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1 Introduction

Estimating the causal effect of being treated by a policy on economic outcomes is a central

problem in applied economics. This task is often complicated by the possibility that the effect

of treatment varies across individuals and that selection into treatment is not random, but

rather driven by unobserved factors that also affect outcomes. As a result, quasi-experimental

methods are used to estimate treatment effects, but such estimates are potentially specific to

the subpopulation for whom the quasi-experiment generates variation. Assessing the external

validity of treatment effect estimates, i.e., the degree to which estimates can be extrapolated

to other subpopulations, is a key challenge in applied econometric analyses.

Marginal treatment effects (MTEs) can be used to address issues that arise due to

nonrandom selection into treatment. MTEs are essentially the average treatment effect for

groups of individuals who have the same latent propensity to be treated.1 MTEs are useful

because they can be combined with different weights to calculate any average treatment

effect of interest, such as the average treatment effect on the treated.2 Even if individual

treatment effects (ITE) were known for all individuals, it would still be necessary to know

who would select into treatment in order to assess the effect of a policy and to calculate

many treatment effects of interest. Identifying MTEs is desirable because they precisely

combine ITEs and treatment propensities to achieve these goals.

In practice, identifying MTEs is challenging. Identification of MTEs for the full popu-

lation using instrumental variables requires instruments that are often unavailable, i.e., IVs

that generate variation in treatment for individuals across the full support of the distribution

of the latent propensity to be treated. Because such instruments are rare, there is an active

literature that aims to overcome this identification challenge by using available instruments

and imposing parametric assumptions on the relationship between treatment propensity and

outcomes. We develop an alternative, nonparametric, identification strategy that uses survey

data on subjective expectations instead of instruments.

We show that subjective expectations data with information about choice probabilities

identify MTEs.3 The key insight to our approach is that respondents often have superior

information than the econometrician about their likelihood of selecting into treatment. This

is the case when individuals are likely to have a high degree of private information about

selection into treatment and/or when decisions are made under uncertainty and individuals

1See, e.g., Heckman and Vytlacil (1999), Heckman and Vytlacil (2005), Heckman and Vytlacil (2007a),
and Eisenhauer, Heckman, and Vytlacil (2015).

2Tables IA and IB in Heckman and Vytlacil (2005) provide the specification and weights to compute
various average treatment effects using MTEs.

3We build on foundational work that uses surveys to measure subjective beliefs, as summarized by Manski
(2004).
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behave based on their beliefs about the outcome of treatment.4

Our main methodological contribution is to state assumptions under which survey data of

subjective expectations are sufficient to identify the latent propensity to select into treatment

and the marginal effect of treatment. First, we show that the subjective probability of being

treated identifies the latent determinant of selection into treatment if people with the same

observable characteristics use a common model to forecast their selection into treatment.

We then show that, under this same assumption, subjective treatment probabilities and

subjective expectations about treatment-contingent outcomes identify subjective marginal

treatment effects (seaMTEs).

Another contribution is to explore the relationship between subjective and objective

MTEs. When the individuals’ subjective expected outcomes equal objective expected out-

comes, then the subjective marginal treatment effect equals the objective one. Thus, it is

sufficient, but not necessary, for individuals to have rational expectations. We also show

that our method is robust to common types of errors in the measurement of subjective ex-

pectations (e.g., rounding or optimism) as long as a rank-preserving condition is satisfied.

In addition to identifying MTEs, another useful feature of our approach is that beliefs can

be elicited in hypothetical policy scenarios to perform counterfactual analysis.

As a proof-of-concept, we use the method to study how the treatment of child birth

affects female labor supply. We focus on female labor supply around child birth because it is

an important choice which individuals have likely considered thoughtfully and are likely to

have a high degree of private information regarding selection into treatment. We estimate

seaMTEs using a custom-designed Danish survey that collects data on subjective beliefs

about the likelihood of childbirth in the near term and birth-contingent labor supply for a

representative sample of about 11,000 Danish women aged 18–40. We show that fertility

beliefs align with realized historical fertility in the Danish population and that beliefs about

the effect of having a child on labor supply stated in the survey align with effects estimated on

administrative data using an event study design. The results indicate thatMTEs are roughly

constant across levels of fertility beliefs. These findings suggest that, after conditioning on

typical demographic and economic observables, there is little selection into having children

based on an individual-specific latent propensity to work after having a child. Having a child

reduces the likelihood of working after birth by about 50 percent 9 months later, around 3

percent 18 months later, and around 0 percent 36 months later.

In addition to stating sufficient conditions for identification and estimating seaMTEs

4There is increasing evidence that subjective beliefs matter for choice behavior, e.g., Arcidiacono, Hotz,
Maurel, and Romano (2020), Coibion, Gorodnichenko, and Ropele (2019), Delavande (2008), Delavande and
Zafar (2019), Lochner (2007), Wiswall and Zafar (2020), Colarieti, Mei, and Stantcheva (2024).
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in the labor-supply context, we also propose and implement a test that is informative of

whether subjective and objective MTEs are equal. In our empirical context, we show that

seaMTE and MTE are likely to be equal. We compute average treatment effects on the

treated (ATT s) using our estimated seaMTEs and show they are essentially equal to ATT s

computed from administrative data with a traditional event-study method. While this could

be a pure coincidence, we view this as evidence that seaMTE = MTE in this context. More

generally, we view this result as a proof of concept that our proposed methodology can work.

Even if seaMTEs are only valuable if they equal objective MTEs and we can only tell if

they are equal if we have a valid traditional estimator for some average treatment effect,

there is still value in estimating seaMTEs, because the seaMTE allows us to compute any

average treatment effect of interest.

Furthermore, seaMTEs are useful because we can use them to predict the outcome of

never before seen policies, properly controlling for how selection into treatment will be af-

fected by the considered policies. In the Danish survey we also elicit subjective childbirth and

state-contingent labor supply probabilities under hypothetical childcare policy regimes with

different cost and quality of care. We find that these policy changes have significant effects

on expected fertility. We then show that MTE functions are unchanged in the free child-

care regime, but that MTEs shift significantly (reflecting reduced labor supply) if childcare

were to be substantially more expensive and lower quality. These results highlight the value

of the survey methodology: making childcare free falls within the class of policy changes

for which policy-relevant treatment effects (PRTEs) constructed from baseline MTEs are

valid, whereas making childcare much more expensive and lower-quality is a policy for which

PRTEs constructed from baseline MTEs are not valid. Despite the fact that the latter

policy change cannot be inferred from baseline MTEs, our data provide insight into how

such a policy change might affect the level and shape of MTEs and who might respond

most to the policy. For example, our estimates suggest that lowering quality and tripling the

price of child care in Denmark would lead to a drop in fertility of about 8 percentage points

and to a reduction in labor supply among women who have children of about 30 percentage

points 36 months after birth.

The rest of the paper is organized as follows. Next, we describe how our paper relates

to existing literature. In Section 2, we introduce the Generalized Roy model of treatment

and outcomes and develop our identification strategy by mapping subjective probability

distributions to model parameters. In Section 3, we present an application to female labor

supply after childbirth based on a custom Danish survey. Section 4 concludes.
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1.1 Relationship to Literature

Treatment effect heterogeneity and nonrandom selection into treatment have are generally

recognized as posing a significant challenge to the interpretation of estimated treatment

effects. Questions regarding external validity arise in almost all empirical settings. We

contribute to a body of research by Heckman and Vytlacil (1999, 2001, 2005, 2007b) that

develops and uses MTEs to study unobserved heterogeneity and the external validity of

estimates. Heckman and Vytlacil (1999) shows that MTEs can be estimated by the method

of local instrumental variables. However, nonparametric identification of MTEs for the

full population requires a continuous instrument that generates a propensity score with full

support conditional on all combinations of conditioning variables. This requirement is quite

stringent, and in practice extra assumptions are often invoked to gain identification.

One approach is to use point-identified treatment effects and either assume no treat-

ment effect heterogeneity (see, e.g., Heckman and Robb (1985), Angrist and Fernandez-Val

(2013)) or to parameterize unobserved heterogeneity. Prominent examples include assuming

normality of idiosyncratic selection and outcome components (Bjorklund and Moffitt (1987),

Heckman, Tobias, and Vytlacil (2003)), monotonicity and concavity (Manski and Pepper

(2000)), full independence assumptions which ensure that the MTE slope is independent

of conditioning variables X (see, e.g., Aakvik, Heckman, and Vytlacil (2005); Carneiro,

Heckman, and Vytlacil (2011); Carneiro, Lokshin, and Umapathi (2017)), and additive sep-

arability (Brinch, Mogstad, and Wiswall (2017)).

A second approach is to bound certain treatment effect parameters (see, e.g., Manski

(1990), Manski (1997), Manski (2003), Heckman and Vytlacil (2007b)) based on parameters

identified from observational data. A recent advance in this area is Mogstad, Santos, and

Torgovitsky (2018), which exploits information from a wide range of identified parameters,

termed marginal treatment responses (MTR), to infer nonparametric bounds onMTEs that

are not point-identified in observational data.

Our method differs from this previous work in that it nonparametrically point-identifies

MTEs over the entire support of the latent determinant of selection into treatment using

subjective expectations data. This approach allows us to study the external validity of LATE

and other treatment effect parameters and to identify treatment effects for subpopulations

that lack sufficient observational data on treatment status, outcomes, and instruments.

Our paper also relates to a body of research on subjective expectations. Following Manski

(2004)’s influential survey of early work in this area, a number of studies measure subjective
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expectations and use them to better understand economic choices and outcomes.5 We most

closely relate to papers that elicit state-contingent outcomes. Quantification of causal treat-

ment effects involves contrasting treatment-contingent outcomes while holding factors that

affect outcomes other than the treatment constant. It is by nature impossible to make such

within-person comparisons with data on realized outcomes. This is called the fundamental

evaluation problem in the treatment effect literature (Rubin, 1974). Collecting data about

subjective state-contingent outcomes explicitly addresses this issue.

Asking about state-contingent expectations dates back to at least Dominitz and Manski

(1996) who, in an exploratory study, asked a group of high school students and college un-

dergraduates about probabilistic expectations in alternative scenarios for future schooling.

A number of recent studies also use subjective expectations of state-contingent outcomes to

model educational choices (Arcidiacono, Hotz, and Kang (2012); Zafar (2011); Zafar (2013);

Stinebrickner and Stinebrickner (2013); Wiswall and Zafar (2015); Kaufmann (2014); Attana-

sio and Kaufmann (2014); Attanasio and Kaufmann (2017); Delavande and Zafar (2019)).

Closely related to our study is the Arcidiacono, Hotz, Maurel, and Romano (2020) paper

that studies occupational choice using data for 173 Duke undergraduates with information

about occupation-specific earnings beliefs, probabilities of choosing these occupations, and

realizations. They show how subjective expectations data can be used to recover ex ante

individual treatment effects of occupational choice on earnings and how individual treatment

effects relate to the ex ante average treatment effect and the ex ante average treatment effect

on the treated. A similar approach is applied by Giustinelli and Shapiro (2024) who collect

data on beliefs about health status and retirement and show that such data can be used to

estimate individual treatment effects of health on labor supply. See also Hudomiet, Hurd,

Parker, and Rohwedder (2021), who use individuals’ subjective conditional probability of

working at age 70 to estimate the causal effect of job characteristics on retirement.

Relative to these studies, we show how and under what assumptions individuals’ sub-

jective expectations of the treatment propensity and of state-contingent outcomes identify

marginal treatment effects and, by extension, any conventional average treatment effect pa-

rameter. That is, in addition to the distribution of individual treatment effects that other

studies measure, we are concerned with nonrandom selection into treatment. We also spec-

ify the conditions under which historical data can be used to validate treatment effects

5See, e.g., Pistaferri (2001), Attanasio (2009), Hurd (2009), Delavande and Rohwedder (2011), van der
Klaauw (2012), Delavande (2014), Delavande and Kohler (2016), Hendren (2017), Giustinelli and Manski
(2018), Alesina, Stantcheva, and Teso (2018), Bailey, Davila, Kuchler, and Stroebel (2019), Kuchler and Zafar
(2019), Christelis, Georgarakos, Jappelli, and van Rooij (2020), Wiswall and Zafar (2020), and Andersen and
Leth-Petersen (2021). Also using survey expectations, Jappelli and Pistaferri (2014) and Fuster, Kaplan,
and Zafar (2021) investigate the effect of unobserved state-contingent choices in the context of spending
responses to fiscal policy.
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estimated using subjective expectations by linking expectations data to historical adminis-

trative records. We view this as a useful alternative to waiting until choices and outcomes

have been realized, as is done by Arcidiacono, Hotz, Maurel, and Romano (2020) and Wiswall

and Zafar (2020) in their studies of human capital investment and expectations about family

and career. Moreover, we provide a method to infer treatment effects in counterfactual policy

environments that provide a suggestive test for the policy invariance of MTEs estimated

from historical data.

Finally, to our knowledge, we are the first study to document the role of unobserved

heterogeneity in the effect of childbirth on labor supply. Within this large literature, our

study relates in particular to two recent papers that investigate female labor supply following

child birth in Denmark. Kleven, Landais, and Sogaard (2019) use an event study design and

annual administrative data for the period 1985-2003 and find that female labor supply is

reduced after child birth by about 12–14 percent. Lundborg, Plug, and Rasmussen (2017)

exploits randomness in the success of in vitro fertilization (IVF) treatments in Denmark to

construct IV estimates of the effect for women with no prior children. They find that IVF

treated women who have children, on average, reduce labor supply by about seven percent

compared to IVF treated women who do not have children. While IVF treated women are

a selected group, these estimates are in the same ball park as those presented by Kleven,

Landais, and Sogaard (2019). We show that selection on unobserved characteristics is not

likely to be important in the Danish context thereby tying together the findings of Kleven,

Landais, and Sogaard (2019) and Lundborg, Plug, and Rasmussen (2017).

2 A Survey Method to Identify Marginal Treatment Effects

In this section we first describe the Generalized Roy model (Roy, 1951) that we take as the

data generating process and then introduce our method of identifyingMTEs using subjective

expectations. We first present the model in abstract and then provide an interpretation of

the variables in the context of female labor supply and childbirth.

2.1 The Generalized Roy Model

Let Di ∈ {0, 1} be an indicator for whether individual i is subject to a binary treatment, with

1 denoting treatment. Let Y i
D ∈ R be a random variable that is the outcome for individual i

if Di = D. Selection into treatment Di is determined by the difference of the random variable
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µi and an idiosyncratic component V i ∈ R (i.e., an idiosyncratic distaste for treatment):

Di =

1 if µi ≥ V i

0 if µi < V i.
(1)

The timing of the model is as follows and is structured to interface with the timing of

events and surveys. By t = 0 (the time of the survey), individual constants X i and V i are

determined. At t = 1, random variable µi is drawn from CDF Kµ|Xi that is a function of

variables X ∈ Rdx . Treatment status Di is determined in period t = 1 as a function of µi.

At t = 2 the random variable ϵi is drawn from CDF Jϵ|Xi that is a function of variables

X ∈ Rdx , with µi ⊥ ϵi|X i. The outcome Y i
D is determined in period t = 2 as a function

of ϵi. Crucially, the outcome is modeled as a function of treatment status (Di), individual

characteristics (X i, V i) and shocks (µi, ϵi): Y i
D(X

i, V i, µi, ϵi).

Our selection equation is a generalized version of the standard selection framework (see,

e.g., Heckman and Vytlacil (2005)). Both V and X are individual characteristics that affect

selection into treatment. As usual, the key difference is that X is observable to the econome-

trician, while V is not. We model the first term in the selection equation (µ) as a stochastic

function. Since we often have data on individuals before selection into treatment occurs and

selection into treatment is often not perfectly forecastable by the individual, the stochastic

case is relevant for many applications.

Information, Beliefs, and Behavior. At t = 0, before selection into treatment occurs, the

individual knows X i, V i, but does not know µi or ϵi (and thus does not know Di or Y i
D).

At t = 0, let Gi denote individual i’s subjective probability of being treated:

Gi := P i(Di = 1). (2)

If the individual has rational expectations, i.e., if their subjective beliefs align with the

probabilities dictated by the model, then

Gi = 1−Kµ|Xi(V i). (3)

At t = 0, let hi
D denote individual i’s subjective probability density function over

treatment-contingent outcome Y i
D. Let Ei [Y i

D] be the treatment-contingent subjective ex-

pected value of the outcome. Finally, let seaITEi be the subjective ex ante individual

7



treatment effect, i.e., the subjective expected difference in outcomes across treatment states.

P i(a < Y i
D < b) =:

∫ b

a

hi
D(y)dy, (4)

Ei
[
Y i
D

]
:=

∫
hi
D(y) y dy, (5)

seaITEi := Ei
[
Y i
1

]
− Ei

[
Y i
0

]
. (6)

The starting point of our analysis is that individuals’ preferences and subjective beliefs

affect their behavior. The model captures this by allowing the V i that determines selection

into treatment to be a function of the subjective probability of outcomes (hi
D(·)), along with

other unspecified idiosyncratic components like preferences and costs. Furthermore, state-

contingent outcomes are a function of V i, thus any statistic that is a function of differences

in state-contingent outcomes—such as MTEs—will be a function of these subjective beliefs.

Selection into treatment is determined by V i and the realization of the random variable

µi, not by the beliefs about selection into treatment Gi. Subjective beliefs about selection

into treatment affect individuals’ answers to our survey questions at t = 0, but not any

real-world behavior like treatment status or outcomes. We will discuss below how deviations

from rational expectations about the distribution of µi and ϵi affect our estimates of various

treatment effects.

Example: Female Labor Supply and Childbirth through the Lens of the Model. To make

this more concrete, let’s consider a woman who may or may not give birth to a child 24

months in the future and who may or may not be working 36 months in the future, where

the binary treatment is having the child or not and the outcome is working or not. There

are individual characteristics in our data (X i) like age, income, wealth, and partner status,

that may affect her propensity to have a child, which is captured by the distribution of µi

depending on X i. She may or may not love being around children and she may or may not

have access to low-cost childcare which may affect her desire to have a child but are not

measured in our data; such preferences and costs would be captured by V i. She may also

have beliefs about how her employment outcomes would be affected by childbirth (hi
D(·))

that can influence her decision to select into having a child, which is also captured by V i. She

may have a chance at being promoted at her job, and whether she gets the promotion may

affect her desire to have a child, which would be captured in the stochastic component of µi.

Furthermore, her desire to work conditional on having or not having a child might depend

on whether she got the promotion, which is why the outcome function Y i
D(X

i, V i, µi, ϵi)

depends directly on µi, and not just on D. Her desire to work after having a child may also
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be a function of whether she loves being around children, which is captured by the outcome

function Y i
D(X

i, V i, µi, ϵi) depending directly on V i. Finally, there can be some event that

affects her desire to be employed that is independent of child status and promotion status,

like a parental illness, that would be captured in ϵi.

Normalization and Notation. As is common in the literature, we assume V is continuous.6

Similarly, we assume G is continuous.

Assumption 1. V and G are continuously distributed, conditional on X.

This assumption allows us to normalize arguments in selection equation (1) to the unit

interval. Define the CDF of V conditional on X as FV |X . Let M i = FV |Xi(µi) and U i =

FV |Xi(V i). U i denotes individual i’s order in the distribution of latent selection component

V , conditional on X. M i is the fraction of people who have V < µi, conditional on X. Since

FV |X is an increasing function, M i ≥ U i ⇐⇒ µi ≥ V i. Thus Assumption 1 allows equation

(1) to be rewritten in terms of normalized variables as

Di =

1 if M i ≥ U i

0 if M i < U i.
(7)

Let N(u, x) := {i : U i = u,X i = x} and N(x) := {i : X i = x}. N(u, x) is the set of

individuals who have the same characteristics (X i = x) and latent propensity to select into

treatment (U i = u). Let I(i ∈ N(u, x)) be an indicator function that equals 1 if individual i

is in N(u, x) and equals zero otherwise.

Similarly, define the CDF of G conditional on X as FG|X and Ũ i = 1− FG|Xi(Gi). Then

Ũ i is individual i’s order in the distribution of the subjective probability of selecting into

treatment, conditional on X, when ordered from highest to lowest. Also similarly define

Ñ(u, x) := {i : Ũ i = u,X i = x}.

2.2 Definition of MTEs

Heckman and Vytlacil (1999) and Heckman and Vytlacil (2005) define the ex ante MTE as

the expected gain from treatment (Y i
1 − Y i

0 ) conditional on X and U . Below we define two

versions of MTEs: the ex ante MTE and the subjective ex ante MTE.

6See, e.g., Assumption 3 in Vytlacil (2002).
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Definition of Marginal Treatment Effects.

MTE(u, x) := E
[
Y i
1 − Y i

0 |U i = u,X i = x
]
, (8)

=
1

|N(u, x)|

∫ ∫ ∫ [
Y i
1 (X

i, V i, µi, ϵi)− Y i
0 (X

i, V i, µi, ϵi)
]
dKµ|x(µ

i) dJϵ|x(ϵ
i) I(i ∈ N(u, x)) di.

TheMTE is essentially the local average treatment effect (LATE), local both to members

of the population with the same values of X i and, crucially, to members with a similar latent

propensity to select into treatment U i. We define the ex ante MTE as the expected LATE

conditional on the information available before the selection into treatment and outcomes are

realized, where the expectation is taken with respect to the probability measures of nature

that determine selection and outcomes.

Definition of Subjective Ex Ante MTE (seaMTE). Similarly, we define the subjective

ex ante marginal treatment effect (seaMTE) as the LATE for individuals with the same

values of X i and Ũ i. The key distinction is that the seaMTE conditions on the subjective

treatment propensity (Ũ i instead of U i) and uses the subjective probability distributions of

the individuals to take expectations (Ei[·] instead of E[·]).

seaMTE(u, x) := E
[
Ei

[
Y i
1

]
− Ei

[
Y i
0

]
|Ũ i = u,X i = x

]
, (9)

=
1

|Ñ(u, x)|

∫ ∫ [
hi
1(y)y − hi

0(y)y
]
dy I(i ∈ Ñ(u, x)) di.

By definition, if individuals have rational expectations, then seaMTE(u, x) = MTE(u, x).

Returning to the example of labor supply after childbirth, if an individual does not have ra-

tional expectations about µ, and believes it is more likely that she will get the promotion

than is true, then her subjective probability of selecting into treatment may be different from

the actual chance, which may lead the seaMTE ̸= MTE because I(i ∈ N(u, x)) may not

equal I(i ∈ Ñ(u, x)). Furthermore, seaMTE ̸= MTE is possible if individuals do not have

rational expectations about outcomes. For example, Kuziemko, Pan, Shen, and Washington

(2018) document a “Mommy Effect” in which women think that they are more likely to work

after childbirth than they really are. This can be captured in our framework if, e.g., ϵ cap-

tures how well the child tolerates being away from the mother, mothers are overoptimistic

about this, and mothers are less likely to work if their child does not tolerate being away

from them.
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2.3 How to Identify U i and seaMTE with Survey Data

We now introduce the data available to an econometrician at time zero and specify the

conditions under which they can be used to estimate treatment effects. The econometrician

observes X but does not observe V . The econometrician also has survey data on individuals’

subjective probabilities of selecting into treatment (Ĝi) and state-contingent outcomes (ĥi
D),

which were measured before treatment selection occurs. Since Gi and hi
D are both subjective

probability distributions, they can be measured directly via appropriately designed surveys.

Two ways in which using measured survey responses could lead to inconsistent estimates

of MTEs are if people do not have rational expectations and if people do have rational

expectations but they cannot report them without error when responding to the survey. For

clarity of exposition, we first assume there is zero measurement (survey response) error so

that Ĝi = Gi and ĥi
D = hi

D; we then relax the zero-measurement-error assumption in Section

2.4.

Assumption 2, stated below, provides a condition under which U i is identified from sub-

jective expectations data.

Assumption 2. Gi := P i(Di = 1) = 1− K̃µ|Xi(V i), for some CDF K̃µ|Xi.

Assumption 2 implies that all individuals who have the same X i differ in their subjective

probability of selecting into treatment only due to differences in their V i. Furthermore,

conditional on X, those with higher V i have a lower subjective probability of selecting into

treatment. K̃µ|Xi(V i) can be thought of as a forecasting function that maps observables X i

into a probability of selecting into treatment, conditional on V i. Assumption 2 requires that

K̃ is common for all individuals who have the same values of X i, i.e., that people with the

same X i use the same forecasting rule. This assumption is obviously satisfied if individuals

have rational expectations, i.e., K̃µ|Xi = Kµ|Xi , but all that is necessary is the commonality

of beliefs.

Assumption 2 delivers our first key result: given measured observables X i, subjective

treatment probabilities, Gi, are sufficient to identify U i for each individual. The basic idea

behind this result is simple. Consider two individuals, i and j, who have the same observable

characteristics X. Since they have the same X, they have the same distribution of µ, so

they only differ in their expectation of being treated due to their idiosyncratic V i, V j. The

probability of receiving treatment is decreasing in V and V is in an individual’s information

set, so individual i will have a higher subjective probability of selection into treatment than

individual j iff V i < V j.

Define the CDF of Ĝ conditional on X as FĜ|X . Define Û i ∈ [0, 1] to be the order of

individuals with similar observable characteristics when ranked from highest to lowest by
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their reported subjective probability of selecting into treatment:

Û i := 1− FĜ|Xi(Ĝ
i), (10)

and let, N̂(u, x) := {i : Û i = u,X i = x}.

Proposition 1. If Assumptions 1, 2, and zero measurement error hold, then

U i = Û i.

Proof. See Appendix A.

Proposition 1 is one of the main results of our paper because it relates a measured ob-

ject to the key latent parameter that determines selection into treatment. Loosely speaking,

measuring the subjective probability of selection into treatment makes the unobserved la-

tent propensity parameter observed, so that we can proceed to estimate MTEs by directly

conditioning on the now-observed latent propensity.

Identifying MTEs using Subjective Probabilities of Selection and Expected Outcomes.

The individual treatment effect (ITE) is the difference between an individual’s treatment-

contingent outcomes. ITEs are fundamentally impossible to measure using realized outcomes

because individuals can never be simultaneously observed in and out of treatment. With

some assumptions, ITEs can, however, be identified using a single cross-section of survey

data that measures subjective expectations of outcomes. We are not the first to suggest using

subjective expectations about outcomes to estimate ITEs and to use these ITEs to compute

average treatment effects.7 Rather, our contribution is to address nonrandom selection into

treatment and compute the MTE by also identifying U i.

Let ̂seaITE
i
be the seaITE computed using the directly elicited state-contingent prob-

ability of outcomes from the survey:

̂seaITE
i
:= Êi

[
Y i
1

]
− Êi

[
Y i
0

]
, (11)

:=

∫ [
ĥi
1(y)y − ĥi

0(y)y
]
dy.

Similarly, let ̂seaMTE be the seaMTE computed using the elicited ̂seaITEs and subjective

7See, e.g., Arcidiacono, Hotz, Maurel, and Romano (2020), Wiswall and Zafar (2020), and Giustinelli and
Shapiro (2024) who make a similar point.
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treatment propensities:

̂seaMTE(x, u) := E
[

̂seaITE
i
|X i = x, Û i = u

]
. (12)

Proposition 2 presents our result on the identification of seaMTEs. The proposition is

almost a restatement of the definition of seaMTEs, except it explicitly relates to measured

data.

Proposition 2. Let Assumptions 1, 2, and zero measurement error hold. Then

seaMTE(x, u) = ̂seaMTE(x, u).

Proof. See Appendix A.

Intuitively, if the latent determinants of treatment are identified, as discussed in Proposition

1, and respondents can accurately report their subjective beliefs regarding state-contingent

outcomes, then the seaMTE function is identified solely using data on individual character-

istics and reported subjective beliefs.

Corollary 1. Let Assumption 1 and zero measurement error hold. If individuals have rational

expectations, then

MTE(x, u) = ̂seaMTE(x, u).

Corollary 1 is true because rational expectations implies seaMTE(x, u) = MTE(x, u)

and Proposition 2 delivers ̂seaMTE(x, u) = seaMTE(x, u). Rational expectations are

clearly sufficient for subjective to equal objectiveMTEs, however they are not necessary. For

seaMTE = MTE, it is sufficient that the subjective means of the state-contingent outcome

distributions equal those from the model.

2.4 Measurement (Survey Response) Error

Throughout this section we have assumed that the subjective probability of being treated

and subjective state-contingent outcome distributions are measured without error. The key

results can be extended to cases with certain classes of measurement error.

For U i to be identified from Ĝi, the reported subjective treatment probabilities need to

be linked to the true subjective probabilities in a particular way.

Assumption 3. Suppose that Ĝi is reported such that the order of individuals equals their

order in the true subjective probabilities. That is, Gi < Gj ⇐⇒ Ĝi < Ĝj ∀ i, j.
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This is obviously satisfied if reported subjective probabilities equal subjective probabil-

ities (i.e., zero measurement error). Assumption 3 states that the subjective probability of

treatment needs be reported such that the order of individuals equals their order in the true

subjective probabilities. By definition, when Assumption 3 is satisfied, Ũ i = Û i. This as-

sumption allows for there to be systematic bias in survey responses about the probability of

selection into treatment, as long as the order of individuals in the distribution is preserved.

Second, if responses are only weakly increasing in G, as is the case if respondents round when

reporting the subjective probability of treatment, then U i remains set identified among the

group of individuals that report a common probability of receiving treatment. Similarly, set

identification is also achieved if D is perfectly forecastable (i.e., µi is deterministic), since all

individuals would report a treatment probability of one or zero in this case. However, point

identification of U i ∀ i in our method requires that there is sufficient uncertainty regarding

µi to cause individuals to report Ĝi as an interior probability.

Furthermore, the measured subjective ex ante ITEs in equation (11) are equal to seaITEs

in equation (6) if the mean reported subjective state-contingent outcome equals the mean

subjective state-contingent outcome, which we will maintain as our Assumption 4. It is obvi-

ously sufficient, but not necessary, for subjective belief distributions to be reported without

error, i.e., if ĥi
D(·) = hi

D(·).

Assumption 4. For all i and for D ∈ {0, 1}, for some deterministic function Ci(y) and

random variables ηiD(y),

ĥi
D(y)− hi

D(y) = Ci(y) + ηiD(y),

E
[
ηiD(y)

]
= 0 ∀ y.

Proposition 2 assumed zero measurement error. This assumption can be relaxed to allow

for two classes of measurement error. First, if subjective beliefs regarding state-contingent

outcomes are reported with some deterministic error that is common within individual across

treatment states, then ̂seaITE
i
= seaITEi and, thus, ̂seaMTE = seaMTE. Second, even

if ̂seaITE
i
̸= seaITEi, it is still possible for ̂seaMTE = seaMTE. If the error in reported

beliefs has a random component that differs within individuals across treatment status, the

subjective ex ante MTEs are still identified. Some ̂seaITE
i
will be greater than seaITEi

and some less than, but averaging the mean-zero errors across individuals will still give that

̂seaMTE = seaMTE.

In summary, Proposition 1 can be rewritten to relax the assumption of zero measurement

error by instead including Assumption 3. Proposition 2 can relax the zero-measurement-

error assumption by including Assumptions 3 and 4. Proposition 1’ implies Proposition 1,
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Proposition 2’ implies Proposition 2, and Corollary 1’ implies Corollary 1. See Appendix A

for further discussion of measurement error.

Proposition 1’. If Assumptions 1, 2, and 3 hold, then U i = Ũ i = Û i.

Proposition 2’. If Assumptions 1, 2, 3, and 4 hold, then seaMTE(x, u) = ̂seaMTE(x, u).

Corollary 1’. Let Assumptions 1, 3, and 4 hold. If individuals have rational expectations,

then MTE(x, u) = ̂seaMTE(x, u).

3 Application: The Effect of Childbirth on Female Labor Sup-

ply in Denmark

In this section we apply our method to study the effect of childbirth on labor supply. We

analyze data from a Danish custom survey in which we elicit subjective beliefs concerning

future child birth and work. This Danish survey showcases how the survey methodology can

ideally be applied to quantify the objects needed for estimating subjective ex ante MTEs

as described in Propositions 1 and 2. Furthermore, survey responses from the Danish survey

can be matched to administrative records which allows us to assess the representativeness of

the sample as well as validate survey responses against historical behavior.

We begin with presenting the institutional context in Denmark and the Danish custom

survey. Next, we present the sampling and show how to compute MTEs, as described in

Propositions 1 and 2. We then compare the survey data on expected fertility and labor

supply to historical fertility and labor supply data from administrative registries. Finally,

we use answers from questions about expected fertility and labor supply in counterfactual

policy scenarios.

3.1 Institutional Context: Child Care and Parental Leave in Denmark

In Denmark the labor participation rate of working-age females is about 80 percent. This is

facilitated by a well developed and heavily subsidized high-quality public child care system

and maternity leave policies that protect employment. Public day care is organized by

municipalities and it is the dominant type of day care provided. All children are eligible

for day care except if a parent is on publicly funded maternity or parental leave. Opening

hours for public day care are typically 6:30am to 5:00pm on weekdays, thus covering the

entire work day throughout the work week for most people. Public day care is regulated by

law and the objective is to ensure child care availability for all children and to secure child
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development and learning. To ensure that public day care in Denmark is of high quality,

there are rules that regulate the type and quantity of staffing, physical surroundings, safety,

and hygienic standards. Furthermore, municipalities are required by law to monitor child

care institutions to ensure that the personnel have sufficient qualifications and that safety

and hygienic standards are met. An important dimension of quality is the staffing. In

nurseries (0-2 years) there are typically three children per employee and in kindergartens (3-

5 years) there are typically six children per employee and about half of the employees have

formal pedagogical training. Public day care is heavily subsidized such that users typically

pay about one third of the total cost. The typical monthly user cost for a nursery slot is

about 3,000DKK (1USD ≈ 7DKK) and 1,700DKK for a kindergarten slot. The design of

the public day care system has been in place since the 1970s, which means that child care

opportunities are well known and predictable. 83 percent of all children aged 0-5 years are

enrolled in public or publicly funded day care.

Danish parents are entitled to up to 52 weeks of leave in connection with having a child.

18 weeks, starting four weeks before child birth, are earmarked to the mother and two weeks

are earmarked to the father. The remaining 32 weeks can be shared between parents as

they prefer. The parental leave scheme guarantees job security and a minimum income

corresponding to the unemployment insurance level. For a full time employee this amounts

to 90 percent of earnings and a maximum of about 19,000DKK per month before taxes in

2020. These rules have been in place since 2002. We refer to Andersen (2018) for a more

detailed description of the history of the parental leave system.

3.2 Data Collection in Denmark

3.2.1 The Custom Survey

The core survey instruments collect the subjective probability of having a child within the

next 4 years (i.e., selecting into treatment) and the probabilities of working at horizons

s = −12,−3, 3, 9, 18, and 36 months (i.e., distributions over outcomes) after having the

child. We measure both treatment probability and outcome distributions by asking respon-

dents to report their beliefs conditional on being in certain states or taking certain actions.

Combined, these questions provide the key data objects defined in Section 2, i.e., state-

contingent subjective expected outcomes, Êi
[
Y i
1,s

]
and Êi

[
Y i
0,s

]
, as well as the subjective

probability of being treated, Ĝi.

To measure fertility, we first ask respondents how likely it is that within the next 4 years

they are going to try to have a child. We then ask, conditional on trying and not trying,

how likely they are to have a child. The following questions are shown sequentially:
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Figure 1: Response Slider.

� What is the percent chance that, within the next 4 years, you will actively try to get

pregnant?

� Suppose that, within the next 4 years, you do actively try to get pregnant. What is

the percent chance that you will have a child in the next 4 years?

� Suppose that, within the next 4 years, you do not actively try to get pregnant. What

is the percent chance that you will have a child in the next 4 years?

Following each question, respondents are shown a slider with a random initial starting point

(respondents had previously been presented with a screen that described how this response

technology functioned). As respondents slide left and right to choose the probability, the

slider updates the selected number so respondents can see their selected percent chance, as

shown in Figure 1.

Because our outcome variable, female labor supply at different horizons, is Bernoulli, col-

lecting the subjective state-contingent outcome distribution entails collecting the probability

of working if respondents do and do not have a child at different horizons. We again utilize

conditional probabilities to collect these distributions

� Suppose that you do have a child in the next 4 years. What is the percent chance that

your partner will take parental leave of at least two months in the first year after the

child is born?

� Suppose you do have a child in the next 4 years and your partner does take at least

two months parental leave. In this scenario, what is the percent chance you will be

working exactly [[12/3] months before/[3/9/18/36] months after] your child is born?

� Suppose you do have a child in the next 4 years and your partner does not take at least

two months parental leave. In this scenario, what is the percent chance you will be

working exactly [[12/3] months before/[3/9/18/36] months after] your child is born?
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Respondents report their answers to the second and third questions listed above in a set of

stacked sliders, where each line corresponds to a different horizon. Finally, we also collect

the probability that respondents will be working if they do not have a child:

� Suppose that you do not have a child anytime in the next 4 years. Please think of your

work situation RANDOMIZE[.5/1/.../3.5/4] years (RANDOMIZE[6/12/.../42/48] months)

from now. What is the percent chance that you will be working during this month?

3.2.2 Sampling and Link to Registry Data

The sample invited to participate in the Danish survey is recruited from the population

registry. The population registry is a complete registry of all persons who are born or have

ever had a registered address in Denmark. It contains the CPR-number, which is a personal

identifier applied universally to record any contact an individual has with the public sector.

For the purpose of conducting our survey we have been given access to a random sample of

women aged 18-40 on December 31, 2018. The survey was fielded in May 2019. Invitations

to participate were sent out using an official email account called e-boks which all Danes are

equipped with. 51,000 emails were sent out, and we collected 11,090 responses.

In addition to the survey data we also use third-party reported administrative register

data compiled by Statistics Denmark from various government agencies. In particular, we

use the registries that document household composition, including how many children women

have and when they were born. We also rely heavily on data from an administrative register,

called the e-income registry, that contains employer-reported monthly wages and salaries

for employees. All firms in Denmark have to report earnings and hours supplied for each

employee, and hence whether the person is working, to the tax agency (SKAT). Since tax

evasion on wage income is known to be very limited (Kleven, Knudsen, Kreiner, Pedersen,

and Saez (2011)) we believe this data resource is accurate and precise. This registry has

been in place since January 2008 and has previously been used for research purposes by

Kreiner, Leth-Petersen, and Skov (2016) among others. We complement the registry with

information about the receipt of public transfer income and with information about household

composition and various background characteristics. Registry data are available for the entire

population, and for the purposes of this study, the administrative data have been merged with

all women to whom we have sent out invitations to participate. In Table A1 in the Appendix

we display summary statistics for participants and non-participants. The Table shows that

participants are slightly older, slightly more likely to have a partner and to have kids, be

Danish citizens, have slightly higher income and have slightly longer educations. While these

differences are often statistically significant, in most cases the quantitative differences are
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modest.

3.3 Results: Estimating MTEs Using Subjective Expectations Data

3.3.1 Subjective Expectations Data

Figure 2: Ĝi, The Reported Probability of Being Treated (Having a Child in the Next 4
Years)

Notes: This figure plots a histogram of survey responses of the subjective probability of having a child over a 4-year horizon.

Key for estimating marginal treatment effects is the probability of having a child. In Figure 2

we present a histogram of the distribution of expected fertility within the four years following

the survey. Importantly for estimatingMTEs, child birth expectations are distributed across

the entire unit interval.8

The other key subjective probability data is the subjective ex ante ITE, that is, the

difference in expected labor supply conditional on having and not having a child. We present

these ̂seaITEs in Figure 3. Figure 3a shows that most women typically work at baseline

and most do not work 3 months after childbirth, i.e., the ITE is highly concentrated around

-1. There is some ITE heterogeneity at month 3, but it is pretty limited, which means there

is some limited scope for heterogeneity in 3-month MTEs across the population. Figure 3b

shows that there is substantial ITE heterogeneity at month 9, which means there is scope for

substantial heterogeneity in 9-month MTEs. Whether there will actually be heterogeneity

8The histogram appears to indicate that roughly half of the women in the sample report extreme proba-
bilities, i.e., 0 or 100. This is, however, due to the coarseness of the bins. In fact, 17 percent of the women in
the sample indicate zero percent probability of child birth and 9 percent of the women indicate 100 percent
probability of child birth.

19



Figure 3: ̂seaITE Density

(a) ITE Density 3 Months after Birth (b) ITE Density 9 Months after Birth

(c) ITE Density 18 Months after Birth (d) ITE Density 36 Months after Birth

Notes: This figure plots a histogram of survey responses of the subjective ex ante individual treatment effect, computed as

̂seaITE
i

s = Êi
[
Y i
1,s

]
− Êi

[
Y i
0,s

]
.

in 9-month MTEs depends on how the latent propensity to select into treatment correlates

with the ITEs. Finally, Figures 3c and 3d show that there is very limited ITE heterogeneity

at longer horizons. Almost all women report that they are equally likely to be working either

in a typical month if they do not have a child or 18 or 36 months after having a child. This

means there is limited scope for heterogeneity in long-run MTEs.

In Appendix Table D we regress ITEs for months 3, 9, 8, and 36 after child birth

on observable characteristics measured in the administrative registries in 2018, i.e., the year

before the survey. There is systematic variation in who expects to return to work within 3 and

9 months after child birth. For example, women who already have children are more likely to

return later than women who do not already have children and returning to work is postponed

for more educated women at all horizons. If reported beliefs, Êi
[
Y i
1,s

]
, and Êi

[
Y i
0,s

]
, were

mere noise, i.e., uninformative measures of the true subjective beliefs, Ei
[
Y i
1,s

]
, and Ei

[
Y i
0,s

]
,

we would not expect to see them covary systematically with relevant covariates measured in
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Figure 4: Subjective Ex Ante Marginal Treatment Effects ( ̂seaMTEs)

Notes: Figure 4 shows marginal treatment effects calculated for various horizons after child birth. We order individuals by their
Û i and calculate the average ITE within five equally sized buckets of Û i.

administrative registries. We now turn to examine whether ITEs vary systematically with

the distaste for treatment, Û i.

3.3.2 Estimating MTEs

Proposition 2 provides guidance for an estimator of MTEs that relies on the subjective

probability data presented in Figures 2 and 3. In practice, we first select some X variables

(e.g., age and number of children). Then we create a partition over X. For example, (age

≤ 30, no child); (age > 30, no child); (age ≤ 30, 1 child); et cetera. Within each subset

of the X partition, we order individuals according to Û i and then partition over Û i, e.g.,

quartiles. Then, for each subset of the Û × X partition, we compute M̂TE(u, x) as the

average ̂seaITE for members of that subset. Once we compute the M̂TEs, we can compute

ÂTEs, L̂ATEs, ÂTT s, and ÂTUs by appropriately weighing the M̂TE functions by Ĝi, as

outlined in Heckman and Vytlacil (2005). For example, the ATE is just the unconditional

average ITE; the ATT is the weighted-average of the ITEs, with more weight on people

more likely to be treated:
(
ωi = Ĝi

mean(Ĝi)

)
.

In Figure 4 we plot the estimated ̂seaMTE, at this point without partitioning X into

subsets.9 The figure displays the estimated ̂seaMTEs for the different months around child

birth featured in the survey. We find that respondents anticipate different effects at differ-

9In Figure 4 we have binned Û into five equally spaced groups. The results are robust to binning into ten
groups. To avoid clutter we have omitted standard errors. In all cases, standard errors are very small.
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Figure 5: Subjective Marginal Treatment Effects Conditional on Age and Number of Children

Notes: Figure 5 shows marginal treatment effects calculated for various horizons after child birth. We rank Û i within elements

of the partition of the Age and Number of Children X variables and subsequently calculated the average ÎTE within five equally
sized buckets of Û i for each subset of the partition.

ent horizons, with respondents expecting about an 80-90 percentage point reduction in the

probability of working 3 months after giving birth to a child, a 50 percentage point reduction

after 9 months, and very modest effects on labor supply after 18 months and 36 months. The

̂seaMTEs curves are quite flat, with some slight non-zero slope for months 3 and 9. Finding

a pattern with limited selection on unobserved factors might not be unreasonable in a small

and homogeneous society such as Denmark where a high level of income redistribution, large

subsidies for publicly provided high-quality child care, and universal job protection laws work

toward decreasing heterogeneity in opportunity costs.

It is possible that there may be seaMTE heterogeneity according to observable charac-

teristics X, and that computing ̂seaMTEs conditional on Û , but not also conditional on

subsets of X may be masking this heterogeneity. Thus, we explore the ̂seaMTE(u, x) func-

tion for a few X variables that have been demonstrated in the literature to be associated with

working after childbirth. The specific Xs chosen are interesting economically, but also serve

the purpose of exposition to demonstrate how to estimate seaMTE(u, x) nonparametrically.

As Figure 5 clearly shows, the main source of selection on unobservables is at the 3-month

horizon for women with no other children. The positive slope of ̂seaMTE(u, x) at 3 months
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for women with no children means that among these women, those who are less likely to

have a child are more likely to work 3 months after having a child. Otherwise, ̂seaMTEs are

remarkably constant across older and younger women, across women with 1, 2, or 3 other

children, and across all women at longer horizons.

Overall, we find little evidence of wide-spread MTE heterogeneity, especially at longer

horizons. This means that LATE ≈ ATT ≈ ATE and that existing treatment effect

estimates can be extrapolated across and beyond the regions of the population where they

are identified with less concern.

3.4 Investigating the Validity of Assumptions: Comparing Survey-based

Results with Historical Data

In this section we compare fertility and labor supply beliefs with historical data from adminis-

trative registries. We show that the average treatment effect on the treated (ATT) estimated

using the ̂seaMTE equals that estimated from a traditional event-study approach. We view

this as supportive evidence of the veracity of the assumptions required for the method’s

validity and as evidence that, in this context, ̂seaMTE = seaMTE = MTE.

3.4.1 Subjective Beliefs and Realizations of Child Birth have Similar Conditional Corre-

lations with Key Demographic and Economic Variables

The average stated expected probability of having a child in the survey is 40 percent. In

order to compare this number to measured historical fertility we consider all women aged

20-40 in 2012 and follow them four to six years forward. For this group, the average fertility

four years after is 29 percent, and it is 35 and 41 percent five and six years after. We take

this to reflect that the level of stated expected fertility aligns reasonably well with the level

of actual fertility realized historically.

In Table 1 we regress fertility on demographic and economic characteristics. In column

(1) the dependent variable is realized fertility within 2018 for all women aged 20-40 in 2012

and characteristics are measured in 2012. In column (2) the dependent variable is stated

expected fertility and characteristics are measured in the registry data in 2018. Considering

first the results for the survey sample in column (2), expected fertility is negatively correlated

with the number of children. Fertility is positively correlated with the level of education and

is highest among women aged 26-30. Having a partner is positively correlated with expected

fertility. Interestingly, there appears not to be a strong correlation with the level of income

given the other covariates. In column (1) we find much the same pattern, although in some

cases the size of the estimated parameters differ and standard errors are smaller due to the
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Table 1: Regression of Historical and Expected Fertility on Covariates

(1) (2)
historical prob(child) subjective prob(child)

1 child -0.117*** -0.002
(0.014) (0.013)

2 children -0.459*** -0.316***
(0.002) (0.011)

3 children -0.472*** -0.376***
(0.002) (0.013)

Educ, high school -0.033*** -0.087***
(0.002) (0.018)

Educ, vocational 0.075*** -0.018
(0.002) (0.014)

Educ, middle 0.152*** 0.039***
(0.003) (0.014)

Educ, college 0.169*** 0.058***
(0.003) (0.014)

Age -25 -0.018*** -0.000
(0.003) (0.015)

Age 31-35 -0.050*** 0.000
(0.002) (0.011)

Age 36-40 -0.325*** -0.193***
(0.002) (0.011)

Partner 0.334*** 0.155***
(0.002) (0.010)

Income -200 -0.047*** 0.004
(0.002) (0.011)

Income, 200-300 0.006** 0.026**
(0.002) (0.012)

Income, 400-500 -0.020*** -0.002
(0.003) (0.013)

Income, 500- -0.045*** -0.030**
(0.004) (0.015)

Constant 0.439*** 0.434***
(0.003) (0.017)

N 725,263 6,917

Notes: Column (1) presents a regression of the probability of having a child within 2018 for women aged 20-40 in 2012
according to the population registry. Regressors are measured in 2012. Column (2) presents a corresponding regression where
the dependent variable is expected fertility in the baseline scenario from the survey. The regressors are from administrative
registries and are measured in 2018. Robust standard errors in parentheses.* 10%, ** 5% *** 1% level of significance.
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massive sample size. It is not possible using this data to directly verify that Ĝi preserves

the rank of Gi as required by Assumption 3. However, the fact that the parameter estimates

presented in Table 1, column (1) and (2), have the same signs and often also magnitude for

each regressor is supportive evidence that fertility expectations are likely ranked similar to

actual fertility chances.

3.4.2 ATT s from Subjective Probability Data are Quantitatively Close to ATT s from an

Event Study using Realized Outcomes

Figure 6: Estimating Average Treatment Effect on the Treated (ATT s): Subjective Beliefs
Method compared to Historical Event Study

Notes: The figure shows the percentage of women working at different horizons relative to child birth, where the fraction of
women working in period -12 is set to zero. Estimates thus give the deviation in labor supply from the level at month -12. The
red dots show estimates of the ATT based on survey responses. They are computed as the probability of working conditional
on having a child averaged across respondents, weighting by the relative probability of having a child. The solid blue line
shows event study ATT estimates, i.e., δ from equation (13), based on child births during the period 2010-2015 recorded in the
administrative registries for the women who are in the survey sample.

Figure 6 displays with red dots the average treatment effects on the treated (ATT s) esti-

mated using subjective probability data as detailed above. The red dots mark the expected

percentage of women working at different horizons around child birth, where the fraction of

women working in period -12 is set to zero such that estimates for other periods give the

deviation in labor supply from the level at month -12. Expected labor supply starts decreas-

ing three months before child birth, and most women expect to be out of work three months

after the birth. The reason that expected labor supply does not drop to -1 is that not all

women participating in the survey expect to be working 12 months before the expected child

birth. Nine months after childbirth the average probability of working is about 50 percentage
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points below the level in month -12 and 18 months after birth average expected labor supply

is only about three percentage points lower than at the outset. Three years after child birth

labor supply has returned to the same level as before pregnancy.

In order to assess whether labor supply expectations around child birth are likely to reflect

real behavior we compare survey responses to historical labor supply behavior. Specifically,

we compare the ATT s estimated using our methodology with survey data to an estimate

of ATT s using an event study approach with realized labor supply and fertility data. To

do this we identify our survey respondents who have given birth to children in the period

2010-2015.10 For these child births we follow the labor supply of the mother at a monthly

frequency for the period covering 24 months before and up to 36 months after child birth.

In order to quantify the labor supply response around child birth we employ an event study

design by estimating the following regression:

yit =
∑
k∈K

Dk
itδk + γXit + uit. (13)

yit is a dummy variable taking the value one if individual i is working in month t. Dk
it is a

dummy for the child being born k periods ago and δk measures the effect of the child birth k

periods around birth. The month of conception is omitted, so k ∈ K = {−24,−23, . . . , 36}\
{−9}. X is a vector of dummy variables controlling for the age of the mother and the timing

of adjacent children that the mother has also given birth to. Women who give birth to more

than one child during the period 2010–2015 enter with separate event time lines for each

child.11 Estimates of δk can be interpreted as the causal effect of having a child on labor

supply in month k provided that the estimated effect prior to pregnancy, i.e., k < −9, is

zero. Equation (13) is estimated on a sample of women who all have children but at different

points in time, and δk can therefore be interpreted as an estimate of the average treatment

effect on the treated (ATT ). Thus, these event-study ATT s are directly comparable to the

ATT s computed from estimated MTEs presented in Figure 6.

In Figure 6 we plot estimates of δk. The close alignment between the average survey

10See the Appendix C.2 for analysis using all women recorded in the e-income registry. Results are very
similar, although expected labor supply is slightly higher than historical labor supply at longer horizons in
the full population. The fact that the survey sample estimate is closer to expected labor supply could reflect
that there is a modest level of self-selection into participating in the survey such that women who are more
likely to return to work after having given birth are more likely to participate in the survey. Given the small
deviations, we conclude, however, that such a pattern of self-selection is moderate.

11Appendix C contains further details about estimation. Estimation of equation 13 by OLS could be
biased if treatment effects vary across treatment cohorts. In Appendix C.1 we present estimates based on
the Sun and Abraham (2021) estimator that allows for such treatment effect heterogeneity. The results are
practically identical to those presented in Figure 6.
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responses and the responses estimated from administrative registry data document that

the average treatment effect on the treated (ATT ) estimated from the administrative data

coincides with the ATT from subjective probability data in the (survey) population. We

interpret the close alignment between the two ATT measures as strong supportive evidence

that ̂seaMTE = seaMTE = MTE in this context.

To compute the survey-based ATT s we relied on Proposition 2’ that required Assump-

tions 1, 2, 3, and 4 to hold. We find it unlikely that ̂seaMTE ̸= seaMTE, but ̂seaMTE =

MTE, so we think this alignment supports that individuals with similar observable charac-

teristics use a similar model to forecast selection into treatment (Assumption 2) and that

measurement issues (Assumptions 3–4) are not a concern, so ̂seaMTE = seaMTE. Fur-

thermore, we find it unlikely that the ATT computed using the seaMTE and the ATT

computed using historical data and an event study would be so close by coincidence. The

ATT computed using subjective expectations is a weighted average of the seaMTE and the

event-study ATT is a weighted average of the MTE, so observing the same weighted average

across approaches supports that the seaMTE and MTE functions themselves are the same

(although obviously this is not conclusive evidence).

3.5 Counterfactual Analysis using seaMTEs

Of course, no method can possibly validate counterfactuals about policies that have never

been observed without further assumptions. However, in the absence of a valid and rele-

vant experiment, which is often the case when considering large-scale policy interventions,

counterfactual analysis using seaMTEs provides a data-driven methodology to forecast the

effects of a hypothetical policy. This method can compliment predictions of pure theory by

bringing data to the analysis and compliment structural models by requiring less reliance on

extrapolation of model predictions beyond situations that informed the models’ quantifica-

tion.

To illustrate this, we ask about two hypothetical policies, one where we make child care

free and another where we triple the price of child care while also lowering the quality of

child care. The first policy change that we consider is a relatively small perturbation of

the existing Danish child care system while the second hypothetical policy is a more drastic

change that moves child care in Denmark closer to child care in the US. The policy scenarios

are presented as follows:

� The first change we would like to ask you to consider is that as of today and in the

foreseeable future, all municipal childcare is free. Assume that childcare quality is not

affected by this cost change.
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Figure 7: Counterfactual Policy Scenarios

(a) Childbirth Expectations (b) ATT : Labor Supply

Notes: Panel a shows average expected fertility in the baseline scenario as well as in two hypothetical policy scenarios. In one
scenario child care is made free and in the other scenario the prize of child care is tripled and the quality is reduced compared to
the baseline. Panel b shows average estimated individual treatment effects for the baseline scenario and for the two hypothetical
policy scenarios. The solid line shows event study estimates based based on child births recorded in the administrative registries
for the women who are in the survey sample.

� The next change that we would like you to consider is that starting today and in

perpetuity public child care is low quality. In particular, assume that child care staff

was cut by 50% and that all employees are non-skilled. This would mean that no

trained teachers would be employed, and that child care would focus on providing a

place where the child can stay during work hours but not on child development.

In addition, suppose that starting today and in perpetuity public child care was more

expensive. In particular, suppose that the price of child care increased to be three

times what it costs today. This would mean that the typical price of nursery care

would increase to about 10,000 DKK per month for each child but that the quality is

low as described above.

Within these alternative scenarios we ask questions about expected fertility and labor supply

in exactly the same way as we did for the baseline case.

Figure 7 presents average expected fertility and labor supply for the baseline and for the

two counterfactual scenarios. The free child care scenario is shown with yellow markers and

the scenario with low quality and high price is shown with green markers. Making child

care free increases expected fertility by about five percentage points and leaves labor supply

conditional on having a child practically the same as in the baseline scenario. In contrast,

lowering child care quality and at the same time tripling the price has a dramatic influence.

Fertility drops by 10 percentage points compared to the baseline scenario, and labor supply

is now persistently lower even after the job security/parental leave period runs out 12 months

after birth. In fact, 18 months after birth labor supply conditional on having a child is 51
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Figure 8: ̂seaMTEs in Counterfactual Policy Scenarios

(a) Free Childcare (b) Expensive + Low Quality

Notes: Panel a shows marginal treatment effects calculated for various horizons after child birth for the hypothetical policy
scenario where child care is made free. Panel b shows marginal treatment effects calculated for various horizons after child birth
for the hypothetical policy scenario where the prize of child care is tripled and quality is lowered. For doing this we have ranked
U within all combinations of the covariates that enter the regressions in Table 1 and subsequently calculated the average ITE
within five equally sized buckets of U

percentage points lower than the pre-birth level, and after 36 months it is still 32 percentage

points lower than the pre-birth level.

Table 2 presents regressions of fertility expectations and ̂seaITEs on covariates where

fertility expectations and ̂seaITEs are collected for the counterfactual scenario where child

care is expensive and of low quality.12 In column (1) stated expected fertility in the expensive-

low quality scenario is regressed on characteristics which are measured in the registry data in

2018. Qualitatively, results are comparable to the results for expected fertility in the baseline

case, as can be seen in Table 1 column (2). In columns (2)-(5) the dependent variable is the

̂seaITE for month 3, 9, 18, and 36 after child birth. Unlike in the baseline case, there is

considerable response heterogeneity. The regression results indicate that the decline in labor

supply documented in Figure 7 is driven by women who already have children and those

with higher education.

Figure 8 plots the ̂seaMTEs for the two counterfactual scenarios, Figure 8a for the

free child care scenario and Figure 8b for the scenario with high price and low quality.

Comparing Figure 8a with the ̂seaMTEs from the baseline scenario in Figure 4 we see that

the MTEs are practically identical. Moreover, Figure 7a showed that making child care

free increased fertility by five percentage points. Making child care free is thus an example

12Regressions for the baseline scenario corresponding to column (2)-(5) in Table 2 are shown in Appendix
D. Note, there are fewer observations in the analysis of the counterfactual policy scenarios than in the
baseline analysis. This is due to item-nonresponse. We have reproduced the baseline analysis using the
subsample with valid responses to the questions pertaining to the counterfactual policy and find that the
baseline scenario looks practically identical to the results presented in Figure 6.
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Table 2: Counterfactual Scenario with Expensive and Low Quality Child Care

(1) (2) (3) (4) (5)
prob(child) Month 3 Month 9 Month 18 Month 36

b/se b/se b/se b/se b/se
1 child -0.118*** -0.019 -0.051*** -0.086*** -0.078***

(0.016) (0.013) (0.016) (0.018) (0.017)
2 children -0.357*** -0.010 -0.056*** -0.077*** -0.080***

(0.013) (0.013) (0.016) (0.017) (0.016)
3 children -0.351*** 0.003 -0.077*** -0.144*** -0.128***

(0.016) (0.019) (0.022) (0.025) (0.024)
Educ, high school -0.072*** -0.106*** -0.126*** -0.114*** -0.066**

(0.022) (0.025) (0.027) (0.028) (0.026)
Educ, vocational -0.037** -0.113*** -0.065*** -0.003 0.011

(0.017) (0.021) (0.023) (0.023) (0.021)
Educ, middle 0.021 -0.138*** -0.175*** -0.126*** -0.104***

(0.018) (0.020) (0.022) (0.024) (0.022)
Educ, college 0.061*** -0.138*** -0.155*** -0.112*** -0.053**

(0.018) (0.020) (0.022) (0.023) (0.021)
Age -25 -0.050*** 0.013 0.030 0.036 0.058***

(0.019) (0.019) (0.021) (0.023) (0.021)
Age 31-35 -0.015 0.047*** 0.049*** 0.044*** 0.046***

(0.013) (0.012) (0.015) (0.017) (0.016)
Age 36-40 -0.147*** 0.035*** 0.028* 0.009 0.023

(0.013) (0.013) (0.016) (0.018) (0.017)
Partner 0.123*** -0.013 -0.015 -0.074*** -0.030**

(0.013) (0.012) (0.015) (0.016) (0.015)
Income -200 -0.018 0.133*** 0.107*** 0.068*** 0.035**

(0.013) (0.014) (0.017) (0.018) (0.017)
Income, 200-300 0.006 0.042*** 0.011 -0.001 0.007

(0.014) (0.013) (0.017) (0.019) (0.018)
Income, 400-500 0.000 0.004 -0.003 0.003 0.018

(0.015) (0.013) (0.017) (0.019) (0.018)
Income, 500- -0.013 -0.020 0.008 0.039 0.045**

(0.018) (0.015) (0.021) (0.024) (0.022)
Constant 0.412*** -0.762*** -0.567*** -0.319*** -0.220***

(0.021) (0.022) (0.025) (0.027) (0.025)
N 5,098 4,970 4,963 4,956 4,968

Notes: Column (1) presents a corresponding regression where the dependent variable is expected fertility in the counterfactual
scenario where child care is expensive and low quality. The regressors are from administrative registries and are measured in
2018. Columns (2)-(5) contain regressions where the dependent variable is the ITE pertaining to 3, 9, 18, and 36 months after
child birth. Robust standard errors in parentheses.* 10%, ** 5% *** 1% level of significance.
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of an alternative policy scenario where MTEs are the same as in the baseline and where

the behavioral response takes place through an adjustment in the propensity to be treated,

which in this case is to have a child. Making child care free may be considered a relatively

small policy change compared to the baseline in which child care is already heavily subsidized

with 2/3 of the costs being covered by the local government. Changing child care to be of

low quality and at the same time tripling the costs is a more dramatic change. Considering

Figure 8b, it is obvious that MTEs for this policy regime are quite different and lower than

the baseline MTEs shown in Figure 4.

Our counterfactual analysis based on seaMTEs connects to the Heckman and Vytlacil

(2005) concept of policy relevant treatment effects (PRTE). PRTEs are the average impact

on the outcome of interest caused by a change from the baseline policy to some alternative

policy. PRTEs can be constructed from baseline MTEs as long as baseline MTEs are

policy invariant. This is the case if the policy affects the subjective treatment probability,

Gi, but not the ex ante state-contingent expected outcomes (Ei [Y i
1 ] ,Ei [Y i

0 ]). In terms of our

application, this means that the response to some alternative policy must only impact the

propensity to have a child but not the labor supply response to having a child. It is typically

difficult to test the policy invariance of estimated baselineMTEs because naturally occurring

data most often do not document behavior in alternative policy environments. However, an

advantage of custom surveys is that it is possible to ask about the probability of treatment as

well as state-contingent outcomes in counterfactual policy scenarios. The expensive and low

quality childcare counterfactual is an example of a counterfactual policy scenario for which

the baseline MTEs cannot be considered policy invariant, and hence a counterfactual policy

whose effects cannot be assessed from PRTEs calculated from the baseline estimates.

4 Conclusion

The problem of external validity, i.e., extrapolating the effects of treatments estimated in

one environment or sample to another, is an important but challenging problem. This

paper proposes using surveys that measure subjective expectations to address this challenge.

Working in the Generalized Roy model framework, we detail a combination of data and

assumptions that identify the latent propensity to select into treatment and the subjective

ex ante MTEs across the entire population. We also show how purpose-designed survey

data can be joined with typically measured historical behavioral data to assess the validity

of these assumptions and when subjective ex ante marginal treatment effects equal traditional

(objective) MTEs. Finally, we demonstrate how to study the effects of hypothetical policies,

and their incidence across the population, before those policies are implemented.
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We use the method to study the expected effects of childbirth on female labor supply in

Denmark using a purpose-designed survey and administrative data. In the survey we mea-

sure the subjective expected probability of being treated and subjective expected individual

treatment effects. We show that ex-ante average treatment effects and treatment beliefs

align with treatment effects and average treatment probabilities estimated from historical

administrative registry data. We compute average treatment effects on the treated (ATT s)

from our estimated seaMTEs and show that they are near equal to ATT s estimated from

an event study. We interpret these findings as supportive evidence that the assumptions

underlying our approach are not violated and that subjective and objective MTEs are equal

in this context.

The results indicate that MTEs are roughly constant across levels of fertility expecta-

tions. These findings suggest that, after conditioning on typical demographic and economic

characteristics, there is little selection into having children based on an idiosyncratic latent

propensity to work after having a child. Having a child reduces the likelihood of working

after birth by about 50 percent 9 months later, around 3 percent 18 months later, and around

0 percent 36 months later. We also study the effects of hypothetical policy interventions.

Compared to baseline, in a counterfactual world in which childcare is lower quality and three

times more expensive, fertility drops by 10 percentage points and the probability of working

36 months after childbirth is 32 percent lower.

Estimating seaMTEs is useful as a complement to existing methods, particularly in cases

where the treatment or outcomes have not yet materialized or where it is difficult to obtain

observational data with sufficient quasi-experimental variation. Furthermore, our method

allows us to understand the effect of treatment not only on outcomes but also on selection

into treatment, thus giving a more complete picture of the likely real-life consequences of

implementing new policies.
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Appendix

A Proofs

Recall, Proposition 1’ implies Proposition 1, Proposition 2’ implies Proposition 2, and Corol-

lary 1’ implies Corollary 1.

Proposition 1’. If Assumptions 1, 2, and 3 hold, then Û i = Ũ i = U i.

Recall, U i := FV |Xi(V i), FV |Xi(v) := P (V ≤ v|X i = x), Gi := P i(Di = 1), Ũ i := 1 −
FG|Xi(Gi), and Û i := 1− FĜ|Xi(Ĝi).

Assumption 2. Gi = 1− K̃µ|Xi(V i), for some CDF K̃µ|Xi.

Assumption 3. Suppose that Ĝi is reported such that the order of individuals equals their

order in the true subjective probabilities. That is, Gi < Gj ⇐⇒ Ĝi < Ĝj ∀ i, j.

Proof. Assumption 3 immediately yields Û i = Ũ i. Assumption 2 states that Gi is a strict

monotonic decreasing transformation of V i. This implies that individuals ordered by their

Gi must have the same position in the order as when they are ordered by their V i. Thus,

Ũ i = U i.

Proposition 2’. If Assumptions 1, 2, 3, and 4 hold, then ̂seaMTE(x, u) = seaMTE(x, u).

Recall the definition of the subjective ex ante MTE:

seaMTE(u, x) := E
[
Ei

[
Y i
1

]
− Ei

[
Y i
0

]
|Ũ i = u,X i = x

]
,

=
1

|Ñ(u, x)|

∫ ∫ [
hi
1(y)y − hi

0(y)y
]
dy I(i ∈ Ñ(u, x)) di.

the definition of the measured subjective ex ante ITE and seaMTE:

̂seaITE
i
:=

∫ [
ĥi
1(y)y − ĥi

0(y)y
]
dy,

̂seaMTE(x, u) := E
[

̂seaITE
i
|X i = x, Û i = u

]
,

Assumption 4. For all i and for D ∈ {0, 1}, for some deterministic function Ci(y) and

random variables ηiD(y),

ĥi
D(y)− hi

D(y) = Ci(y) + ηiD(y),

E
[
ηiD(y)

]
= 0 ∀ y.
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Proof.

̂seaITE
i
=

∫ [
ĥi
1(y)y − ĥi

0(y)y
]
dy

=

∫ [(
hi
1(y) + Ci(y) + ηi1(y)

)
−
(
hi
0(y) + Ci(y) + ηi0(y)

)]
y dy (by Assumption 4)

=

∫ [(
hi
1(y) + ηi1(y)

)
−

(
hi
0(y) + ηi0(y)

)]
y dy.

Substituting this expression for ̂seaITE
i
into the definition of ̂seaMTE(x, u) yields

̂seaMTE(x, u) = E
[∫ [(

hi
1(y) + ηi1(y)

)
−
(
hi
0(y) + ηi0(y)

)]
y dy|X i = x, Û i = u

]
= E

[∫ [
hi
1(y)− hi

0(y)
]
y dy|X i = x, Û i = u

]
(by Assumption 4: E [ηiD(y) = 0])

= E
[∫ [

hi
1(y)− hi

0(y)
]
y dy|X i = x, Ũ i = u

]
(by Proposition 1’)

=
1

|Ñ(u, x)|

∫ ∫ [
hi
1(y) y − hi

0(y) y
]
dy I(i ∈ Ñ(u, x)) di,

thus, ̂seaMTE(x, u) = seaMTE(u, x).

If ηiD(y) = 0 ∀ y, then ̂seaITE
i
= seaITEi even if Ci(y) ̸= 0. When ηiD(y) ̸= 0,

then generically ̂seaITE
i
̸= seaITEi because [ηi1(y) − ηi0(y)] ̸= 0. However, averaging the

mean-zero errors across individuals still yields ̂seaMTE(x, u) = seaMTE(u, x).

Corollary 1’. Let Assumptions 1, 3, and 4 hold. If individuals have rational expectations, then

̂seaMTE(x, u) = MTE(x, u). This is because rational expectations implies seaMTE(x, u) =

MTE(x, u).
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B Balance Test for Danish Survey

Table A1: Summary statistics for participants and nonparticipants

(1) (2) (3)
Variable Non-participants Participants Difference
Age 28.624 29.413 0.789

(6.606) (6.454) (0.069)
Partner 0.522 0.607 0.085

(0.500) (0.488) (0.005)
Number of Children 0.700 0.782 0.082

(1.045) (1.026) (0.011)
Had baby in 2017 0.034 0.039 0.005

(0.180) (0.193) (0.002)
Non-DK citizenship 0.190 0.094 -0.096

(0.392) (0.292) (0.003)
Income (1000DKK) 175.536 227.750 52.214

(16.738) (193.482) (2.048)
Liquid assets (1000DKK) 74.988 87.297 12.309

(484.323) (206.467) (3.120)
House owner 0.239 0.339 0.100

(0.426) (0.473) (0.005)
Student 0.306 0.310 0.004

(0.461) (0.462) (0.005)
Educ basic 0.220 0.125 -0.095

(0.415) (0.331) (0.004)
Educ high school 0.206 0.184 -0.022

(0.404) (0.388) (0.004)
Educ vocational 0.214 0.208 -0.005

(0.410) (0.406) (0.004)
Educ middle 0.122 0.190 0.068

(0.327) (0.392) (0.004)
Educ College 0.148 0.231 0.083

(0.355) (0.421) (0.004)
Observations 39,336 11,312 50,648

Notes: Characteristics are obtained from administrative registries and are measured in 2018. Standard deviations in parentheses
in columns (1) and (2). Standard errors in parenthesis in column (3).
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C Estimating Average Treatment Effect on the Treated (ATTs):

Subjective Beliefs Method compared to Historical Event

Study

In Section 3.4.2 we estimate the ATT using an event-study regression. I practice, we sepa-

rately estimate ATT s for women giving birth to their first, second and third child (j = 1, 2, 3)

during 2010m1-2015m12. In each of these estimations we control for the age of the mother

and for the timing of adjacent children that the mother has given birth to.

Specifically, the ATT k periods from child birth for women giving birth to their child

number j is :

ATT j
k = E

[
yji,k

]
(14)

In practice, we estimate ATT j
k using the following regression:

yjit =
36∑

k=−24
k ̸=−9

Dj,k
it δ

j
k + γjXit + uj

it (15)

where yit is a dummy variable taking the value one if individual i is working in month t.

Dk
it is a dummy taking the value one if i gave birth to a child k months ago, and X is a

vector of covariates including dummies for the age of the mother and event dummies for

adjacent children. Including dummies for the timing of adjacent children is required to be

able to estimate the direct effect of the child under consideration. For example, women who

get a second child tend have the second child around two years after the first child, and

estimating the effect of the first child without controlling for the timing of the second child

would confound the effect of the first and the second child.

To arrive at an overall ATT estimate, we average the estimates using frequency weights.

ATTk =
∑
j

Pr(j)× ATTj,k

where Pr(j) is the sample share of mothers giving birth to their jth child.
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C.1 ATT estimates based on the Sun and Abraham (2021) estimator

The estimator proposed by Sun and Abraham first estimates the treatment-cohort specific

average treatment effect on the treated and then weight these together using frequency

weights. In our context, a treatment cohort consists of women giving birth to a child in a

particular year × month cell. We include women giving birth to children during the period

2010m1-2015m12, i.e., the data include 60 treatment-cohorts.

Specifically, the ATT pertaining to k periods from child birth for cohort e is:

CATTe,k = E [yi,e,k] (16)

In practice we estimate CATTe,k using the following regression:

yit =
2015m12∑
e=2010m1

36∑
k=−24
k ̸=−9

De,k
it δek + γXit + uit (17)

where yeit is a dummy variable taking the value one if individual i belonging to treatment

cohort e is working in month t. De,k
it is a treatment-cohort specific dummy taking the value

1 in period k after child birth, and X is a vector of covariates including dummies for the age

of the mother and event dummies for adjacent children.

The average treatment effect k period from child birth, ATTk, is calculated as the fre-

quency weighted average of cohort specific effects, CATTe,k

ATTe,k =
∑
e

Pr(e)× CATTe,k

where Pr(e), is the sample shares of each cohort.

Implementing the Sun-Abraham estimator requires estimating many parameters. For

each treatment cohort there are K = 60 event periods (k = −24, ..., 36) and E = 60 treat-

ment cohorts (e = 2010m1, ..., 2015m12) and we thus need to estimate (K − 1)E = 3, 540

parameters. As we follow the procedure described in Appendix C, 3,540 parameters needs

to be estimated for each child number (j = 1, 2, 3). In our data there are too few mothers

who gave birth to a third child to be able to estimate CATTe,k for this group. We therefore

include only observations for mothers giving birth to child number 1 and 2. Figure A1 shows

the result. For all practical purposes, the figure is identical to Figure 6.

43



Figure A1: Estimating Average Treatment Effect on the Treated (ATT s): Subjective Beliefs
Method compared to Historical Event Study Using The Sun-Abraham (2021) estimator

Notes: The figure shows the percentage of women working at different horizons relative to child birth, where the fraction of
women working in period -12 is set to zero. Estimates thus give the deviation in labor supply from the level at month -12. The
red dots show estimates of the ATT based on survey responses. They are computed as the probability of working conditional
on having a child averaged across respondents, weighting by the relative probability of having a child. The solid blue line
shows event study ATT estimates using the Sun and Abraham (2021). The sample includes women who are recorded in the
administrative registries to have given birth during the period 2010-2015 and who participate in the survey.

44



C.2 Survey Sample versus Population

Figure A2: Estimating Average Treatment Effect on the Treated (ATT s): Subjective Beliefs
Method compared to Historical Event Study

Notes: The Figure shows the percentage of women working at different horizons relative to child birth, where the fraction of
women working in period -12 is set to zero. Estimates thus give the deviation in labor supply from the level at month -12. The
red dots show estimates of the ATT based in survey responses. They are computed as the probability of working conditional on
having a child averaged across respondents, weighting by the relative probability of having a child. The dashed blue line shows
event study ATT estimates, i.e., δ from equation (13), based on registry data for the entire Danish population of women aged
20-40 who had children during the period 2010-2015. The solid line shows event study estimates based based on child births
recorded in the administrative registries for the women who are in the survey sample.
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D Correlation of ITEs and Covariates (Baseline Scenario)

Table A2: How ITEs correlate with Covariates in the Baseline Scenario

(1) (2) (3) (4)
Month 3 Month 9 Month 18 Month 36

1 child -0.089*** -0.091*** 0.004 0.010
(0.010) (0.013) (0.008) (0.008)

2 children -0.087*** -0.090*** 0.007 0.010
(0.010) (0.013) (0.008) (0.007)

3 children -0.068*** -0.105*** 0.001 0.008
(0.015) (0.020) (0.013) (0.012)

Educ, high school -0.078*** -0.057*** 0.003 -0.000
(0.018) (0.019) (0.013) (0.013)

Educ, vocational -0.101*** -0.055*** 0.001 -0.033***
(0.015) (0.017) (0.011) (0.011)

Educ, middle -0.156*** -0.152*** -0.022** -0.042***
(0.015) (0.017) (0.011) (0.011)

Educ, college -0.150*** -0.089*** -0.021* -0.038***
(0.015) (0.016) (0.011) (0.011)

Age -25 -0.007 0.027* -0.004 0.007
(0.014) (0.016) (0.010) (0.011)

Age 31-35 0.024** 0.020 -0.001 -0.001
(0.010) (0.012) (0.008) (0.007)

Age 36-40 0.048*** 0.024* 0.000 0.005
(0.010) (0.013) (0.008) (0.008)

Partner -0.030*** -0.015 -0.003 0.013*
(0.010) (0.011) (0.007) (0.007)

Income -200 0.149*** 0.065*** 0.006 0.039***
(0.011) (0.013) (0.008) (0.008)

Income, 200-300 0.033*** -0.004 0.002 0.014
(0.010) (0.014) (0.009) (0.009)

Income, 400-500 -0.017* 0.030** 0.012 0.004
(0.009) (0.015) (0.008) (0.008)

Income, 500- -0.002 0.073*** 0.014 0.000
(0.013) (0.018) (0.010) (0.009)

Constant -0.694*** -0.329*** -0.023* 0.009
(0.017) (0.019) (0.012) (0.012)

N 6,688 6,645 6,669 6,638

Notes: The table shows regressions of ITEs pertaining to 3, 9, 18, and 36 months after child birth on covariates. ITEs are
calculated from the survey responses, and the covariates are from administrative registries and are measured in 2018. Robust
standard errors in parentheses.* 10%, ** 5% *** 1% level of significance.
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