

+
2 ) = 1]Pr(g+5 )

Pr(g+5 ) + Pr(g+6 )

+
E[Ys − Yh|Ds(0, z

+
2 ) = 1, Dh(1, z

+
2 ) = 1]Pr(g+6 )

Pr(g+5 ) + Pr(g+6 )

which denotes the conditional effect of s versus the next-best.
Separability of conditional LATEs: homogeneity assumption
Assume E[Ys|Ds(0, z

+
2 ) = 1, Dl(1, z

+
2 ) = 1] = E[Ys|Ds(0, z

+
2 ) = 1, Dh(1, z

+
2 ) = 1],

which states that the mean counterfactual outcome from choosing s would have been the
same for compliers along the s − l and s − h margin. To show how to secure separate
identification of conditional LATEs, first define the set of counterfactuals that can be
identified from outcomes-choice interactions such as:

E[Y Dl|Z1 = 1, z+2 ]− E[Y Dl|Z1 = 0, z+2 ] =

E[Yl|Ds(0, z
+
2 ) = 1, Dl(1, z

+
2 ) = 1]Pr(g+5 )

Similarly,

E[Y Dh|Z1 = 1, z+2 ]− E[Y Dh|Z1 = 0, z+2 ] =

E[Yh|Ds(0, z
+
2 ) = 1, Dh(1, z

+
2 ) = 1]Pr(g+6 )

where Pr(g+5 ) and Pr(g+6 ) are identified from the first-stage:

E[Dl|Z1 = 1, z+2 ]− E[Dl|Z1 = 0, z+2 ] = Pr(g+5 )

E[Dh|Z1 = 1, z+2 ]− E[Dh|Z1 = 0, z+2 ] = Pr(g+6 )

hence, the following counterfactuals can be identified:

E[Y Dl|Z1 = 1, z+2 ]− E[Y Dl|Z1 = 0, z+2 ]

E[Dl|Z1 = 1, z+2 ]− E[Dl|Z1 = 0, z+2 ]
= E[Yl|Ds(0, z

+
2 ) = 1, Dl(1, z

+
2 ) = 1]

and,

E[Y Dh|Z1 = 1, z+2 ]− E[Y Dh|Z1 = 0, z+2 ]

E[Dh|Z1 = 1, z+2 ]− E[Dh|Z1 = 0, z+2 ]
= E[Yh|Ds(0, z

+
2 ) = 1, Dh(1, z

+
2 ) = 1]

In turn, the counterfactual of choosing s, Ys, cannot be separately identified for each
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complier group without the homogeneity assumption,

E[Y Ds|Z1 = 1, z+2 ]− E[Y Ds|Z1 = 0, z+2 ]

E[Ds|Z1 = 1, z+2 ]− E[Ds|Z1 = 0, z+2 ]
=

E[Ys|Ds(0, z
+
2 ) = 1, Dl(1, z

+
2 ) = 1]

Pr(g+5 )
Pr(g+5 ) + Pr(g+6 )

+ E[Ys|Ds(0, z
+
2 ) = 1, Dh(1, z

+
2 ) = 1]

Pr(g+6 )
Pr(g+5 ) + Pr(g+6 )

Imposing the homogeneity assumption,

E[Y Ds|Z1 = 1, z+2 ]− E[Y Ds|Z1 = 0, z+2 ]

E[Ds|Z1 = 1, z+2 ]− E[Ds|Z1 = 0, z+2 ]
= E[Ys|Ds(0, z

+
2 ) = 1, Dl(1, z

+
2 ) = 1]

= E[Ys|Ds(0, z
+
2 ) = 1, Dh(1, z

+
2 ) = 1]

It follows that the following conditional LATEs can be identified:

LATE(z+2 )s−l =
E[Y Dl|Z1 = 1, z+2 ]− E[Y Dl|Z1 = 0, z+2 ]

E[Dl|Z1 = 1, z+2 ]− E[Dl|Z1 = 0, z+2 ]
− E[Y Ds|Z1 = 1, z+2 ]− E[Y Ds|Z1 = 0, z+2 ]

E[Ds|Z1 = 1, z+2 ]− E[Ds|Z1 = 0, z+2 ]

= E[Yl − Ys|Ds(0, z
+
2 ) = 1, Dl(1, z

+
2 ) = 1]

LATE(z+2 )h−l =
E[Y Dh|Z1 = 1, z+2 ]− E[Y Dh|Z1 = 0, z+2 ]

E[Dh|Z1 = 1, z+2 ]− E[Dh|Z1 = 0, z+2 ]
− E[Y Ds|Z1 = 1, z+2 ]− E[Y Ds|Z1 = 0, z+2 ]

E[Ds|Z1 = 1, z+2 ]− E[Ds|Z1 = 0, z+2 ]

= E[Yh − Ys|Ds(0, z
+
2 ) = 1, Dh(1, z

+
2 ) = 1]

Testing homogeneity
If LATE(z−2 )s−l and LATE(z+2 )s−l are separately identified, then

lim
Z2→z∗2

+
E[Yl − Ys|Ds(0, z

−
2 ) = 1, Dl(1, z

−
2 ) = 1] =

lim
Z2←z∗2

−
E[Yl − Ys|Ds(0, z

+
2 ) = 1, Dl(1, z

+
2 ) = 1]

That is, if the counterfactuals for complier group s− l are indentified then in a neighbor-
hood of z∗2 they should be comparable. In addition, the groups should be similar in their
average baseline characteristics.

A.4 Alternative cost structure: disruption of existing childcare

supply

Assume that Vs(0) < Vs(1), such that the lottery increased the cost of choosing s. Assume
that Vs(0) < Vh and Vs(0) < Vl(0), which states that in the absence of the lottery the
costs of s would have been lower than those of h or l. The underlying assumption is that
in the absence of the lottery, parents would have not changed their childcare decisions.
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Since all children in the sample were at s initially, I assume the cost of s are below all
other child care alternatives before the expansion of supply took place.

Figure 14: Relative costs that induce parents away from choosing s

(a) s− l and s− h margins (b) s− l margin

Vs(0)
Vh
Vs(1)

Costs

0 z∗2a Distance to l

Vl(1, z2)

Vl(0, z2)

Vs(0)
Vs(1)
Vh

Costs

0 z∗2b Distance to l

Vl(1, z2)

Vl(0, z2)

Figure 14 shows examples of costs of childcare that would induce parents to switch
away from s and into h and l. Panel (a) displays a case where below z∗2a the costs of l
are below the costs of s and h, when winning the lottery. Above z∗2a, h is the cheapest
childcare option. In this scenario, parents would be induced to switch between s− l until
the point where distance to the center is too high, at z∗2a. After such distance to the
large center, parents would switch between s and into h. These are parents who, because
of changes in the supply of care, face higher costs of their existing childcare s and this
increase is large enough to induce them to change their choice towards h or l. In panel
(b), in contrast, there is also an increase in the cost of s but not large enough to induce
parents towards h. These scenario would represent parents who face higher costs of caring
for their children at home, with less family support available to do so. As a result, below
z∗2b parents switch away from their existing childcare option s and into l. Meanwhile,
above z∗2b s is the least expensive option and parents behave as s-always-takers.
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