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Abstract

We develop a three-step procedure for ex-ante policy evaluation. It combines (i) a

vignette survey that randomizes out-of-sample policies (child allowances and external

childcare subsidies) to infer fertility responses; (ii) two applied-theory lifecycle models

estimated on external microdata; and (iii) the inserting of the randomized policies into

the models’ estimated fertility decision rules to obtain model-based fertility predictions

for the vignette respondents, thus cross-validating these predictions with their fertility

responses. These steps, applied to the United States and Germany, enable compara-

ble out-of-sample policy evaluation across surveys and models, suggesting how to use

vignettes as a compass for model specification.

Keywords: Childcare, fertility, labor supply, vignette, lifecycle models, pronatalist

policies

JEL classification: J13, J18, J38, D91, C83, D10
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1 Introduction

Fertility rates in many advanced economies remain well below replacement levels, posing

risks to population stability, public pension systems, and economic competitiveness.1 Prona-

talist policies, such as child allowances and childcare subsidies, may need to counteract a

strong shift in social norms that discourages childbearing.2 Such a challenge would require

“large” pronatalist policy reforms, calling for a demanding out-of-sample policy evaluation.

Here we propose a three-step procedure for addressing this challenge: It combines (i) a vi-

gnette survey that randomizes out-of-sample policies (child allowances and external childcare

subsidies) to infer fertility responses; (ii) two applied-theory lifecycle models estimated on

external microdata; and (iii) for serving the purpose of immediate comparability, the insert-

ing of the randomized policies into the estimated fertility decision rules of the models to

obtain model-based fertility predictions for the vignette respondents, thus cross-validating

these fertility predictions with their responses.

The vignette survey seeks to elicit how pronatalist policies shape fertility/career deci-

sions by simultaneously asking respondents to state desired fertility and labor supply under

alternative out-of-sample pronatalist policies. The vignettes differ along two general dimen-

sions: (a) household economic features: wage, partner income, and partner working hours;

and (b) family policies: level of child allowances and/or external childcare-time subsidies.

Each feature — randomly assigned to respondents in four rounds — mimics controlled ex-

periments.3 Two well-established large-scale representative household panel studies, “UAS”

for the US, and “Pairfam” in Germany,4 implemented the vignette module. The integration

in existing panels has two advantages. It allows us (a) to control for socio-demographics

and (b) to show that “people mean what they say” [Bertrand and Mullainathan, 2001],

i.e., whether stated desired fertility and labor in the vignette have strong predictive power

for actual working hours and fertility choices in respondents’ future lives years later (see

1Source: World Bank [2023].
2According to Kearney and Levine [2025], “[. . . ] the evidence points to a broad reordering of adult

priorities with parenthood occupying a diminished role.” Fertility effects also seem to work in the opposite
direction, leading to cultural and political effects, e.g. influencing populism [see Gavresi et al., 2023]. In
addition, abortion and reproduction rights are a major aspect of populist politics [see Rohrmeier, 2025,
Patavardhan et al., 2024].

3The Appendix provides the complete vignette module. Krueger and Stone [2014] refer to vignettes as
a key new advance toward the improvement of well-being evaluations in economic policy. The website of
Gary King (http://gking.harvard.edu/vign/eg/) provides a comprehensive overview of vignettes in social
sciences and public-health studies. In economics, examples include: (a) Kapteyn et al. [2007] studying work
disability in the labor market; (b) Koulovatianos et al. [2005, 2009, 2019] estimating equivalence scales and
time costs of children; and (c) Bertoni [2015] linking early life experiences and future well-being evaluations;
Alesina et al. [2018] studying intergenerational mobility and preferences for redistribution.

4UAS is the Understanding America Study (see https://uasdata.usc.edu/UAS-27) and Pairfam is a
satellite of the German Family Panel (see http://www.pairfam.de/en/study/satellite-projects/).
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Section 2.2.3).

We develop two structural lifecycle models that differ in complexity. Model 1 is ag-

gregative and parsimonious, with twelve parameters, targeting an assessment of fundamental

incentives of pronatalist policies. It jointly matches fertility, labor supply, asset accumula-

tion, adult and child consumption, and childcare choices, simplifying Bick [2016] and Adda

et al. [2017]. Model 1’s advantage is its ability to uncover mechanisms through analytical

characterizations. Model 2, following Adda et al. [2017] and Wang [2026], respects cross-

sectional heterogeneities and offers a richer treatment of female labor-market intermittency

and fertility. It captures cross-sectional and age-related variation in work experience, the

age of the youngest child, marital status, fecundity, and unemployment spells. Both mod-

els distinguish between internal (parental) and external childcare time. We estimate both

models using independent representative household micro data from the US and Germany.

The vignette sample was not used for model estimation. Hence, it can serve as an in-

dependent “test” dataset for model validation. This validation takes each model’s fertility-

decision rules and parameter estimates to predict fertility for every single vignette respon-

dent – given the randomly assigned four sets of vignette stimuli, and respondents’ individual

characteristics (e.g., age and gender). Then, for every respondent and set of stimuli, we

compare the model-based prediction with the corresponding desired fertility statement from

the vignette. This procedure has two advantages: First, it secures “apples-to-apples” compa-

rability by inserting the vignette’s policies and household economic characteristics that have

exogenous variation into the models. Second, since the comparison in both countries relies

on an independent test dataset, the comparison can serve as a navigator for cross-validating

model-based predictions.

Our findings are as follows. First, the vignette survey turns out to be suitable for

assessing policy responses in both countries: fertility intentions according to the vignette

have strong predictive power for actual fertility years after the vignette was implemented.5

This finding suggests that the module constitutes a timely and cost-effective source of ex-ante

information for assessing out-of-sample pronatalist policy effects.

Second, the estimation of Models 1 and 2 in two countries (four applications) provides

“deep” and potentially policy-invariant parameters that fit well, most importantly, age pro-

files of fertility, labor supply and parental childcare time. This finding is not surprising for

heterogeneous-agent Model 2, since similar model versions have been successfully fitted to

data before [see Adda et al., 2017, Wang, 2026]. Yet, the more parsimonious Model 1, which,

5The vignette module was run in Germany in 2013/14 and in the US in 2015/16, giving us enough time
to perform this evaluation. Other papers reporting that respondents understand vignette environments and
that they provide credible information include McFadden [1998], Manski [1999], and Morgan and Rackin
[2010].
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in a deliberately reductionist style restricted to twelve parameters, also fits the aggregate

multifaceted age profiles well.

Third, the cross-validation shows that vignette-implied and model-implied fertility re-

sponses for the test datasets (the vignette samples) agree. In both countries, both policies

raise total fertility, while their relative cost-effectiveness is country-specific: for the United

States, which policy is more cost-effective depends on the modeling lens, with the vignette

estimates lying between the two models’ predictions; for Germany, the three approaches are

consistent and the daycare subsidy is the more cost-effective policy. A back-of-the-envelope

calculation for a $100 (e100) per-month-per-child policy implies an annual fiscal cost of

between 0.07% and 0.24% of GDP across the two models and both countries, well within a

feasible budget.

Our study contributes to two strands of literature.

Conceptually, our three-step procedure follows the ideas emphasized by Todd and

Wolpin [2023], who argue that combining the forecasting power of structural models with

experimental rigor delivers the “best of both worlds.” External validation is particularly

important given the requirement of structural invariance [Marschak, 1953, Lucas, 1976].6

By leveraging the comparative strengths of different types of models and data, evaluation

designs such as ours lead to better ex-ante assessments of policy effectiveness. They disentan-

gle effective from ineffective policies—their immediate and (unintended) side effects—before

they are implemented. This consideration is particularly salient for policies whose effects

unfold only over the long term and which, if ineffective, can be reversed only after a long

time.

Regarding the practical application, the evaluation of pronatalist policies, studies using

applied-theory models include Laroque and Salanié [2014], Bick [2016], Doepke and Kinder-

mann [2019], Adda et al. [2017], and Wang [2026].7 However, none of these studies externally

validate the model implications with independent experimental data (such as a vignette field

experiment). Other studies, including Bauernschuster and Schlotter [2015], Bauernschuster

et al. [2016], and Gathmann and Sass [2018] for Germany, evaluate actual policy reforms

using econometric causal research designs. By design, our study serves a complementary

6See also Low et al. [2025] for a quasi-experiment methodology on ex-ante within-sample policy evalua-
tion. A seminal application combining a structural model with a randomized experiment is Attanasio et al.
[2012] (schooling choices and PROGRESA).

7Other related studies include: (a) Manski and Mayshar [2003] on the interaction between child al-
lowances, social norms, and fertility patterns in Israel; (b) Fort et al. [2020] on the effects of daycare atten-
dance on children’s cognitive outcomes; (c) Haan and Wrohlich [2011] on employment-conditional childcare
subsidies, female labor supply, and fertility; and (d) Gayle and Miller [2012] on how public expenditures on
children and childcare affect fertility and female labor supply over the lifecycle using a dynamic model that
incorporates maternal time and financial costs.
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objective, i.e., to provide ex-ante out-of-sample policy assessments.

Differences in effect sizes estimated in the present study for the United States and

Germany also speak to Manski and Mayshar [2003]. Their central message is that complex

fertility patterns may arise from the interaction of economic incentives and social norms, but

empirical data often cannot uniquely identify which mechanism is responsible. Following

their rationale, the differences in fertility responses that we find across the two countries

may be partly attributed to cultural differences.

The remainder of the article is organized as follows. Section 2 describes the data sources

used for model estimation, presents the vignette, and discusses its suitability for policy eval-

uation. Sections 3 and 4 introduce the aggregative Model 1 and the non-aggregative Model 2,

respectively, and assess their fit to the data. Section 5 presents vignette-based estimates of

intended fertility and labor supply under alternative pronatalist policies. Section 6 uses the

vignette responses to conduct both an out-of-sample qualitative validation of the models’

predictions and a comparison of policy-effectiveness across the vignette and the two mod-

els. Section 7 reports model-implied aggregate elasticities at the structural estimates and

two cost-equivalent policy experiments comparing the effectiveness of child allowances and

childcare subsidies. Section 8 concludes.

2 Overview of data sources

The following two subsections briefly describe the data used for matching the dynamic

models and the vignette data, which are part of two ongoing panel studies in the United

States and Germany. Further details regarding our samples and the construction of variable-

specific age trajectories appear in Appendix A.8

2.1 Data for model estimation

The two models are matched to different but complementary sets of empirical tar-

gets. Model 1, which follows couples, is fit to the average age profiles of seven household

outcomes—the number of children, labor supply, parental and external childcare time, adult

and child consumption, and household assets;9 the age profiles of the household head’s wage

and partner income enter the model as exogenous inputs, mirroring the “wage” and “partner

8In Appendix A, we construct age profiles using a version of the Carroll and Samwick [1997] methodology.
For better treatment of cohort effects, an alternative construction follows Gourinchas and Parker [2002]. We
thank an anonymous referee for this remark.

9In the German database, household consumption data is not available (see Appendix A). We use the
difference between income and savings as a proxy, taking capital gains into account.
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income” attributes randomized in the vignette survey. Because Model 2 also includes single

women, it is fit to a richer set of moments that summarize means, dispersion, and marital

composition. As reported in Table 7, these are the mean log wage; the mean and variance of

labor supply, its full- and part-time rates, and the mean labor supply by number of children;

mean parental time; the mean number of children, the fraction childless, the birth probabil-

ity, and the covariance between labor supply and the number of children; and the shares of

single women with and without children.

Table 1 summarizes the US and German data sources as well as the sample years used for

deriving the above age trajectories. For the United States, we use the Panel Study of Income

Dynamics (PSID), the American Time Use Survey (ATUS), and the Survey of Consumer

Finances (SCF), while for Germany we use the German Socio-Economic Panel (SOEP),

the German Family Panel (Pairfam), and the German subset of the Eurosystem Household

Finance and Consumption Survey (HFCS). These surveys underpin the Model 1 estimation

(Panel A of Table 1); the estimation of Model 2 (Panel B) for the US additionally draws on

the Current Population Survey (CPS) for labor supply, fertility, and marital structure.

Table 1: Summary of data sources

Panel A: Model 1

Consumption No. Labor External Parental Total Assets Wage Partner
Adults Children Children Supply Childcare Childcare Income

US PSID 1999-2013 Atus 2014 SCF 2007 PSID 1999-2013

DE SOEP 1995-2013 Pairfam 2014 SOEP 02/07/12 SOEP 1995-2013
Panel B: Model 2

Labor Marital Parental
Supply Fertility Structure Childcare Wages

US CPS 2000-2025 CPS/PSID CPS 2000-2025 ATUS 2014 PSID 1999-2013

DE SOEP 1995-2013 Pairfam 2014 SOEP 1995-2013

Notes: See Appendix A for the samples, the full set of moments, and construction details for both
models.

2.2 The vignette survey

2.2.1 Illustration of vignettes

In both theoretical models, households are forward-looking and form expectations about

future circumstances, such as marital stability, divorce risk, and the evolution of earnings

profiles. Given that the vignette survey cannot capture the full set of information underlying

5



these expectations, it necessarily simplifies the decision-making environment. In the survey,

respondents are asked to assume that they “are in the situation of planning a family,” and

the vignette stimuli—such as wages, partner’s earnings, and fertility policies—refer to this

context. Thus, the vignette responses can be interpreted as choices in a stylized version of

the model’s decision problem, conditional on the information provided. Reported fertility

and labor supply choices therefore reflect the information in the vignette together with re-

spondents’ expectations about the future employment and family biographies of the vignette

households. These expectations may depend on the vignette stimuli and on respondents’ own

experiences.10

Here we provide an intuitive description of the vignette survey on fertility/career deci-

sions used for the cross-validation of the model-based predictions. Section 5 and Appendix B

provide further details on the randomization and definition of vignette stimuli, etc. Four out

of 80 vignettes are randomly assigned to each respective respondent. One such vignette is

illustrated in Figure 1. A vignette characterizes a particular environment, defined by three

economic characteristics of a hypothetical household and two pronatalist policies. The for-

mer are working hours of the partner; earnings of the partner; and hourly wage rate. The

latter are the level of subsidization of daycare and child allowances.

We provide four randomized environments to each respondent. In each environment, the

respondent is asked to state the desired number of children and working hours. This gives

four sets of answers per respondent. Comparing stated desired fertility and labor-supply

choices across environments allows us to systematically examine how pronatalist policies

alter desired fertility and working hours.

2.2.2 Implementation and sampling

The fertility/career vignettes were embedded in established representative-household

surveys: a module of the Understanding America Study11 and a satellite of the German

Family Panel.12 The target population for the vignette module in both UAS and Pairfam

was respondents aged 18 to 50, i.e., the population within an active and fertile age. In UAS,

the survey was made available to 2,639 respondents, with 1,872 people completing it, giving

10In fact, our survey instrument does not specify whether vignette-based wage variations are permanent
or temporary; addressing this distinction is a direction for future work; we thank two anonymous referees
for raising this point. Nevertheless, one can gain insight into this issue through forward-looking models,
by solving models for fixed respondent characteristics, and by comparing model-implied labor-supply and
fertility responses to temporary vs. permanent wage changes. In Sections 6 and 7, we present such model
comparisons.

11For UAS, see https://uasdata.usc.edu/UAS-27.
12For Pairfam, see http://www.pairfam.de/en/study/satellite-projects/.
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Figure 1: Illustration of the vignette module

Note: This is the actual visual design from the US vignette.
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a response rate of about 71%.13 In Pairfam, respondents are provided with information on

recent activities and results once per year. An invitation letter to participate in the fertil-

ity/career vignette was attached to this regular letter for 7,500 participants. This invitation

letter included a brief description of the study topic, a link to the survey homepage, and

an individual password for login. A total of 593 Pairfam respondents participated in the

vignette survey, giving a response rate of about 8%.14

2.2.3 Testing if vignette respondents meant what they said

An important condition for the suitability of vignette data for external validation of

the model-based fertility responses is that respondents understand the vignettes and pro-

vide credible information on intended fertility.15 For each respondent, we draw on three

distinct measures of fertility: (a) the desired number of children stated in the hypothetical

vignette scenarios; (b) the desired number of children in the respondent’s current situation,

from a separate auxiliary question; and (c) the actual number of children recorded in the

panel. As a first check, Table 2 shows a high and significant positive correlation between the

current-situation desired number and the actual number in both countries.16 This correla-

tion supports the idea that model-based pronatalist policy evaluation can be combined with

policy evaluation by randomized vignette-policy experiments.

The difference between the actual number of children vs. the intended (desired) number

of children originates from the fact that databases in both countries contain a large fraction

of households headed by younger people. Most likely, for many of these respondents, fertility

is incomplete. In particular, in Germany about one-third of the sample consists of individuals

in the 18 to 22 age group.

13In UAS, the LA County sample and the Spanish speaking population did not receive the questionnaire.
14In UAS, our module was fully integrated into an established panel, yielding a response rate of 71%.

The lower response rate in Germany’s Pairfam likely reflects that the survey invitation was embedded in a
standard information letter and required respondents to manually enter the survey link, creating additional
barriers. Response rates in online surveys vary widely, from below 1% to 100% [Wu et al., 2022]. While
higher response rates reduce sampling variance and improve estimate reliability, they do not guarantee a
random or fully generalizable sample. We thank an anonymous referee for raising this concern.

15Credibility requires that stated desired fertility in the vignettes positively correlates with actual fertility,
as conceptually similar items should be related (see Table 3 for a detailed analysis). See Meade and Craig
[2012] for this and other indicators of careless survey responses. For the United States, two additional
indicators suggest that respondents took the survey seriously and understood the tasks. First, completion
times were reasonable: respondents spent 12 minutes on average; 1,431 completed the survey in 6–15 minutes,
289 in 16–25 minutes, and only 126 in less than 5 minutes. Second, respondents reported substantial interest
in the survey: about 30% found it “very interesting,” 46% “interesting,” and 17% “neither interesting nor
uninteresting,” while less than 7% found it “uninteresting” or “very uninteresting.” Comparable information
on completion time and survey interest is unavailable for Germany.

16The precise wording of the question is: “In your current situation, how many children would you like to
have altogether?” We also use the Spearman correlation for categorical values, and the results stay almost
the same.
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Table 2: Correlation of stated desired fertility and actual current number of children

Age Frequency Mean Corr.
US (A)

Number of children 0 1 2 3+
Real world 18-42 49 20 19 12 0.95 0.5035
Desired altogether 18-42 22 15 35 28 1.69 (p value = 0.000)
(current situation)

Germany (B)
Number of children 0 1 2 3+
Real world 18-42 55 16 20 9 0.82 0.6239
Desired altogether 18-42 31 15 37 17 1.40 (p value = 0.000)
(current situation)
(A) Cross-validation of UAS and vignette module (2016), US.

(B) Cross-validation of Pairfam (2014) and vignette module (2014), Germany.

As an additional validation exercise, we examine whether vignette responses predict

respondents’ actual future fertility. Because the vignette was embedded in ongoing panel

surveys, we can follow the same respondents over nearly a decade, from the vignette (2015/16

in the United States and 2013/14 in Germany) to the most recent panel waves (2025 in the

United States and the latest Pairfam wave, 2021/22, in Germany), and test whether their

stated fertility intentions predict their realized fertility.

We estimate,

∆i = α+ βn∗
i,e + εi,e, (1)

where ∆i is the change in respondent i’s actual number of children between the year the

vignette was implemented and the respondent’s latest panel wave (that is, the children

realized over the follow-up window). n∗
i,e is stated fertility in the environment e, and εi,e is

an error term, clustered at the individual level.

Column 1 of Table 3, Panel A (United States) and Panel B (Germany), shows that

in both countries, β̂ is positive and highly significant, indicating that vignette responses

meaningfully predict future fertility. Including the vignette stimulus variables does not

change this result (column 2); further, restricting the sample to respondents aged 42 and

below leaves the conclusions unchanged, with the association even somewhat stronger among

younger respondents (columns 3 and 4).

These predictive findings support the validity of the vignette data, suggesting that

responses reflect real-world fertility intentions. Crucially, because the comparison follows

the same respondents over nearly a decade, it reflects genuine individual-level prediction—

stated vignette fertility forecasts each respondent’s own realized fertility, and if anything
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more strongly for the young—rather than a cross-sectional pattern across different people.

Table 3: Predictive power of stated desired fertility for future fertility decisions

Full sample Sample below age 42
Baseline Extended Baseline Extended

Panel A: United States
n∗ 0.094*** 0.047* 0.109*** 0.073**

(0.021) (0.020) (0.026) (0.025)
Controls ✓ ✓
N 7,269 4,923 5,056 3,446
R2 0.022 0.080 0.027 0.114
Panel B: Germany
n∗ 0.098*** 0.092*** 0.154** 0.146**

(0.028) (0.027) (0.049) (0.045)
Controls ✓ ✓
N 2,420 2,420 1,488 1,488
R2 0.029 0.066 0.055 0.190

Notes: n∗ is the desired number of children. N is the number of respondents times number of vignette
responses.

The vignette also elicits desired labor supply under different policy environments. Ev-

idence from Beckmannshagen and Schröder [2022] shows that stated desired working hours

in survey data have substantial predictive power for subsequent labor market behavior: gaps

between desired and actual working hours explain later adjustments in labor supply. To-

gether, these findings support the interpretation that vignette responses capture meaningful

information about respondents’ fertility and labor supply preferences.

3 Model 1 of career-fertility decisions: aggregative

Albanesi and Sahin [2018] shows that gender convergence in labor force participation

is the main factor explaining the decline in the gender unemployment gap in the US. This

channel is also supported by evidence from OECD countries. Goldin [1990] and Royalty

[1998] provide empirical evidence demonstrating that, historically, females’ high incidence

of non-participation spells in relation to childbirth has substantially declined. In terms of

educational background and age, since 2003, on average, female workers have either caught

up or even surpassed male workers. Given this upgraded role of females in the labor market

and following Bick [2016] and Jones et al. [2010], in our analysis, the female is assumed to

be the sole decision maker.17

17Model 1 is a simplified unitary-household model, where female decisions coincide with those of males, but
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We analyze a part of every household’s lifecycle, the period during which adults are

building their careers and having children, a time interval denoted by [0, T ] representing the

age of the head of a household. We split this period into two phases:18

Phase 1 : The phase before having children, when adults in the household start

their working career; the subinterval denoted by [0, t̄], an “infertile” phase.

Phase 2 : The phase of producing and raising children, while adults in the house-

hold also pursue a working career; the subinterval denoted by [t̄, T ], a “fertile”

phase.

We also assume that, beyond time T the household enters another nonfertile phase

that we do not examine. To keep the analysis tractable, we assume that times, t̄ and T ,

distinguishing an infertile phase from a fertile phase, are both exogenous.19 In addition,

we assume that, during the fertile phase, the chosen number of children is a continuous

variable. This rests on the existence of approximate aggregation across households of the

same cohort regarding all goods, including children.20 The analytical tractability from these

two assumptions lowers the computational cost of estimation and facilitates the matching of

target moments.

we relax this assumption in Model 2. To explain long-term gender-specific labor market dynamics, Eckstein
et al. [2019] set up and estimate a lifecycle model incorporating individual and household decisions about
education, employment, marriage/divorce, and fertility. They show that improved contraception control is
the most important explanation for the increase in female labor market participation in the United States
across the birth cohorts 1935 to 1975, followed by higher female education and changing marriage market
conditions.

18Model 1 is deterministic, which is a major simplification, together with the assumption of having a
non-fertile period in early life. Model 2 in the next section corrects for these oversimplifications.

19In our empirical analysis in the US and Germany, time 0 corresponds to age 22 (referring to the age
of the household head), time t̄ corresponds to age 28, and time T corresponds to age 45. Our assumption,
that households headed by persons aged 22 to 27 do not have any children, is motivated by the fact that the
average number of children in our samples is small for these households. At age 28 the average number of
children is approximately 1, which motivates why age 28 is the cutoff age for entering fertile Phase 2 in life.
Similarly, 45 is the cutoff age for entering the second infertile phase since few households give birth after
that age.

20Despite the fact that the choice of children is a discrete variable, aggregation allows the average house-
hold (the representative consumer) to make choices of children from a continuum. See Caselli and Ventura
[2000] and Koulovatianos et al. [2019] for definitions of the dynamic representative consumer.
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3.1 Phase 1

The momentary utility function of an adult living in a household without children

(during the time interval [0, t̄]) is,

uno children (CA (t) , ℓ (t)) =

{[
CA(t)√
N1

]θ
(1− ℓ− ℓ (t))1−θ

}1−γ

1− γ
, t ∈ [0, t̄] , (2)

in which γ, θ, ℓ > 0, ℓ (t) denotes supplied labor hours in the market by the household

head, while CA (t) denotes the total consumption of all adults in the household. Parameter

N1 is the exogenous number of adults in the household in Phase 1. So, CA (t) /
√
N1 is

the adult-equivalent consumption in the household. The momentary utility function given

by (2) also takes into account that modern careers oblige workers to regularly commit a

minimum number of hours from their time endowment (e.g., acquiring additional career-

related skills at home). This career time-commitment is captured by the reduction in the

available time endowment of the household by the constant ℓ, which denotes the continuous

flow of committed time.

The budget constraint of a household without children is,

ȧ (t) = ra (t) + yp (t) + w (t) ℓ (t)− CA (t) , t ∈ [0, t̄] , (3)

in which a (t) denotes the accumulated household assets, ȧ ≡ da/dt, yp (t) is the partner’s

labor income and also any household windfall income, and w (t) is the hourly wage rate.

The optimization problem described by maximizing utility given by (2), subject to the

budget constraint given by (3), implies that the decision-maker decides independently on

how much to work as an individual. Yet, regarding consumption, we assume that chosen

equivalent-adult levels of consumption, CA (t) /
√
N1, are in line with the corresponding opti-

mal consumption choices of her/his partner.21 Importantly, variations of yp (t) are treated as

exogenous in Model 1 in order to be in line with the vignette module design: in the vignette

survey, partner’s income, yp (t), is randomized.22

21Bick [2016] makes a similar modeling choice, using adult-equivalent consumption in the utility function
and assigning females full (100%) bargaining power over fertility while preserving within-household economies
of scale. Our setup is equivalent: the sole decision maker either has full bargaining power or respects a
commonly-agreed sharing rule.

22Aligning the model with the desired individual decisions of our vignette respondents is the key reason
we do not extend our model to a collective-household setup with household production, as suggested by
Chiappori [1997]. Given the tight fitting of our model to the data, our results should not be sensitive to
introducing bargaining to our model in future work.
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3.2 Phase 2

The momentary utility function of households with children (during the time interval

[t̄, T ]) is,

uwith children (CA (t) , CC (t) , ℓ (t) ,m (t) ,mb (t) , n (t)) =

=

[
F

(
H

(
C

(
CA(t)√
N2
, CC(t)√

n(t)

)
, L2 (t)

)
, Q (m (t) ,mb (t) , n (t))

)]1−γ
1− γ

, t ∈ [t̄, T ] . (4)

In equation (4), function F is an aggregator of two composite goods, H, a composite home-

production good, and Q, a composite good proxying the quantity/quality of produced chil-

dren in the household. Function F is given by,

F (H,Q) = HαQ1−α , α ∈ (0, 1) . (5)

Function H is a home-production function depending on consumption, C, and leisure, L2,

given by,

H (C,L2) = CθL1−θ
2 , θ ∈ (0, 1) . (6)

Consumption, C, in equation (6) is a composite good, given by the function,

C

(
CA (t)√
N2

,
CC (t)√
n (t)

)
=

(
CA (t)√
N2

)θ1 ( CC (t)√
n (t)

)1−θ1

, θ1 ∈ (0, 1) , (7)

in which CA (t) and CC (t) denote the household-level amount of adult and child consump-

tion.23 Leisure, L2, in equation (6) is given by,

L2 (t) = 1− ℓ−m−m (t)− ℓ (t) , (8)

in which m (t) denotes time spent by the decision-maker for childcare. Parameter m can be

a positive number, capturing, e.g., the time commitment of childrearing if it is a positive

number, or it can be a negative number capturing, e.g., childcare that grandparents offer for

free. In equation (4), Q is a production function of both quality and quantity of children,

23Children’s consumption is not interpreted as an expenditure on children. Nevertheless, the Cobb-
Douglas functional forms in the utility function imply a preference-driven complementarity between child
quality, Q, and consumption expenditure of children. We thank an anonymous referee for this remark.
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given by,

Q (m (t) ,mb (t) , n (t)) = n (t)ψ [m (t) + ζmb (t)
η]

1−ψ
, ψ ∈ (0, 1) , ζ, η > 0 , (9)

in which n (t) denotes the number of chosen children and mb (t) is the external childcare time

by babysitters or instructors per child.24

The budget constraint of a household with children is,

ȧ (t) = ra (t)+yp (t)+w (t) ℓ (t)+
[
A− κw (t)ϕ − p̃bmb (t)

]
n (t)−CC (t)−CA (t) , t ∈ [t̄, T ] ,

(14)

in which κ > 0, ϕ ≥ 0, A ≥ 0 is the state-funded child allowance per child, while p̃b

is the price per unit of childcare time in the market (external childcare), after eventually

subtracting a subsidy for this external childcare,

p̃b = (1− s) pb , (15)

in which s ≥ 0 is the percentage of the price subsidy by the state. The dependence of child

costs on wages, w (t), captures the additional age-dependent variations of providing education

to children, an additional monetary cost spent in the process of domestic childcare, which

24The production function Q given by equation (9) is based on an aggregate production function for
children of the form,

Q̄ (M,Mb, n) = nψ̄ (M + ZMη
b )
ζ̄
, (10)

in which M is time devoted by both parents to all children, while Mb is the total external time for childcare.
We assume that the relationship between M and m is given by,

M = mN ξ̄
2n

ξ̄1 , (11)

in which the term N ξ̄
2 captures economies of scale regarding the parental input in childcare (e.g., times that

parents contribute simultaneously to childcare), while the term nξ̄1 captures economies of scale stemming
from the presence of more than one child (e.g., taking care of two children simultaneously, or spillover effects
from older siblings giving advice to younger siblings), with ξ̄, ξ̄1 > 0. In addition, we assume that the
relationship between Mb and mb is given by,

Mb = mbn
η̄ , (12)

in which the term nη̄ (η̄ > 0) captures economies of scale due to the presence of more than one child (e.g.,
older siblings playing with younger siblings). Substituting (11) and (12) into (10) and setting ξ̄ = η̄η,

ψ = ψ̄ξ̄1, ζ̄ = 1− ψ̄ξ̄1, and ζ = ZN−ξ̄
2 , we obtain,

Q̄ (M,Mb, n) = N ξ̄ζ̄
2 nψ (m+ ζmη

b )
1−ψ

= N ξ̄ζ̄
2 Q (m,mb, n) . (13)

Since function (10) enters a utility function, we can omit the constant N ξ̄ζ̄
2 through renormalization of utility

weights in Phases 1 and 2.
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probably varies with the age of the child. An example of this additional cost would be the

tendency of more educated parents to want more educated children, being willing to spend

more on education, foreign languages, physical training, and healthy food for children.25

3.3 Solving and simulating the model

The optimization problem of the household is,

max
(CA(t),CC(t),ℓ(t),m(t),mb(t),n(t))t≥0

∫ t̄

0

e−ρtuno children (CA (t) , ℓ (t)) dt

+e−ρt̄
∫ T

t̄

e−ρ(t−t̄)uwith children (CA (t) , CC (t) , ℓ (t) ,m (t) ,mb (t) , n (t)) dt

subject to constraints (3) and (14). Appendix C explains how we solve the model in a way

that facilitates minimum-distance estimation to data.

A final remark is about focusing on modeling only Phases 1 and 2, and ignoring later

stages in life. Explicitly modeling decisions beyond time T should not affect our conclusions

substantially. Our model has asset/wealth accumulation and the ultimate target is to match

accumulated assets at time T . Matching that asset value should be a sufficient proxy of

discounted continuation utility at later stages in life. In a similar manner and for similar

reasons, Adda et al. [2017] match their lifecycle model for households up to age 55.

3.4 Fitting the model to the data

For women in the United States and Germany, respectively, Figure 2 depicts the empir-

ical age profiles of numbers of children, labor supply, and parental childcare time, together

with the Model 1 fit obtained by Method of Simulated Moments (MSM). We have derived

the empirical profiles for all women in couples of a certain age, including employed women,

registered unemployed women, and inactive women. Labor supply is measured as the frac-

tion of a 24-hour day devoted to work.26 While labor supply typically declines for women

following a birth, this effect is partly offset in the aggregate by women who have not yet had

25Cross-sectional differences in parental education are captured by cross-sectional differences in wages.
By setting parameter ϕ equal to zero, such parental education effects on child costs and their impact on
average age trajectories disappear.

26We measure labor supply ℓ as a three-level discrete variable (not employed, part-time, full-time),
with country-specific bin values calibrated to each country’s labor-market convention: The US uses
ℓ ∈ {0, 0.18, 0.36} (annual-hours thresholds 0 / 1820); Germany uses ℓ ∈ {0, 0.15, 0.30} (SOEP contin-
uous labor-supply thresholds 0.075 / 0.225). In our couples-only sample, the empirical mean ℓ at age 22 is
0.30 (US) and 0.22 (Germany).
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children and by women who remain childless, so the average profile for couples-only women

does not necessarily display a pronounced decline around the typical age of first birth.

Although Model 1 is parsimonious, in both countries estimated and actual profiles for

almost all variables overlap closely, demonstrating its capability of coping with this demand-

ing data-matching exercise. It is more successful in fitting the US number-of-children profile,

while in Germany the fit is better for labor supply, consumption, and assets.27

Table 4: Model 1 parameter estimates with Jacobian standard errors

United States Germany

Parameter Estimate SE Estimate SE

Discount factor
ρ Time preference 0.010 Calibrated 0.020 Calibrated

Consumption preferences
θ Weight, consumption 0.450 (0.002) 0.421 (0.002)
α Weight, consumption and leisure 0.867 (0.013) 0.874 (0.021)
γ Relative risk aversion 5.943 (1.662) 1.510 (1.072)

Child preferences
ψ Weight, quantity and quality of children 0.500 (0.071) 0.306 (0.293)
θ1 Weight, adult consumption to children 0.810 (0.004) 0.847 (0.003)
η Weight, external childcare on child quality 1.050 (0.210) 1.070 (0.619)

Cost of children
κ Cost of children, linear par. 3.800 (0.009) 1.001 (0.087)
ϕ Cost of children, nonlinear par. 0.402 (0.312) 0.495 (1.130)
ζ Scaling, external childcare quality 0.592 (0.192) 0.932 (0.990)

Minimum levels
ℓlow Minimum level, labor supply 0.075 Calibrated 0.097 Calibrated
mlow Minimum level, parental childcare supply −0.068 (0.009) −0.117 (0.012)

Notes: Two-step limited-memory BFGS (L-BFGS) MSM estimates of Model 1. Both countries:
couples-only sample, 124 targeted moments (ages 22–45; see Appendix A for the moment-group struc-
ture). Step 1 priority subset {ℓage, nage,mage,mb}, with ℓage upweighted by kℓage = 20 (US), 10 (DE)
and mb upweighted by kmb

= 10 (US), 100 (DE). Jacobian-based standard errors at step = 5% · |θ|,
in parentheses. Pinned parameters report “Calibrated”. US: 9/10 free parameters satisfy |t| > 1.96
(cond(J ′WJ) = 1.09×1011); Germany: 5/10 (cond(J ′WJ) = 1.21×1011). At the estimate, m̂b = 0.084
(US) and 0.072 (DE) versus the calibration target 1/12 ≈ 0.0833.

Table 4 reports the underlying estimated structural parameters of both countries, while

Table 5 reports the cross-cell mean of each of the 7 moment groups at the Model 1 esti-

27In both countries, labor supply drops between ages 28 and 29 — the model threshold a = 28 at which
parental-time costs begin to bind. At the structural estimate, the decline is about 25% in the United States
(0.37 → 0.28) and 22% in Germany (0.27 → 0.22). The 5-year-bin aggregation in Figure 2 smooths this
transition. The decline is consistent with extensive evidence that having young children reduces female
labor supply. Early contributions include Mincer [1962] and Cain [1966]; surveys include Lehrer and Nerlove
[1986], Nakamura and Nakamura [1992], and Blundell and MaCurdy [1999]; see Browning [1992] for a critical
review. To identify causal effects, instrumental-variable approaches commonly use twin births or children’s
sex composition as instruments [Rosenzweig and Wolpin, 1980b,a, Angrist and Evans, 1998].
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Figure 2: Fit of Model 1

Notes: Data (black solid) vs. Model 1 (steelblue dashed). Top row: United States. Bottom row: Germany.

Panels (a,d): mean labor supply as fraction of day. Panels (b,e): mean number of children. Panels (c,f):

mean parental childcare time as fraction of day. Each panel plots the 5-year age-bin averages (22–26,

27–31, 32–36, 37–41, 42–45). Sample restricts to couples only.
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mate, with rows ordered by overall fit quality (best at top, by average |%err| across the two
countries); Appendix D provides the details on the structural estimation.

Table 5: Per-group fit summary: Model 1 vs. data, group-mean levels in both countries

United States Germany

Moment group data model data model

Mean log adult consumption by age 10.844 10.830 10.217 10.129
Mean log assets by age 11.799 11.605 11.161 11.230
Mean log child consumption by age 9.374 9.468 8.457 8.457
Mean labor supply by age 0.320 0.321 0.236 0.248
Mean number of children by age 1.600 1.592 1.240 1.240
Mean parental childcare time by age 0.051 0.043 0.064 0.067
Mean external childcare time† 0.083 0.084 0.083 0.072

Notes: Data and model columns are the cross-cell mean of the corresponding moment
block at the Model 1 estimate. Rows ordered by average |%err|g = 1

|g|
∑
k∈g |mk(θ

∗) −
Md
k |/max(|Md

k |, 10−3) × 100 across the two countries (best at top). Total: 124 targeted
moments across the 7 groups (ages 22–45). †Outsourced childcare time: the data column
is the calibration target 1/12 ≈ 0.0833 (same in both countries by construction), and the

model column is the post-t̄ mean of mb at θ̂.

4 Model 2 of career-fertility decisions: non-aggregative

In Model 1, children are not a state variable. Model 1 is an aggregative model, in the

sense that it pre-aggregates its state variables as inputs to the model and then analyzes all

choices through trade-offs of capital-accumulation expansion paths (see, for example, Barro

and Sala-i Martin [2004, 2nd edition, pp. 135–137]). Model 1 reflects a purist neoclassical

approach, assuming that the number of children is also pre-aggregated (not restricting the

numbers of children to be natural numbers). By contrast, Becker and Barro [1988] and

Barro and Becker [1989] also let the number of children be continuous, yet still carry it as an

irreversible state variable; Model 1’s pre-aggregation of children into a flow is thus a further

simplification. To overcome these oversimplifications, Model 2 breaks these assumptions and

is based on the seminal model by Adda et al. [2017], paying attention to fitting individual

decisions at the micro level.28 The purpose of Model 2 is to examine if and how a more

descriptive model at the micro level can match the policy implications of our vignette mod-

ule on out-of-sample policy interventions. Given that one of the countries we examine is

Germany, we follow Wang [2026], abstracting, for simplicity, from asset accumulation.29

28Moffitt [1984], Francesconi [2002] and Keane and Wolpin [2010] are important earlier works on the joint
dynamic modeling of female labor supply and fertility.

29In our Model 2, which respects heterogeneity, policies that may have different impacts on families and
children with different socio-economic status can be studied. An example of such policies is the universal
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The lifespan of a female ranges from age 22 to 62. As in Wang [2026], we assume that

only the period between ages 22 and 45 is the fertile age relevant for estimation. We start

with a backward-induction solution from age 62, during which the only choice is the labor-

supply choice. Moving backward from age 62, once the age of 45 is reached, the fertility

choice is added but with different timing from the labor-supply choice within a period.

Specifically, the timing of actions when aget ∈ {22, ..., 45} is split into two stages, 1 and

2: the fertility choice takes place in stage 1, and the labor choice in stage 2. Therefore,

within period t ∈ {22, ..., 45} the two decisions are solved backward as well, as a two-stage

decision-making equilibrium within period t.

The set of state variables of Model 2 is summarized by,

Ωt = (xt, nt, at,mart, yp,t, jobt, ξt) , (16)

where xt denotes work experience, nt ∈ {0, 1, 2, 3} is the number of children, at is the age of

the youngest child in the household (if nt > 0), mart ∈ {0, 1} describes the state mart = 1

“married” in t, versus “single” (mart = 0), yp,t is the partner’s income defined as in Model 1

above, while jobt ∈ {0, 1} is a job-availability shock. If the female receives the shock jobt = 0,

then in period t there is no job availability, and, in this case, there is no labor-supply option

(she must wait until a future period s > t where jobs = 1), i.e., this is an involuntary-

unemployment spell. Apart from children being a discrete-choice variable, labor choice is a

discrete-choice variable as well, with ℓt ∈
{
0, ℓp, ℓf

}
, where ℓp and ℓf denote part-time and

full-time employment, respectively.30

As in Adda et al. [2017], in order to capture the impact of labor-supply choices on career

progression, the evolution of experience, denoted by xt, is governed by,

xt+1 =
(
xt + λpIℓ

p

t + Iℓft
)
·
[
Iℓpt + Iℓft + δ ·

(
1− Iℓpt − Iℓft

)]
, (17)

where Iℓpt and Iℓft are indicator functions when ℓt equals ℓ
p or ℓf . Equation (17) implies that

a woman’s experience in period t + 1 increases by 1 if she works full time in period t, by

λp ∈ (0, 1) if she works part time, and depreciates by δ ∈ (0, 1) if she does not work (i.e.,

when Iℓpt = Iℓft = 0). The wage of a woman is given by,

wt = eϕ0+ϕ1xt+ϕ2x
2
t+ξt ,

childcare policy in Quebec [e.g., see Ding et al., 2020].
30Recall that labor supply is measured as the fraction of a 24-hour day devoted to work. For a full-time

worker (8 hours), this corresponds to 0.33.
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where ξt ∼ N (0, σ2), is an i.i.d. productivity shock.

The probability of unemployment, 1− pjt , governing the shock jobt ∈ {0, 1} depends on

age and work experience, x, through the regression-based equation,

ln

(
pjt

1− pjt

)
= π1 + π2 · aget + π3 · age2t + π4 · xt + π5 · x2t , (18)

where pjt is the fraction of employed females out of the female labor force in year t in the

sample. Equation (18) follows Wang [2026, p. 10].31

The momentary utility function differs from the corresponding function in Wang [2026]

only with respect to the formulation of external childcare/daycare time, which is important

in order to evaluate daycare subsidies. Specifically, the external childcare time is a continuous

choice variable. The momentary utility function, where c̃t = ct + nt (1− s) pb,tmb,t − nt · A,
with ct denoting consumption, pb,t and mb,t denoting the daycare price and the daycare time

per child, is,

max
mb,t, if nt>0

ut (ℓt, c̃t, nt,mart, at) =

max
mb,t, if nt>0

{

α1

ln

c̃t − nt (1− s) pb,tmb,t + nt · A︸ ︷︷ ︸
ct

+ α3 (nt)

− ln

1 + 0.5mart + 0.3nt︸ ︷︷ ︸
OECD equivalence scale


+(1−O1α6)

{
3∑

k=1

α2kntI{nt=k}
t + (1−mart)

[
α4 ln

(
3∑

k=1

ntI{nt=k}
t + 1

)
+ α5I{nt=1}

t

]}

−

{
OL

3 ·
{
I{ℓt=ℓ

f}
t + γ4 I{ℓt=ℓ

p}
t

}
+OC

3 ·
5∑
j=1

ζjI{at(j)=j}t︸ ︷︷ ︸
Γ1

{[
1−mart · (1− ϕb)

]
· ℓ̄c (at, nt)− ntmb,t

}}

×

[
γ1 + (1−O2γ5)

(
3∑

k=1

γ2kntI{nt=k}
t

)(
5∑
j=1

γ3jI{at(j)=j}t

)]
︸ ︷︷ ︸

Γ

}
, (19)

where I{nt=k}
t is a dummy variable that takes the value 1 if nt = k, I{at(j)=j}t is a dummy

31The estimated parameter values of (π1, π2, π3, π4, π5) for the US and Germany (DE) appear in Table D.1
in Appendix D.
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variable that takes the value 1 if at (j) = j, where at (j) is a branch function given by,

at (j) =



1

2

3

4

5

,

,

,

,

,

if at ∈ [0, 3)

if at ∈ [3, 6)

if at ∈ [6, 9)

if at ∈ [9, 12)

if at ≥ 12

. (20)

Term α3 (n) denotes a household-level subsistence consumption level that depends on chil-

dren in the household, which can be calibrated separately based on cross-country estimates

in Koulovatianos et al. [2019], and which is adjusted for the OECD equivalence scale. The

childcare-time function, denoted by ℓ̄c (at, nt), is a discrete-valued (branch) function specified

in Appendix D.32

Following Wang [2026] on the structure of the utility function, equation (19) depends on

three components. The first component focuses on household consumption and its budget-

constraint determinants. The second component captures fertility preferences, modulated by

(1−O1α6). The third component refers to the disutility of effort (market labor supply and

parental childcare), scaled by separate parameters OL
3 (labor) and OC

3 (parental childcare).

Parameter Γ, which is affected by family demographics and notably the age of the youngest

child, drives the disutility of both types of effort. Parameter Γ1, affected by the age of the

youngest child, drives the preference tradeoff between market time and parental childcare

time. Importantly, policy parameter s denotes the subsidy percentage of external childcare

costs, and policy parameter A denotes the allowance amount per child.

Focusing on the case where nt > 0, the first-order conditions (FOC) for maximizing

with respect to mb,t imply total external childcare time, subject to a non-negativity bound

and an outsourcing-cap upper bound. Let ϕ(mart, at) ≡ α(at)
[
1−mart(1−ϕb)

]
collapse the

marriage adjustment [1−mart(1−ϕb)] (which scales the focal parent’s share of total parental

childcare time) and the time-varying outsourcing cap α(at) = max{0, 0.856−0.044 at} (which
is decreasing in the age of the youngest child)33 into a single composite factor. The optimal

32Most parameter values in (19) are given by Table 6, with the remaining appear in Appendix D.
33Economically, as the youngest child ages, an increasing share of parental childcare time involves activities

that are difficult to outsource to formal care – school supervision, homework assistance, emotional and
developmental support during adolescence – so the non-outsourceable share 1 − α(at) grows. Practical
formal-care availability also narrows: daycare ends, after-school care has fewer hours and higher per-hour
costs. The reduced-form cap α(at) captures both effects: at infancy (at = 0), up to 85.6% of parental
childcare time can be outsourced; by at = 12 the cap falls to 0.856− 0.044 · 12 = 32.8%.
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external childcare time then satisfies 0 ≤ ntmb,t ≤ ϕ(mart, at) ℓ̄
c(at, nt), so that

ntmb,t =

{
min

{
max

{
c̃t+α3(nt)+nt·A

(1−s)pb,t
− α1

OC
3 ·Γ·Γ1

, 0
}
, ϕ(mart, at) ℓ̄

c (at, nt)
}

0

,

,

if nt > 0

if nt = 0
.

(21)

Equation (21) determines total purchased external childcare time. First, external child-

care time is related to labor supply. As labor supply (and wages) determine optimal con-

sumption and the demand for external childcare is also a function of consumption (see term c̃

in equation (21)), the two vary with consumption choices. If optimal consumption increases,

external childcare time also increases. Second, outsourcing childcare increases with more

dislike for any type of effort (driven by parameter Γ) and furthermore by dislike for parental

childcare (driven by the childcare-disutility scale OC
3 and parameter Γ1). Here, equations

(21) and (19) imply that the relationship between total purchased external childcare time

and the age of the youngest child is an empirical question, determined by the relative sizes

of the estimates of parameters ζk and γ3k. Third, and importantly, both pronatalist policies

(A and s) directly increase purchased external childcare time.

Given a specific constellation of state variables, the individual parental time is,

individual parental time =
[
1−mart(1− ϕb)

]
ℓ̄c (at, nt)− ntmb,t , (22)

where ntmb,t is given by the closed-form expression in eq. (21).

4.1 Bellman equation and backward induction during the nonfer-

tile period

As in Wang [2026, p. 9, footnote 16] we eliminate fertility choices for women aged 46-62,

and we set terminal values at age 63 equal to zero. Nevertheless, unlike her, we keep marital

transitions beyond age 45, as they may play a role regarding labor-supply choices. As in

Wang [2026], during this age interval, from 46-62, for simplicity we assume that there are

no children around in the household. Therefore, the state space described by Ωt in (16) is

reduced to,

Ω0
t = (xt, nt = 0, at = ∅,mart, yp,t, jobt, ξt) , (23)

where nt = 0 for all ages aget ∈ {46, ..., 62}. The age of the youngest child is irrelevant,

being essentially equal to the null set (at = ∅), i.e., one dimension is eliminated. The same

functional form for the utility function given by (19), accommodates this setting of Ω0
t , since
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(19) implies,

ut (ℓt, c̃t, nt = 0,mart, at = ∅) = α1 ln

 c̃t︸︷︷︸
ct

+ α3 (nt = 0)

−OL
3

{
I{ℓt=ℓ

f}
t +γ4 I{ℓt=ℓ

p}
t

}
γ1 .

(24)

Notice that the functional form of (19) automatically switches off the dimension at once we

set nt = 0.

The Bellman equation during the age period 46-62 is given by34

Vt
(
Ω0
t

)
= pjtmax

ℓt

{
ut (ℓt, c̃t, nt = 0,mart, at = ∅) + βE

[
Vt+1

(
Ω0
t+1 | ℓt,Ω0

t

)]}
+

+
(
1− pjt

) {
ut (ℓt = 0, c̃t, nt = 0,mart, at = ∅) + βE

[
Vt+1

(
Ω0
t+1 | ℓt = 0,Ω0

t

)]}
. (25)

In equation (25), the main distinction is about the probability that, in the beginning of

period t, the female receives the shock jobt = 0. In this case, there is no labor-supply option

(she must wait until a future period s > t where jobs = 1), i.e., this is an involuntary-

unemployment spell. When jobt = 0, according (17),

xt+1 = δxt . (26)

In case jobt = 1, the female has the option to supply labor. If the optimal solution to (25) is

ℓ∗t = 0, then this is a case of voluntary unemployment, in which case the penalizing outcome

of (26) is part of the optimal solution.

Since, unlike Wang [2026], we keep marital transitions beyond age 45, i.e., for all ages

aget ∈ {46, ..., 62}, the expectations operator of (25) contains marital transitions, with tran-

sition probabilities as period-index logits, according to,

ln

(
pmt

1− pmt

)
= θ0m + θ1m · t+ θ2m · t2 + θ3m · t3 , (27)

where35 pmt = Pr (mart = 1 | mart−1 = 0), mart = 1 is a marriage status and mart = 0 is a

single status, i.e., pmt denotes a transition to getting married from a status of being single.

Similarly, the expectations operator of (25) contains divorce transitions, with transition

34The estimated specification smooths the labor-supply choice with an i.i.d. Type-I extreme-value (Gum-
bel) preference shock of estimated scale σε; the deterministic maxℓt displayed in equation (25) is the σε → 0
limit. See Appendix D.

35t = aget − 22 + 1 is the model period index, with t = 1 corresponding to age 22 and t = 24 to age 45.
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probabilities as period-index logits, according to,

ln

(
pdt

1− pdt

)
= θ0d + θ1d · t+ θ2d · t2 , (28)

where pdt = Pr (mart = 0 | mart−1 = 1), i.e., pdt denotes a transition to getting divorced

(single) from a status of being married.

4.2 Bellman equation and backward induction during the fertile

period

As in Wang [2026, p. 13], the timing of actions for all ages aget ∈ {22, ..., 45} is split

into two stages, 1 and 2: the fertility choice takes place in stage 1, and the labor choice in

stage 2. Therefore, within a period t referring to aget ∈ {22, ..., 45}, the two decisions are

solved backward as well, as a two-stage decision-making equilibrium within that period t.

The set of state variables in stage 1 is described by, Ωt = (xt, nt, at,mart, yp,t, jobt, ξt).

The set of state variables in stage 2, after fertility choices have been made, is Ω∗
t ,

Ω∗
t = (xt, n

∗
t , a

∗
t ,mart, yp,t, jobt, ξt) , (29)

where,

nt = n∗
t + ft (30)

and

at = (1− ft) · a∗t , (31)

with ft ∈ {0, 1} being the fertility decision (ft = 1, means that there will be a newborn). In

(31), setting ft = 1 immediately sets the age of the youngest child in the household equal to

0, because of the arrival of the newborn. Therefore, the only difference between the sets Ωt

and Ω∗
t , is that Ωt is an extension, a superset of Ω∗

t , containing the “free” decision ft ∈ {0, 1},
as (16) combined with (30) and (31) imply,

Ωt = (xt, n
∗
t + ft, a

∗
t · (1− ft) ,mart, yp,t, jobt, ξt) . (32)

Importantly, after optimization in stage 1 is performed, Ω∗
t will be restricted to containing

the optimal fertility choices, f ∗
t .

Therefore, in stage 2, the Bellman equation focusing on the labor-supply choice alone,
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is similar to that in (25), namely,

Vt (Ωt) = pjtmax
ℓt

{
ut (ℓt, c̃t, nt,mart, at) + βE

[
V ∗
t+1

(
Ω∗
t+1 | ℓt,Ωt

)]}
+

+
(
1− pjt

) {
ut (ℓt, c̃t, nt,mart, at) + βE

[
V ∗
t+1

(
Ω∗
t+1 | ℓt = 0,Ωt

)]}
, (33)

whereas in stage 1, the optimization procedure is not through a Bellman equation, but

through maximizing the left-hand side of (33), yet after taking into account an exogenous

fecundity probability pft (a biological chance of not conceiving, increasing with age, see

Appendix D)36 namely,

V ∗ (Ω∗
t ) = pftmax

ft
[Vt (Ωt | ft,Ω∗

t )] +
(
1− pft

)
Vt (Ωt | ft = 0,Ω∗

t ) . (34)

In order to execute this step, we need to define the age of the youngest child not into

categories but on a grid representing the set of natural numbers {0, 1, ..., 13}, as explained
in Appendix C.37 Finally, the expression c̃t in the utility function given by (19) is a function

that describes much of the structure of personal incomes and their relation to policies in

Germany, as detailed in Appendix C.

To solve the model, first we used backward induction based on the Bellman equations

(25), (33), and (34), and then used the cross-sectional data of the state variables as inputs

in order to derive aggregates that match target means. The details of the calibration are

explained in Appendix D.

4.3 Heterogeneous populations

Model 2 admits a four-type unobserved-heterogeneity structure through the binary at-

titudinal switches O1, O2 ∈ {0, 1} in (19). Setting O1 = 1 scales child-related utility by

(1− α6), and setting O2 = 1 scales the disutility of effort (market work and parental child-

care) by (1 − γ5). Each (O1, O2) combination is solved by its own dynamic program, and

simulated moments are a mixture with independent type probabilities πO1 = p(O1=1) and

πO2 = p(O2=1). We estimate (πO1 , πO2) within narrow, literature-informed bounds.38

36The estimated specification also smooths the stage-1 fertility decision with an i.i.d. Type-I extreme-
value (Gumbel) preference shock of estimated scale σfε ; the deterministic maxft displayed in equation (34)
is the σfε → 0 limit. See Appendix D.

37Apparently, in all Bellman equations, representing the dynamics of xt given by equation (17) necessitated
the extrapolating of the grid for xt into a special grid for xt+1. This special grid for xt+1 captures the
extension of experience when working years are added and the depreciation of experience when years of
non-employment are added.

38For Germany, the bounds for πO1
and πO2

are taken from Wang [2026] at ±20% around her central
values, giving πO1 ∈ [0.60, 0.90] and πO2 ∈ [0.272, 0.408], with point estimates (π∗

O1
, π∗
O2

) = (0.759, 0.344).
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The four-type mixture serves two purposes: it captures permanent population het-

erogeneity in fertility and caregiving preferences documented in PSID/NLSY79 (US) and

SOEP/Pairfam (DE), and it enables joint identification of variance moments—most notably

the age-specific variance of labor supply Var(LS)t, which a representative-agent formulation

mechanically drives to zero at older ages.

4.4 Fitting Model 2 to the data

We estimate Model 2 via priority-weighted MSM for both the United States and Ger-

many. Since Model 2 takes into account both married and single females, the data targets

differ from those of Model 1. Table 6 reports the estimated parameters with Jacobian-based

standard errors (5% step, Nsim = 60,000). All 37 parameters satisfy |t| > 1.96 in both coun-

tries. Notable cross-country differences include the single-mother cost parameter α4 (−6.83

in the US vs. −7.17 in Germany), reflecting differences in institutional support structures.

Figure 3 shows the model fit for the three priority moment groups in both countries, plotted

in 5-year age bins from 22 to 45.

Table 7 reports the cross-cell mean of the corresponding moment block at the Model 2

estimate, in both data and the model, for each of the 13 moment groups. Rows are ordered

by overall fit quality (best at top, by average |%err| across the two countries).

4.5 Comparison with Model 1

Both models are structurally estimated for the United States and Germany, providing

a basis for comparing their fit and policy implications. Model 1 (Section 3) is estimated via

Method of Simulated Moments with 10 free parameters matching 124 moments organized into

seven groups by age (Appendix A) — labor supply, number of children, parental childcare

time, log adult consumption, log child consumption, log assets, and external childcare time

(as a calibration target); Figure 2 shows that the model and data lines overlap closely in

almost all cases, with the US fit being more successful for the number of children while the

German fit is tighter for labor supply, consumption, and assets. Model 2 is estimated via

priority-weighted MSM with 37 parameters matching 292 moments organized into 13 groups

for both countries: wages (mean log wage), labor supply (mean and variance, full-time

rate, part-time rate, mean labor supply by number of children), parental child-caring time,

fertility (mean number of children, fraction childless, birth probability, covariance(LS, N)),

and marital-status (share single without children, share single with children). Figures 2/3

For the United States, the bounds are informed by attitudinal-question shares in the NLSY79, giving πO1 ∈
[0.40, 0.70] and πO2

∈ [0.25, 0.55], with point estimates (π∗
O1
, π∗
O2

) = (0.600, 0.495).
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Table 6: Model 2 parameter estimates with Jacobian standard errors

United States Germany

Parameter Estimate SE Estimate SE

Discount factor
β 0.9618 (0.0071) 0.9308 (0.0119)

Consumption and children
α1 Consumption slope 13.450 (0.439) 10.083 (0.719)
α21 First child 0.770 (0.063) 17.090 (2.037)
α22 Second child 10.376 (0.320) 13.140 (0.847)
α23 Third child 12.926 (0.422) 14.999 (1.196)
α4 Single mother cost −6.834 (0.422) −7.173 (0.860)
α5 Single mother shifter 18.128 (0.759) 22.171 (2.238)
α6 Low-fertility-type pref. scaling 0.714 (0.010) 0.373 (0.044)

Work disutility
γ1 Constant 2.548 (0.171) 2.645 (0.411)
γ21 First child 1.447 (0.104) 9.982 (0.567)
γ22 Second child 0.095 (0.007) 0.641 (0.083)
γ23 Third child 0.631 (0.033) 9.927 (1.400)
γ31 Youngest child 0–2 7.499 (0.440) 6.103 (0.594)
γ32 Youngest child 3–5 0.011 (0.001) 4.227 (0.644)
γ33 Youngest child 6–8 19.986 (0.654) 3.696 (0.513)
γ34 Youngest child 9–11 0.792 (0.056) 2.121 (0.352)
γ35 Youngest child 12–13 7.394 (0.367) 1.878 (0.251)
γ4 Part-time coef. 0.202 (0.014) 0.319 (0.027)
γ5 Married-type pref. scaling 0.586 (0.029) 0.334 (0.043)

Parental childcare time cost
ζ1 Youngest child 0–2 6.192 (0.386) 1.199 (0.077)
ζ2 Youngest child 3–5 6.566 (0.499) 1.094 (0.145)
ζ3 Youngest child 6–8 11.309 (0.784) 6.788 (0.909)
ζ4 Youngest child 9–11 0.566 (0.042) 10.730 (1.512)
ζ5 Youngest child 12–13 11.990 (0.479) 10.352 (0.941)

Disutility scales
OL3 Labor disutility scale 0.249 (0.014) 0.173 (0.019)
OC3 Childcare disutility scale 0.502 (0.024) 3.679 (0.389)

Wage process
ϕ0 Constant 2.203 (0.003) 2.028 (0.010)
ϕ1 Experience slope 0.183 (0.001) −0.034 (0.003)
ϕ2 Experience slope sq. −0.011 (0.000) 0.003 (0.000)

Other
λp PT experience accumulation 0.333 (0.012) 0.557 (0.052)
σε Labor pref. shock scale 3.027 (0.117) 2.597 (0.224)
π1 Job-finding constant 1.206 (0.009) −0.494 (0.027)
ση Fecundity heterogeneity scale 2.916 (0.181) 3.177 (0.156)

Anchor-introduced
σfε Fertility pref. shock scale 4.241 (0.217) 1.400 (0.242)
lc-scale Childcare-time scale 0.771 (0.029) 0.500 (0.017)
πO1

Type-mix prob. (O1=1) 0.600 (0.008) 0.759 (0.053)
πO2 Type-mix prob. (O2=1) 0.495 (0.041) 0.344 (0.068)

Notes: Priority-weighted MSM estimates (37 parameters) at Nsim = 60,000, seed = 123. Jacobian-
based standard errors at step = 5% · |θ|, in parentheses. Both countries: 292 targeted moments (ages
22–45). All 37 parameters satisfy |t| > 1.96.
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Figure 3: Fit of Model 2

Notes: Data (black solid) vs. Model 2 (steelblue dashed). Top row: United States. Bottom row: Germany.

Panels (a,d): mean labor supply as fraction of day. Panels (b,e): mean number of children. Panels (c,f):

mean parental childcare time as fraction of day. Each panel plots the 5-year age-bin averages (22–26,

27–31, 32–36, 37–41, 42–45).

Table 7: Model 2 fit of group means

United States Germany

Moment group data model data model

Mean log wage 2.779 2.778 2.008 2.011
Variance of labor supply 0.026 0.025 0.017 0.016
Mean number of children 1.382 1.328 1.089 1.066
Mean labor supply 0.227 0.207 0.185 0.178
Full time rate 0.561 0.479 0.518 0.478
Fraction childless 0.400 0.483 0.460 0.410
Mean labor supply by number of children 0.220 0.206 0.155 0.120
Mean parental time 0.050 0.041 0.045 0.037
Part time rate 0.140 0.190 0.198 0.232
Birth probability 0.058 0.072 0.055 0.065
Share single without children 0.277 0.104 0.189 0.217
Covariance of labor supply and number of children −0.036 −0.003 −0.052 −0.001
Share single with children 0.184 0.033 0.061 0.112

Notes: Data and model columns are the cross-cell mean of the corresponding moment block
at the Model 2 estimate (Nsim = 10,000, seed = 123). Rows ordered by average |%err|g =
1
|g|
∑
k∈g |mk(θ

∗)−Md
k |/max(|Md

k |, 10−3)× 100 across the two countries (best at top).
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and Tables 4/6 present the model fit and estimated parameters with Jacobian-based standard

errors for both models and countries.

An important difference between the two models is that Model 1 targets age profiles

for couples only, while Model 2 includes both married and single females as distinct states.

Model 1 is fundamentally an aggregative framework: the number of children N enters as a

continuous (real-valued) population average per age cell, so choices are analyzed at the level

of a representative couple. Model 2, in contrast, embeds cross-sectional heterogeneity as a

core structural feature: women differ by marital status (married vs. single), by integer parity

(number of children currently: 0, 1, 2, 3+), and by unobserved type, with each combination

tracked as a distinct decision node. Despite these differences in data targets and quantitative

modeling choices, both models produce a good fit to their respective moments.

5 Randomized vignette survey

5.1 Design of the vignette survey

Our vignette survey implemented in UAS (year 2016) and Pairfam (year 2014) asks

about fertility/career decisions. The vignette defines environments that are characterized

along five dimensions: availability of childcare facilities; level of child allowances; working

hours of the partner; earnings of the partner; and individual hourly wage rate. A summary

of the attributes of the environments is given in Table 8. From all possible environments,

each respondent was randomly assigned four environments and was asked, for each, to state

their desired working hours and number of children.

Table 8: Stimuli of environments

Stimulus Unit Attributes
Childcare facilities guaranteed & costless during working hours

private responsibility and costly
Child allowance USD per month 200; 400

e per month 250; 500
Working hours of partner per month 0; 80; 160
Net earnings of partner USD per month 0; 800; 1600; 2400; 4800

e per month 0; 800; 1600; 3200
Individual wage rate USD per hour 5; 10; 20; 30

e per hour 5; 10; 30; 50

By varying the attributes along the five dimensions of environments, the vignettes allow
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us to evaluate the joint decision of fertility and labor-market participation as a function of

key background variables, i.e., pronatalist policies.

5.2 Sample compositions

The socio-demographics of the US and German vignette samples are described in Table

9. All numbers are unweighted. In both countries, we have a slight over-representation of

female respondents. Consistent with the targeted population of the survey (active population

at fertile age), the sample is relatively younger than the country-specific average. The average

household size is about three persons in both countries, but there is a higher fraction of

married respondents in the United States (about 60% vs. 43% in Germany). The US sample

is highly educated: about 78% have a college degree. For Germany, the share is about 46%.

The majority in both countries is employed: about 76% in the United States and about 67%

in Germany. Native born US citizens make up 93% of the US respondents. In Germany,

about 70 percent are resident in the former West Germany, which is close to the official

statistics. The incomes of the surveyed populations in both countries encompass a wide

range of the income distribution, including households with very low and high incomes.

Table 9: Description of vignette samples

US DE

mean sd mean sd
Fraction of male 0.404 0.491 0.359 0.480
Age 37.051 8.459 31.403 8.083
Hhsize 3.067 1.401 2.983 1.353
Married 0.597 0.491 0.432 0.496
College 0.783 0.412 0.460 0.499
Employed 0.761 0.427 0.675 0.469
USborn/DEwest 0.928 0.258 0.705 0.456
Income category Fraction (%) Fraction (%)
<10K 8.495 8.094
10-30K 17.305 26.476
30-50K 18.039 34.739
50-100K 33.351 20.742
>100K 22.811 9.949
N (respondents) 1,907 593

Notes: UAS 2015/2016 and Pairfam 2013/2014. Income in USD respectively EUR.

5.3 Results from vignette policy experiments

For the external validation of the model-based policy predictions, it is essential to study

how stated desired numbers of children and working hours vary with changes in the two
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policy variables, child allowances and external childcare facilities.

Table 10 gives a descriptive overview of the results from the vignette, reporting averages

of desired numbers of children and working hours for the four possible policy combinations.

For the most generous policy constellation (high child allowance; guaranteed and costless

childcare during working hours), the desired average number of children is about 2.02 in the

United States and 1.99 in Germany; the desired average working hours per month is about

124 in the United States and 100 in Germany. Departing from the most generous policy

constellation, reducing the child allowance by 50% lowers the desired number of children to

about 1.87 in the US and 1.69 in Germany. Average desired working hours remain the same

in the United States and slightly increase in Germany.

Similarly, abolishing guaranteed and costless childcare during working hours also lowers

the desired number of children (to about 1.8 in both countries), but in both countries it

seems to have no effect for the desired working hours. Simultaneously cutting the allowance

and abolishing costless childcare has the strongest effect on desired children, reducing it to

about 1.73 in the United States and 1.55 in Germany. The effects on desired working hours

are again moderate: In the United States we find a slight decrease compared to the most

generous policy constellation, in Germany a slight increase.

Table 10: Desired fertility and working hours under different pronatalist policies

Policy Mix High allowance Low allowance

Stat. US DE US DE
n⋆ l⋆ n⋆ l⋆ n⋆ l⋆ n⋆ l⋆

Free childcare Mean 2.018 124.4 1.993 99.63 1.873 124.2 1.694 107.3

Costly childcare Mean 1.788 121.9 1.768 103.9 1.725 117.3 1.554 104.3

Note. UAS 2015/2016 and Pairfam 2013/2014. Income in USD respectively e.

The above assessment of desired fertility and labor supply responses to policy changes are

descriptive, neither controlling for individual fixed effects nor for variations in the attributes

defining the environments, i.e., individual wage, partner’s working time, or earnings. To

econometrically control for these aspects, we estimate two fixed-effects regression models.39

Because desired children is a discrete variable in the survey, we estimate a Poisson Model

using the specification,

39Fixed effects model is appropriate because each respondent was asked to report desired children and
working hours for a series of four randomly assigned environments.
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n∗
i,e = αn + βnl

∗
e +
∑
w

γw,nDw,e + δnlpartner,e + ρnwpartner,e + θnTe + χnDc,e + ui,n + νi,e, (35)

with the following notation:

1. n∗
i,e: desired number of children of respondent i in environment e;

2. l∗i,e: desired number of working hours of i in environment e;

3. Dw,e: three dummies for individual wage according to environment e, such that the

lowest wage level serves as the benchmark;

4. lpartner,e: partner’s working hours according to environment e;

5. wpartner,e: partner’s wage according to environment e;

6. Te: child-specific level of allowances according to environment e;

7. Dc,e: dummy variable defining childcare facilities. It is equal to one if external childcare

is in private responsibility and costly in environment e;

8. ui,n: individual fixed effect;

9. νi,e: error term in fertility regression.

For desired working hours, we run a linear model of the form,

l∗i,e = αl + βln
∗
e +

∑
w

γw,lDw,e + δllpartner,e + ρlwpartner,e + θlTe + χlDc,e + ui,l + ϵi,e, (36)

with ϵi,e denoting the error term.

Table 11 summarizes the estimation results for the desired number of children for both

countries. The first three columns relate to the US, providing the estimates for all respon-

dents, male respondents, and female respondents. The subsequent three columns provide

the corresponding estimates for Germany. In general, for both countries, we find consistent

empirical patterns: Desired working hours and working hours of the partner have a mild
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negative or no effect, while own and partner wage have a positive effect on the desired num-

ber of children.40 The two policy variables have significant effects: higher child allowances

increase the desired number of children,41 while switching from guaranteed and costless ex-

ternal childcare to a costly one reduces the desired number of children.In Germany, the

effects are quantitatively larger than in the US.42

Table 12 has the same structure as Table 11 and summarizes the results for desired

working hours. Patterns are again rather consistent across the two countries: Desired working

hours drop with the number of desired children. Further, compared to the lowest wage level,

desired working hours are higher for the three higher wage levels, but there is no further

increase over the higher wage levels. In all samples, desired working hours decline with the

labor supply of the partner and in the partner’s wage rate suggesting a specialization of

spouses in labor-market and household activities or a substitution pattern. Pertaining to

the two policy variables, an increase of child-related allowances negatively affects desired

working hours,43 but the effect is insignificant in the US. Switching from guaranteed and

costless external childcare to costly care reduces desired working hours, but the effect is

insignificant for Germany.

Running two separate fixed-effects estimations, one for desired children and one for

working hours, does not take into account the simultaneity of the decisions. To cope with this

simultaneity, as a robustness check, we re-analyze the data using a dynamic bivariate probit

model. The dynamic model supports the general results from the previous estimations.44

40Empirical studies generally find that fertility increases with household income [Rosenzweig and Schultz,
1985, Hotz and Miller, 1988, Heckman and Walker, 1987, 1990b,a]. Consistent with this finding, Cohen
et al. [2013] show that fertility responses to child subsidies in Israel are weakest among high-income families.
Regarding methodology, Hotz and Miller [1993] develop an estimation approach for dynamic fertility models,
while Francesconi [2002] – who estimates a finite-horizon dynamic model of fertility and labor supply under
uncertainty for married women – finds fertility elasticities with respect to women’s wages between −1.0 and
−1.5 in the United States.

41Empirical evidence on the fertility effects of welfare and child transfers is mixed. Hoynes [1997] concludes
that the literature provides no compelling evidence of a welfare effect on fertility, while Moffitt [1998] argues
that the evidence supports such a relationship. Studying a lump-sum child transfer in Quebec, Milligan
[2005] finds a strong fertility response, while Kim [2014], using the same reform, finds little or no permanent
effect. Likewise, Parent and Wang [2007] show that long-run fertility responses are substantially smaller
than short-run responses.

42Table 11 uses wage dummies as control variables (with the lowest wage level as reference value, which
is left out). Appendix F, Tables F.2 and F.4 differ slightly, because the underlying estimations do not use
dummies but the wage rate as the control variable. This is because we must insert the wage into the model
equation to ensure comparability of the model-based simulated results and the vignette results.

43Laroque and Salanié [2014] estimate that a e150 monthly increase in child subsidies would reduce female
labor supply in France by about 0.5%. Using variation in Israeli child subsidies, Cohen et al. [2013] find that
higher subsidies increase fertility, although the effect is weakest among high-income families, for whom the
subsidy is less economically relevant.

44Details on the dynamic bivariate probit model and estimation results are provided in Appendix E.
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Table 11: Desired numbers of children from vignette survey

US DE

Female Male All Female Male All

Desired working hours -0.0006 -0.0005 -0.0005 -0.0012 -0.0014 -0.0014*

(0.0004) (0.0006) (0.0004) (0.0009) (0.0011) (0.0007)

Hourly wage (10 EUR / 10 USD) 0.0408 -0.0332 0.0113 0.1662* 0.1482 0.1587**

(0.0464) (0.0576) (0.0361) (0.0859) (0.1068) (0.0669)

Hourly wage (20 EUR / 30 USD) 0.2099*** 0.1836*** 0.2004*** 0.2035** 0.2639** 0.2250***

(0.0533) (0.0657) (0.0413) (0.0943) (0.1146) (0.0727)

Hourly wage (30 EUR / 50 USD) 0.3423*** 0.3001*** 0.3261*** 0.4562*** 0.5469*** 0.4771***

(0.0757) (0.0930) (0.0587) (0.1367) (0.2006) (0.1122)

Partner working hours 0.0005 0.0004 0.0005* 0.0009 -0.0005 0.0003
(0.0004) (0.0004) (0.0003) (0.0007) (0.0008) (0.0005)

Partner wage 0.0065*** 0.0068*** 0.0066*** 0.0119*** 0.0123* 0.0116***

(0.0016) (0.0018) (0.0012) (0.0045) (0.0063) (0.0036)

Child allowance (low / high) 0.0003 0.0003 0.0003* 0.0008** 0.0005 0.0006***

(0.0002) (0.0003) (0.0002) (0.0003) (0.0004) (0.0002)

Costly care (0 / 1) -0.1118*** -0.1319*** -0.1208*** -0.1385*** -0.0836 -0.1223***

(0.0321) (0.0378) (0.0244) (0.0519) (0.0710) (0.0417)
N 3928 2671 6599 1436 788 2224
Pseudo-R2 0.011 0.013 0.012 0.019 0.015 0.016

Notes: Vignette survey from UAS-27 (US, 2015/16) and Pairfam wave 5 (Germany, 2013/14). Standard
errors in parentheses. Estimates from Poisson fixed-effects model. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 12: Desired numbers of working hours from vignette survey

US DE

Female Male All Female Male All

Desired no. of children -1.7485** -0.6969 -1.3612** -3.3402** -7.1666*** -4.5937***

(0.7418) (0.7911) (0.5463) (1.3454) (1.9814) (1.1086)

Hourly wage (10 EUR / 10 USD) 3.8406** 10.1077*** 6.1596*** 13.5058*** 9.8789*** 12.0328***

(1.7848) (1.9531) (1.3277) (2.8429) (3.3634) (2.1731)

Hourly wage (20 EUR / 30 USD) 4.0339* 10.1739*** 6.4360*** 8.2402** 7.9809** 7.9550***

(2.1866) (2.3497) (1.6154) (3.2465) (4.0340) (2.5238)

Hourly wage (30 EUR / 50 USD) 3.0806 5.6184* 4.0187* -8.6976* 4.0741 -5.3560
(2.9845) (3.2637) (2.2205) (4.5711) (6.6196) (3.7306)

Partner working hours -0.0541*** -0.0162 -0.0389*** -0.2170*** -0.1527*** -0.1918***

(0.0140) (0.0149) (0.0103) (0.0214) (0.0269) (0.0167)

Partner wage -0.4118*** -0.2600*** -0.3480*** -0.8013*** -0.7814*** -0.7980***

(0.0637) (0.0654) (0.0462) (0.1555) (0.2185) (0.1266)

Child allowance (low / high) -0.0118 -0.0092 -0.0105 -0.0227** -0.0307** -0.0251***

(0.0092) (0.0095) (0.0067) (0.0107) (0.0133) (0.0083)

Costly care (0 / 1) -0.9834 -4.2644*** -2.3326** -0.1154 -2.8029 -1.0508
(1.2961) (1.3418) (0.9434) (1.8535) (2.5015) (1.4871)

N 4385 2972 7357 1520 852 2372
R2 (within) 0.028 0.033 0.026 0.183 0.155 0.168

Notes: Vignette survey from UAS-27 (US, 2015/16) and Pairfam wave 5 (Germany, 2013/14). Standard
errors in parentheses. Estimates from linear fixed-effects model. * p < 0.10, ** p < 0.05, *** p < 0.01.

35



6 Cross-validation strategy and results

We call a simulated panel the synthetic dataset obtained by feeding each female vignette

respondent’s observed characteristics and four randomized vignette environments into our

structural models, and recording the model’s predicted desired fertility (and labor supply).

In this exercise, we hold the model’s structural parameters fixed at the country-specific

estimated values and let the model’s decision rules generate one prediction per (respon-

dent × environment) cell. The resulting simulated panel mirrors the vignette panel exactly

in structure — same respondents, same set of randomized environments, same dimensions

— but with stated answers replaced by model-implied predictions, one for Model 1 and one

for Model 2. This parallel structure enables the “apples-to-apples” cross-validation, because

the population is held fixed and the policy variations for the predictions match the vignette

environments.

The cross-validation strategy relies on the following idea: take the test population of

female vignette respondents and compare their stated desired fertility responses for the

different vignette environments with the model-based predictions of completed fertility.

For each model, fertility predictions are a function of (a) the model’s structure and esti-

mated parameters, (b) the vignette environments, denoted by “e” (pronatalist policies, indi-

vidual wage, and partner’s wage and working hours),45 and (c) vignette respondents’ charac-

teristics, denoted by “X” (age, marital status, number of children). Formally, the prediction

is F̃ (Xi, ei), where Xi are respondent i’s characteristics and ei are respondent i’s randomly

assigned environment characteristics (or vignette stimuli). Therefore, model-specific predic-

tions vary because of variations in environments and respondents’ individual characteristics.

The resulting database contains all the information from the vignettes and also the model

predictions. To derive the latter, one needs the whole sequence of lifecycle decisions. This

is why we call the output of this procedure a “simulated panel” (see Figure 4).

The simulated panel permits two cross-validations. First, to examine whether the vi-

gnette environments have the same qualitative implications for stated desired fertility (ac-

cording to the vignette) and predicted fertility (according to the models). To this end, we

regress stated and model-predicted fertility on the same set of control variables, defined by

the vignette stimuli. This delivers an assessment of whether the model-based stimulus re-

sponses align with the stated fertility-preference responses. Second, importantly for policy

evaluation, to evaluate whether the policy elasticities predicted by the models align with

direct desired fertility responses from the vignette.

45Besides the policy variables, the vignettes comprise additional stimulus variables: the own wage, the
wage of the partner, etc. The latter allow us to explore heterogeneities in fertility/labor supply responses.
We thank an anonymous referee for pointing out this potential to us.
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6.1 Construction of the simulated panels

Figure 4: Construction of the simulated panels for cross validation of vignette and models

Model 1: esti-
mated parameters

(Section 3)

Model 2: esti-
mated parameters

(Section 4)

Randomized
vignette en-
vironments
(Section 5)

Hypothesis:
vignette respon-
dents decide in
line with the two
structural models.

Insert vignette
stimuli into each
model’s variables;
solve the model
per respondent.

Model 1 Sim-
ulated Panel

Model 2 Sim-
ulated Panel

We construct a simulated panel for each of the two structural models, using the informa-

tion from the vignette respondents as initial conditions and the randomized vignette stimuli

as model inputs. As detailed in Figure 4 and Table 13, the simulated panels for both models

have a common structure.

Since the vignette samples played no role in the estimation, the model-implied fertility

predictions are genuinely out-of-sample. The simulated panel is restricted to female respon-

dents aged 22–42 to match the age range of the vignette survey. In the US, this leaves us

with 3,056 observations from 764 respondents, and 1,128 observations from 282 respondents

in Germany.

Each vignette environment is characterized by five randomized attributes: the household

head’s hourly net wage (we), the partner’s working hours (hp,e) and hourly net wage (wp,e)

(with partner labor income yp,e = hp,e ·wp,e as a derived quantity), the availability of childcare

facilities (se ∈ {costly, subsidized}), and the allowance per child (Ae); we insert the exact

values of these attributes per survey respondent, into each model’s budget constraint as

w(t), yp(t), p̃b, and A, while holding the country-specific structural parameters θ̂ fixed at

the values reported in Section 3 (Model 1) and Section 4 (Model 2). The description of the

environments in the vignette referred to the life stage of “family planning.” This includes

the attribute “wage.” It is not clear if respondents interpret the wage as permanent or

temporary. For this reason, we report two perception treatments that span the natural range

of interpretations: a permanent-wage treatment, in which we replaces the wage process for all

remaining periods of the lifecycle, and a current-period-wage treatment, in which we applies

only at the respondent’s current age; the policy stimuli (Ae, se) and the partner-income
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stimulus (yp,e) are applied identically under both treatments.46

For the aggregative Model 1, for each respondent in every environment, we solve the

model using θ̂M1 from Section 3, taking the country’s estimated wage per age and partner-

income profiles as the baseline. The vignette stimuli enter Model 1 as time paths and scalar

policies. Under the permanent-wage treatment, the wage and partner-income paths are

replaced by the vignette values w(t) = we and yp(t) = yp,e = hp,e · wp,e from the age the

respondent answers the vignette (t0 = age− 21) through the end of the lifecycle. Under the

current-period-wage treatment, the vignette wage and partner income apply only at t0; the

estimated wage and partner income are restored for all later periods. The child allowance

is A = Ae; and the daycare subsidy rate is s = 0.95 under subsidized care or s = 0 under

costly care, applied to the baseline price as p̃b = (1 − s) · p̃baselineb . The model output for

each respondent in every environment is the mean number of children over ages 28 to 45,

Model 1’s fertility phase.

For the heterogeneous-agent dynamic-programming (DP) Model 2, for each respondent

and environment, we initialize it at the respective observed state (t0 = age − 21, n0 =

min(observed children, 3), marital status as observed, experience x0 = age − 22, age of

youngest child fixed at 3 for everyone) and solve the dynamic program at θ̂M2 from Section 4.

The vignette stimuli enter Model 2 through its wage process and budget constraint: the wage-

process intercept is set to ϕ0 = logwe with ϕ1 = ϕ2 = 0 (so the deterministic component of

wt = exp(ϕ0+ϕ1xt+ϕ2x
2
t+ξt) equals we, with the transitory productivity shock ξt

iid∼ N(0, σ2)

drawn independently each period (discretized onto a fixed grid of size S); the substitution

does not alter the shock distribution); the annualized partner income is yp,t = 12 · yp,e; the
annualized allowance is A = 12·Ae; and the daycare subsidy rate is s = 0.95 under subsidized

care and s = 0 under costly care. Again, we consider a permanent- and current-period-wage

treatment.47

The model output for each respondent and environment is completed fertility rsim, M2
children =

n45, defined as the mean over NSIM = 10,000 stochastic simulations and over Model 2’s four

heterogeneity types (O1, O2) ∈ {0, 1}2, probability-weighted by the anchor heterogeneity

distribution.

46We thank an anonymous referee for making both of these remarks, on (a) the permanent vs. temporary
nature of the vignette wage stimuli, and (b) their application to the respondent’s age at the time of the
survey.

47Computationally, Model 2 implements the current-period-wage treatment as a two-DP-solution con-
struction: at t0 she uses the policy from DPPerm (the dynamic program solved under the vignette wage per-
manent), and from t0 + 1 onward she uses the policy from DPN (solved under her estimated wage process).
The non-wage stimulus variables (Ae, se, yp,e) are applied identically across both DPs. See Appendix F,
Section F.2.1 for details.
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Table 13: Construction consistency: Model 1 and Model 2 simulated panels

Dimension Specification (shared by Model 1 and Model 2)

Vignette respondents female, age 22–42; US n = 3,056, DE n = 1,128
Randomized vignette stimuli we, hp,e, wp,e, se, Ae
Wage treatment Permanent and Current-period
Daycare subsidy rate s = 0.95 (subsidized), s = 0 (costly)
Support of n {0, 1, 2, 3} (Model 2: discrete state grid; Model 1: per-age

cap min(n(t), 3))

6.2 Cross-validation 1: qualitatively reproduce drivers of vignette

responses

This section examines whether attributes of the environments imply similar model-

based fertility predictions and stated fertility in the vignette. To this end, for the test

sample, Table 14 reports a linear regression of the model-predicted and stated number of

children on the vignette stimuli — hourly wage, partner earnings, child allowance, and the

costly-care indicator — estimated separately for the vignette panel and for each of the four

columns (Model 1 / Model 2 × Permanent / Current-period). The specification includes

respondent fixed effects (FE) with cluster-robust standard errors at the respondent level.

Because each respondent rates four vignette environments, the four stimulus coefficients are

identified from within-respondent variation across vignette environments.

In both countries, the costly-care coefficient is negative and highly significant in all five

regressions (see Table 14), indicating that lower external childcare costs increase fertility

regardless of the wage treatment. Higher child allowances imply higher fertility, with 8

out of 10 coefficients being significant. The hourly-wage coefficient is always positive and

significant in the United States. The same holds for the vignette panel and the simulated

panel of Model 1. For Model 2, it is negative but only significant under the permanent-wage

treatment. The partner-earnings coefficient is positive and significant in the vignette panel

for both countries; in the structural models, the responses are smaller in magnitude and

mixed in sign.

In sum, the first cross-validation is successful, with the two structural models quali-

tatively reproducing the drivers behind fertility responses in the vignettes. Quantitative

differences between Models 1 and 2 reflect modeling differences between more and less par-

simonious specifications, as anticipated in Section 6.1.
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Table 14: Fertility predictions from vignette and simulated panels

Model 1 Sim. panel Model 2 Sim. panel

Vig. panel Permanent Current-period Permanent Current-period

US
hourly wage 0.013*** 0.017*** 0.002*** 0.002*** 0.002***

[0.010, 0.017] [0.015, 0.018] [0.001, 0.002] [0.001, 0.002] [0.001, 0.002]

partner: earnings (per $1,000) +0.118*** -0.003 -0.001 +0.006 +0.011**
[+0.085, +0.152] [-0.013, +0.007] [-0.002, +0.000] [-0.002, +0.014] [+0.003, +0.020]

transfer (per $100) +0.032 +0.023*** +0.012*** +0.185*** +0.182***
[-0.014, +0.079] [+0.009, +0.037] [+0.011, +0.013] [+0.154, +0.217] [+0.151, +0.213]

costly care (0,1) -0.189*** -1.321*** -1.372*** -0.108*** -0.116***
[-0.268, -0.110] [-1.387, -1.256] [-1.378, -1.366] [-0.122, -0.093] [-0.132, -0.100]

R2 0.071 0.715 0.997 0.359 0.363
N 3,001 3,056 3,056 3,056 3,056

DE
hourly wage 0.020*** 0.029*** 0.003*** -0.003*** -0.001

[0.011, 0.029] [0.024, 0.035] [0.003, 0.004] [-0.004, -0.002] [-0.001, 0.000]

partner: earnings (per e1,000) +0.240*** -0.019 -0.003** -0.003 -0.010***
[+0.166, +0.314] [-0.043, +0.004] [-0.006, -0.000] [-0.008, +0.001] [-0.016, -0.004]

transfer (per e100) +0.132*** +0.014 +0.019*** +0.012*** +0.013***
[+0.064, +0.201] [-0.006, +0.033] [+0.017, +0.021] [+0.008, +0.016] [+0.009, +0.017]

costly care (0,1) -0.250*** -1.229*** -1.661*** -0.043*** -0.049***
[-0.340, -0.160] [-1.314, -1.145] [-1.670, -1.651] [-0.056, -0.031] [-0.062, -0.036]

R2 0.154 0.758 0.998 0.244 0.216
N 1,128 1,128 1,128 1,128 1,128

95% confidence intervals in brackets, cluster-robust at the respondent

* p < 0.10, ** p < 0.05, *** p < 0.01

Note: Data source: vignette panel from UAS-27 (US, 2015/16) and Pairfam wave 5 (Germany, 2013/14);

simulated panels generated at θ̂M1 and θ̂M2 from Sections 3 and 4. Female participants only, age 22–42.

Permanent : vignette wage applied for the full remaining lifecycle. Current-period : vignette wage applied

for one period only. The Vignette panel reports N = 3,001 (US) and N = 1,128 (DE) because 55 US female

respondents did not state rchildren and are dropped from the regression sample; the simulated-panel columns

use the model-predicted rchildren and retain all 3,056 (US) / 1,128 (DE) vignette-panel observations.
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6.3 Cross-validation 2: policy-effectiveness according to models

and vignette

In structural models, estimated policy responses depend on, among others, the stipu-

lated behavioral framework, functional forms, and other technical assumptions (see Todd

and Wolpin, 2023, p. 44). Potentially, many model structures could match the same estima-

tion targets equally well, but may have different policy implications. Thus, we cross-validate

the policy implications from Models 1 and 2 with the implications derived from the vignette

survey. This section conducts the cross-validation under a unified linear fixed-effects speci-

fication, which delivers a per-respondent elasticity that is invariant to the magnitude of the

policy change (see below).

Building on the linear fixed-effects regressions of Section 6.2, we compute a per-respondent

elasticity of children with respect to (i) the child allowance A and (ii) the daycare price pb,

separately for each of the five panels (vignette, Model 1 permanent / current-period, Model 2

permanent / current-period). For each panel and each respondent i, the FE model is pre-

dicted at two counterfactual values of the policy, Xlow and Xhigh, yielding the respondent-

specific fitted values n̂i,low and n̂i,high. The per-respondent elasticity is

εX,i =

(
n̂i,high − n̂i,low

)
/n̂i,low(

Xhigh −Xlow

)
/Xlow

, X ∈ {A, pb},

indexed by respondent i across the 3,056 US (1,128 DE) vignette-panel observations.48 Ta-

ble 15 reports the means as well as the minimum and maximum of the estimates of the

elasticity distribution {εX,i}Ni=1, while Figure 5 displays the density histograms. Because the

elasticities are invariant to the magnitude of the policy change and all estimates come from

the same test sample, the estimates are directly comparable.

In both countries and across all five estimates from Models 1, 2 and vignette, the ranges

of individual elasticities lie above zero for the allowance and below zero for daycare price,

the latter indicating that daycare subsidies increase fertility. At the same time, the ranges of

elasticities from Model 1 and Model 2 largely do not overlap. This is unsurprising because

model estimates are conditional upon model structure and therefore self-referential. Yet, the

usage of the same test dataset ensures comparability (“apples to apples”). In three out of

four cases, the ranges of vignette-implied elasticities fall between the two models. For the

allowance in Germany, the range of vignette elasticities lies beyond those of the two models.

Taking the vignette findings as a guide, this calls for model refinement in future research.

48Section 7 reports model-implied structural elasticities at θ̂∗ and places them within the empirical liter-
ature.
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Table 15: Regression-based predicted individual fertility elasticities from vignette and sim-
ulated panels

Model 1 Sim. panel Model 2 Sim. panel

Vig. panel Permanent Current-period Permanent Current-period
US
Allowance εA +0.037 +0.023 +0.012 +0.203 +0.200

[+0.025,+0.054] [+0.014,+0.037] [+0.008,+0.016] [+0.190,+0.214] [+0.186,+0.212]

Daycare price εpb −0.112 −0.887 −0.891 −0.055 −0.060
[−0.156,−0.077] [−1.108,−0.674] [−0.916,−0.864] [−0.062,−0.049] [−0.067,−0.053]

N (respondent–vignette obs.) 3,056 3,056 3,056 3,056 3,056
DE
Allowance εA +0.212 +0.017 +0.027 +0.017 +0.018

[+0.139,+0.377] [+0.010,+0.026] [+0.016,+0.038] [+0.016,+0.017] [+0.018,+0.018]

Daycare price εpb −0.155 −0.768 −1.316 −0.024 −0.027
[−0.285,−0.101] [−0.992,−0.608] [−1.390,−1.254] [−0.025,−0.023] [−0.028,−0.026]

N (respondent–vignette obs.) 1,128 1,128 1,128 1,128 1,128

Note: Data source: vignette panel from UAS-27 (US, 2015/16) and Pairfam wave 5 (Germany, 2013/14);

simulated panels generated at θ̂M1 and θ̂M2 from Sections 3 and 4. Per-respondent elasticities computed
from a linear fixed-effects regression of the (stated or model-predicted) number of children on the four
randomized policy stimulus variables, then predicted at counterfactual policy values and aggregated by the
per-respondent elasticity formula εX,i =

[
(n̂i,high − n̂i,low)/n̂i,low

]/[
(Xhigh −Xlow)/Xlow

]
. Under the linear

FE specification, the elasticity is invariant to the magnitude of the policy change. Cells report the
cross-respondent mean and [min,max] over the indicated sample (female participants, age 22–42; transfer
values: the allowance increases from USD200 to $400 (DE e250 to e500); the daycare subsidy scostly care

varies from 0.05 (subsidized) to 1 (costly)).
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Figure 5: Distribution of regression-based predicted individual fertility elasticities from vi-
gnette and simulated panels
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Note: density histograms of the individual fertility elasticities {εA,i} (left column) and {εpb,i} (right

column) over female respondents aged 22–42, computed as in Table 15. Top row: US; bottom row: DE.

Each subplot overlays five distributions: vig = vignette panel; M1 P = Model 1 with permanent-wage

treatment; M1 C = Model 1 with current-period-wage treatment; M2 P = Model 2 with permanent-wage

treatment; M2 C = Model 2 with current-period-wage treatment. Bin count: 40; X-axis range

[−0.20,+0.40] for the Allowance subplots and [−1.30,+0.20] for the Daycare-price subplots; dashed line at

ε = 0.
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7 Literature comparison and quantitative model-based

policy experiments

This section has two purposes. First, it compares the policy fertility elasticities from

Section 6 with those from previous literature. Second, it performs a typical model-based

back-of-envelope calculation, i.e., how policy costs translate into additional births.

Regarding the first purpose, Figure 6 shows the individual elasticities from the vignette

and the two models (top six rows) then compares them to estimates from previous studies.

These studies rely on estimated econometric models, applied theory models (such as ours),

and causal econometric designs. While elasticities for the allowance and subsidy point in the

same direction, they quantitatively differ across studies and countries. Furthermore, except

for one case (the vignette-based elasticity for the allowance), our estimates are in the range

of previous studies. This literature comparison is another indication that the vignette is a

useful tool for ex-ante policy evaluation.

The structural elasticity of the model-implied number of children n with respect to a

pronatalist policy X ∈ {A, pb}, at the MSM estimate θ∗ and age a, is

εstrA (θ∗, a) =
n
(
θ∗, Abase(1 + vA), p

base
b

)
− n

(
θ∗, Abase, p

base
b

)
n
(
θ∗, Abase, pbaseb

) /
vA,

εstrpb (θ
∗, a) =

n
(
θ∗, Abase, p

base
b (1 + vpb)

)
− n

(
θ∗, Abase, p

base
b

)
n
(
θ∗, Abase, pbaseb

) /
vpb ,

with vA = +0.20 and vpb = −0.20. The other pronatalist policy is held at its baseline value

in each case.49 The same MSM estimate θ∗ enters both the numerator and the denominator

(own-θ baseline), so εstr measures the pure policy response, free of parameter-shift noise.

The aggregate Model 1 and Model 2 policy elasticities at the estimated θ∗ (per 20%

policy variation) are reported in Table 16. Two outcomes are reported per (country, policy)

cell: εn uses mean fertility (Model 1: post-t̄ mean; Model 2: mean cumulative fertility), and

εℓ uses mean labor supply over the model’s lifecycle window.50 Both Model 1 and Model 2

report elasticities for a 20% reduction in the effective daycare cost (Model 2: subsidy raised

from 0 to 0.20; Model 1: pb reduced by 20%). Signs are aligned so that fertility responses

to cost-reducing interventions appear positive. Model 1 represents children as an aggregate

stock, without explicitly modeling their ages, while Model 2 tracks each child’s age explicitly

49Country-specific baselines: pbaseb = $8/hour (US) and e7/hour (DE), as set in Appendix A.1; Abase =
$89/month (US) and e200/month (DE), matching the calibrated allowance levels at which θ∗ was estimated.

50We thank an anonymous referee for suggesting that we report labor-supply elasticities alongside fertility
elasticities.
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and embeds an age-specific demand for daycare: young children require formal care, older

children do not. Thus, a daycare-cost reduction in Model 1 mechanically applies to all

children in the aggregate count, while in Model 2 it benefits only those currently of daycare

age. The two specifications represent the same economic intervention at different levels

of granularity, and the mechanical aggregation in Model 1 amplifies the fertility response:

Model 1’s εn for the daycare subsidy is larger than Model 2’s by a factor of roughly 1.6× in

Germany and 7× in the United States — the cross-country range broadly reflects the inverse

of the share of dependent-children years that actually require intensive daycare. The gap

reflects Model 1’s parsimonious aggregative structure, not a disagreement between the two

models on the direction or qualitative pattern of fertility responses to daycare cost. Labor-

supply elasticities, which respond to the presence of children of any age, are of comparable

order of magnitude across the two models.

Table 16: Model 1 and Model 2 policy elasticities based on averaged cross-sectional model
responses at the estimated θ∗ (per 20% policy variation)

US DE

Experiment εn εℓ εn εℓ

Model 1
Child allowance (A) ×1.20 (+20%) +0.013 +0.021 +0.054 +0.101
Subsidy rate (s): 0 → 0.20 (price −20%) +1.262 +0.016 +1.326 +0.114

Model 2
Child allowance (A) ×1.20 (+20%) +0.266 −0.016 +0.348 −0.067
Subsidy rate (s): 0 → 0.20 (price −20%) +0.174 −0.008 +0.835 −0.157

In Model 2 the labor supply is a discrete choice among three states, non-employment,

part-time work, and full-time work, which mirrors the institutional structure of female la-

bor markets and allows the model to capture the major intensive-margin shifts induced by

changing childcare and allowance policies. Model 1’s labor supply is a continuous fraction of

available time and does not separate participation from hours, so its labor-supply response

to policy reflects a marginal adjustment along a smooth continuum rather than discrete

transitions across employment states. As a result, Model 2’s labor-supply elasticities are

systematically negative and economically interpretable (more children imply that parents

are more time constrained), while Model 1’s are small in absolute value and positive in all

four cells (between 0.02 and 0.11 at the structural estimate), reflecting Model 1’s simpler

labor-supply specification rather than a substantive economic disagreement with Model 2.

Figure 6 places these model-implied elasticities within the empirical literature on child-

allowance and daycare-price fertility elasticities. Our Model 2 estimates and the vignette
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estimates lie within the central range of values for both countries and both policies; Model 1’s

daycare-price elasticities sit at the upper end of the band in magnitude, because Model 1

applies the daycare-cost reduction to all children, whereas Model 2 applies it only to those

of daycare age (decomposed in Appendix C.3).

Turning to the second purpose, we now conduct two model-based policy experiments

using the structural estimates of the two models (θ̂M1 in Table 4 and θ̂M2 in Table 6). In the

experiments, the allowance and the childcare subsidy imply a monthly cost of $100 (e100)

per family, so that both become fiscally comparable:51

1. Increase of child allowance equivalent to $100 (e100) per month per household with

children.

2. Subsidization of the daycare price equivalent to $100 (e100) per month per household

with children.

Table 17 summarizes the resulting fertility responses for both models in the United

States and Germany, while Figure 7 shows the corresponding N(t) age profiles.

Table 17: Fertility policy responses

Baseline N After allowance After daycare subsidy

Model 1 (average number of children, post-childbearing window)
United States 1.571 1.585 (+0.9%) 1.956 (+24.5%)
Germany 1.230 1.255 (+2.1%) 1.898 (+54.3%)

Model 2 (completed fertility at age 45)
United States 1.729 1.922 (+11.2%) 1.802 (+4.2%)
Germany 1.557 1.651 (+6.0%) 1.683 (+8.1%)

Notes: Model 1 reports the average number of children over the post-childbearing ages at the estimated
model parameters. Model 2 reports completed fertility, i.e., the cumulative number of children ever born by
age 45, at the estimated model parameters, averaged over 10,000 simulated lifecycles.

Three features stand out: (i) both models in both countries consistently indicate that

both policies raise fertility; (ii) in Germany, both models consistently indicate that the

daycare subsidy is more cost-effective than child allowances; (iii) in the United States, the

51In the budget constraints of the two models, allowances and daycare subsidies are specified per child;
for cross-policy comparison, we convert each intervention into its household monetary-equivalent given the
baseline number of children Nbase: ∆A = $100 (e 100)/Nbase per child per month for the allowance, and
∆p̃b = −$100 (e 100)/(Nbasemb,baseHmo) per hour for the daycare subsidy in Model 1 (withHmo = 24×20 =
480 work-hours per month). Model 2’s daycare cost is structural (varying by child age and parent labor-
supply choice) and has no scalar p̃b, so we apply the equivalent fractional cost reduction via a subsidy rate
s matched to Model 1’s percentage Pb reduction at the same $100 (e100) magnitude (s = 0.196 in the US,
s = 0.337 in Germany).
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Figure 6: Comparison with fertility elasticities from literature
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Note: Coefficient plot of fertility elasticities with respect to the child allowance (εA, blue circles) and the
daycare price (εpb , dark-red diamonds). Our study is shown above the dotted separator (vignette, Model 1,
Model 2 separately for the US and Germany); literature is shown below, sorted by publication year (most
recent at top). United States and German studies (our focal countries) are highlighted in bold black; other-
country studies are shown in regular weight with lower-opacity markers. The dagger (†) flags elasticities
approximated from reported birth-percentage effects and policy changes. Markers indicate point estimates.
For our study, bars span the [min,max] of the per-respondent elasticity distribution from Table 15 (cross-
respondent range). For Whittington et al. [1990], bars span the across-specification range reported in the
original paper. For dagger-flagged entries, bars are approximate ranges consistent with the reported birth-
percentage effect. Studies without bars report a single point estimate. Adda et al. [2017] reports the
short-run elasticity (≈ 0 long-run). Gathmann and Sass [2018] report a childcare-attendance price elasticity
(−0.6); the fertility effect itself is statistically insignificant overall (positive only for higher-parity families).
The reduced-form childcare-price studies (Mörk et al. 2013, Bauernschuster et al. 2016, Dow 2026) report
effects on period birth rates or birth timing, not completed fertility. Bauernschuster et al. [2016] study a
childcare availability (coverage) expansion rather than a price change, so the plotted εpb is an approximate
price-equivalent conversion.
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Figure 7: Age profiles of fertility under different policies

Notes: Three scenarios: baseline (black solid), +$100 (+e100) per month increase of allowance (solid

blue), and −$100 (−e100) per month daycare subsidy (solid red). Top row: Model 1, panels (a) US, (b)

Germany; bottom row: Model 2 with NSIM = 10,000, panels (c) US (subsidy rate s = 0.196), (d) Germany

(subsidy rate s = 0.337). The Model 1 N is n(t) at each age; the Model 2 N is cumulative fertility (number

of children ever born by age t).
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models yield inconsistent policy ranking52 with Model 1 assessing the daycare subsidy and

Model 2 the allowance as more cost-effective.53

To gauge the macroeconomic scale, we conduct a back-of-the-envelope fiscal-cost cal-

culation for 2020 using the Model-selected cost-effective policies. Two ingredients enter

the calculation. First, the per-child equivalent of the $100 (e100) per month policy is

∆A = $100/Nbase per child per month (annualized: 12∆A per child per year), applied to

the eligible pool of children (under five for the daycare subsidy; under eighteen for the al-

lowance). Second, the policy also generates additional births in the rollout cohort, equal to

the policy’s fractional response rescaled to the actual 2020 birth count:

additional births =
Npolicy −Nbase

Nbase︸ ︷︷ ︸
%∆N from Table 17

× births2020︸ ︷︷ ︸
actual cohort size

.

Adding the additional births to the baseline eligible pool and multiplying by 12∆A gives the

annual fiscal cost.54

In the United States, Model 1 ranks the daycare subsidy as more cost-effective. The

per-child equivalent is $100/1.571 = $63.7 per month ($764 per year), and the additional

births from the policy are 0.385/1.571 × 3,605,201 ≈ 883,500. The implied annual fiscal

cost is (18,500,000 + 883,500) × $764 ≈ $14.8 billion, or 0.07% of GDP. Model 2 favors

the allowance, with N45 = 1.729 and a per-child equivalent of $57.8 per month ($694 per

year). With ≈ 73.5 million eligible children under eighteen, the implied annual fiscal cost is

≈ $51.0 billion, or 0.24% of GDP.

In Germany, both models favor the daycare subsidy. Model 1 has Nbase = 1.230 and

a per-child equivalent of e81.3 per month (e976 per year); with ≈ 3.8 million children

under five plus 0.668/1.230 × 773,144 ≈ 419,900 additional births, the annual fiscal cost is

≈ e4.1 billion (0.12% of GDP). Model 2 has N45 = 1.557 and a per-child equivalent of e64.2

per month (e771 per year), implying ≈ e3.0 billion or 0.09% of GDP. In all four (model,

country) cells, the implied annual fiscal cost is in the range 0.07–0.24% of GDP at the policy

magnitudes considered here.

Three policy-relevant messages emerge. First, both interventions raise fertility in both

52The architectural reasons — Model 1’s aggregate-count daycare-cost mechanism and the channel-
cancellation in Model 1’s allowance response — are decomposed in Appendix C.3.

53For Norway, Chan and Liu [2018] find significant fertility effects of cash transfers, particularly among
less-educated women. The model-specific pattern reported here suggests that cross-country differences may
depend on the structural specification used. Chan and Liu [2018] is omitted from Figure 6 because it does
not report directly comparable elasticity estimates.

542020 cohort and stock data used below: US births 3,605,201, children under five ≈ 18.5 million, children
under eighteen ≈ 73.1 million, GDP $21.060 trillion; DE births 773,144, children under five ≈ 3.8 million,
children under eighteen ≈ 13.8 million, GDP e3.329 trillion.
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models and both countries, so the qualitative case for pronatalist policy is robust to the

choice of structural model. Second, the implied annual fiscal cost ranges from 0.07% to

0.24% of GDP across the four (model, country) cells—well within a politically feasible budget

envelope. Third, the daycare subsidy operates on a meaningfully calibrated margin in both

models: Model 1’s post-t̄ baseline level of external childcare time per child, m̄b = 0.085

in the US (≈ 2.0 hours per work-day per child) and 0.072 in Germany (≈ 1.7 hours per

work-day per child), is within rounding of the calibration target 1/12 ≈ 0.0833 (Table 5);

Model 2’s equivalent subsidy rate, s = 0.196 in the US and s = 0.337 in Germany, lies within

the empirical range of childcare subsidies in the two countries. Together, these findings

give policymakers a meaningfully bounded set of expected outcomes, even where the two

structural models disagree on the precise ranking of allowance versus subsidy in the United

States.

8 Conclusion

Two broad approaches are commonly used to assess the effectiveness of policy inter-

ventions. The first relies on estimated or calibrated structural models. A key advantage

of this approach is that it can provide ex ante estimates of the effects of pronatalist poli-

cies before they are implemented, thereby informing policy design and evaluation. At the

same time, multiple models may be consistent with the same observed data while yielding

conflicting policy implications. The second approach evaluates implemented policies using

causal econometric methods applied to field data. Its primary advantage is that it provides

direct empirical evidence on policy effects. Its limitation, however, is that policies can only

be evaluated ex post, once they have been implemented.

Building on the ideas of Todd and Wolpin [2023], we designed and implemented a three-

stage framework that combines the strengths of both approaches. The framework uses direct

empirical evidence to discipline structural analysis while retaining the ability to conduct ex-

ante evaluations of policies that have not yet been implemented: (a) for direct experimental

evidence, we developed and implemented a vignette survey that randomizes out-of-sample

policies; (b) for structural analysis, we solved and estimated two competing applied-theory

models (one aggregative and parsimonious; another richer and respecting cross-sectional

heterogeneity); (c) for cross-validation, we used the vignette sample as an independent test

database for comparing model-predicted policy responses with direct estimates from the

vignette.

We applied this framework to the evaluation of out-of-sample pronatalist policies. Such

policies are particularly difficult to assess because their effects often materialize only with
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substantial delays, and because fertility responses are shaped by social norms and other

equilibrium forces that evolve over time. The application provided respondents with two

types of randomized stimuli: (a) pronatalist policy variables (levels of child allowances and

daycare subsidies), and (b) economic household features (individual wages and partner’s

earnings). We asked respondents to state desired fertility and working hours. Hence, by

design, the vignette addressed career–fertility tradeoffs.

The vignette was integrated into two existing representative panels, one in the US and

another in Germany. The longitudinal component of the panels allowed us to explore whether

respondents’ statements agreed with their actual-life fertility and labor-supply choices about

a decade later, a necessary condition for whether they “meant what they said.”

The estimation of the competing structural models relied on independent, representative

micro-data from both countries. As in any estimated model, goodness of fit to data relies on

model specification, i.e., the models are self-referential, and policy implications can be sen-

sitive to model specification, leading to “apples-to-oranges” policy-evaluation comparisons.

The third step, which is the heart of our method, involved using the vignette samples

as independent test datasets. In the test datasets, (i) the personal characteristics of the

respondents were fixed, and (ii) the variation in the randomized vignette-environment stimuli

was fixed. Inserting both into the estimated models generated policy predictions through

model simulations. These individual-level predictions could be compared directly with the

stated responses from the vignette. In this way, we could achieve direct “apples-to-apples”

comparability of policy implications across both models and the vignette.

Regarding the policy assessment, our main findings indicated that stated fertility re-

sponses of the vignette were not just in the ballpark of the directly comparable policy pre-

dictions of our two models, but also with evidence from previous literature (which are less

directly comparable). Daycare subsidies seemed more cost-effective than child allowances.

Methodologically, the main message from our study was that the three-step procedure

achieves four goals: (1) comparability between vignette-survey policy implications and model

implications, (2) comparability across models, (3) guidance from the vignette survey re-

garding the direction of economic-behavior mechanisms that one should pursue in building

applied-theory models, and (4) guidance from our vignette survey regarding the direction

of policy implications of applied-theory models. Further developing vignette-survey instru-

ments can circumvent the cost of designing and executing field experiments. Using them as

navigation guides on how to specify applied-theory models for out-of-sample policy evalua-

tions is a direction for future research on externally validating policy implications of model-

based research.
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A Data for model estimation

Building on Model 1, we estimate lifecycle profiles from age 22 to 45 for seven mo-

ment groups: adult consumption, child consumption, number of children, household labor

supply, total household assets, parental childcare time, and external childcare time. These

seven groups together yield 124 targeted moments. The 124 moments comprise age-indexed

profiles for six of the seven groups (adult consumption, child consumption, number of chil-

dren, household labor supply, total household assets, and parental childcare time) over the

relevant lifecycle windows, plus a single estimated target for external childcare time. The

per-group moment counts and age windows are detailed in Sections A.1.1 and A.1.2. The

two childcaring profiles enter through the model’s time-allocation equations (9): parental

childcare time is matched to its data age profile, while external childcare time is matched to

an estimated target. The household head’s hourly wage and the spouse’s labor income enter

Model 1 as exogenous inputs rather than estimation targets.

Model 2 targets a richer moment set that exploits the woman-level cross-section: 292

moments organized into 13 blocks. Twelve blocks are indexed by age 22 to 45 (24 ages

each); the thirteenth is the pooled mean of labor supply by capped number of children (4

cells, ncap ∈ {0, 1, 2, 3}). The age-indexed blocks cover mean labor supply, mean number

of children, and mean parental time; the employment composition (full-time and part-time

rates, cross-sectional within-age-group variance of labor supply); the fertility margin (fraction

childless, birth probability, covariance of labor supply and number of children); the marital-

fertility joint distribution (shares of single-without-child and single-with-child); and the mean

log hourly wage.

Both models draw on the same underlying surveys: PSID, ATUS, CPS, and SCF for

the United States; SOEP, Pairfam, and HFCS for Germany55. Estimation samples, however,

differ:

� Model 1 sample (couples-only): Because Model 1 is a household-level model, all

variables are at the household-head level: the wage and labor-supply profiles target the

head’s variables, while the partner-earning profile targets the spouse’s labor income.

The household head is thus the empirical counterpart of Model 1’s single decision-

maker.

� Model 2 sample (woman-level, pooling singles and women in couples): Because

Model 2 takes the perspective of women, we exclude all men and, instead, include

55Throughout this appendix, unless otherwise noted, US dollar amounts are deflated to 2011 prices and
German euro amounts to 2010 prices, and all reported means are survey-weighted. In all profile figures,
shaded bands are 95% bootstrap confidence intervals (B = 300 draws).
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unpartnered and partnered females. It is these women’s characteristics that enter the

moment computations, grounding Model 2’s profiles on the woman’s lifecycle.

The remainder of this appendix is organized model-by-model and country-by-country.

Sections A.1.1 and A.1.2 describe the lifecycle data underlying the couples-only Model 1

estimation for the United States and Germany, summarized in Figures A.7 and A.14. Sec-

tions A.2.1 and A.2.2 describe the woman-level data underlying the Model 2 estimation,

summarized in Figures A.28 and A.41.

A.1 Model 1

A.1.1 Model 1 for the United States

Our data infrastructure comprises the Panel Study of Income Dynamics (PSID) for the

lifecycle panel, the American Time Use Survey (ATUS) for childcare time, and the Survey

of Consumer Finances (SCF) for household net wealth.

The PSID is a longitudinal survey that follows a nationally representative random house-

hold sample. It details economic and demographic information annually from 1968 to 1997

and biannually after 1997. Most of our variables are constructed from PSID data from 1999

to 2013, as the time window before our vignette surveys were fielded. ATUS provides na-

tionally representative data of how, where, and with whom Americans spend their time. It is

the only federal survey providing micro-level data on the full range of non-market activities,

from childcare to volunteering. We use the 2014 ATUS to compute parental childcare time

of the household head. The SCF is a cross-sectional household survey on families’ balance

sheets, pensions, income, and demographic characteristics. We use SCF to derive households’

wealth accumulation profiles.

For all three datasets, we focus on couples with the household head aged 22 to 45.

Consumption

We construct the consumption-age profile from PSID’s consumption modules from

2005 to 2013. Total household consumption is the sum across all PSID consumption sub-

categories. To adjust for differences in needs across household types, we apply the modified

OECD equivalence scale,

SOECD = 1 + 0.5 (na − 1) + 0.3nc,

in which the first adult counts as one equivalence unit, each additional adult as 0.5, and

each child as 0.3. Children’s consumption is total household consumption multiplied by the
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children’s share of these equivalence units; adult consumption takes the remainder. Table A.1

reports descriptive statistics for the three consumption variables on the pooled PSID 2005–

2013 sample (one observation per household-year). Figure A.1 shows the age profiles of adult

and child consumption.

Table A.1: Consumption

Variable Age group N Mean SD p25 p50 p75

Total household consumption

≤25 801 42,452 19,661 29,452 38,469 51,103
26–30 2,048 54,123 27,026 36,191 49,129 65,090
31–35 2,324 65,849 37,534 43,689 57,642 78,110
36–40 2,051 73,089 47,731 46,485 63,200 86,116
41–45 2,022 75,139 61,268 47,720 64,660 86,705

Adult consumption (OECD split)

≤25 801 38,589 19,046 25,299 34,581 47,199
26–30 2,048 47,264 25,064 30,363 42,620 57,405
31–35 2,324 54,872 32,040 35,412 47,530 66,013
36–40 2,051 59,200 38,282 38,334 50,569 70,111
41–45 2,022 61,916 47,760 39,974 54,040 72,567

Child consumption (OECD split)

≤25 801 3,863 4,594 0 2,875 6,374
26–30 2,048 6,859 7,296 0 5,525 11,032
31–35 2,324 10,977 10,483 3,797 9,402 15,351
36–40 2,051 13,889 13,017 5,877 11,929 18,947
41–45 2,022 13,223 16,508 3,771 10,465 18,307

Note: Model 1, United States. Total household, adult, and child consumption in 2011 USD; survey-
weighted. Pooled PSID 2005–2013.

Figure A.1: Age profiles of adult and child consumption
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Number of children

In PSID, children are household members under 18. Table A.2 reports descriptive

statistics for the per-household number of children by age group. Figure A.2 shows the age

profile of the per-household number of children.

Table A.2: Number of children

Variable Age group N Mean SD p25 p50 p75

Number of children (under 18)

≤25 1,454 0.940 0.990 0.000 1.000 2.000
26–30 3,409 1.190 1.150 0.000 1.000 2.000
31–35 3,818 1.590 1.190 1.000 2.000 2.000
36–40 3,743 1.770 1.190 1.000 2.000 2.000
41–45 3,913 1.560 1.190 1.000 2.000 2.000

Note: Model 1, United States. Per-household number of children; survey-weighted.

Figure A.2: Age profiles of number of children
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Note: Model 1, United States. Lifecycle profile of the number of
children per household; survey-weighted.

Partner’s earnings and other income sources

Partner’s income, yP , is defined as post-government household income minus capital

income minus the head’s net labor earnings; capital income is deducted because it already

enters the model through the return on assets, rat, in the budget constraint. We smooth yP

across age via a panel fixed-effects regression on year dummies, the head’s and partner’s ages,

education-level dummies for both partners, household size (number of adults and children),

and the partner’s monthly hours. Table A.3 reports descriptive statistics for the raw partner-

income variable yP by age group and for capital income ycap pooled across ages 22–45.

Figure A.3 shows the age profile of partner income and capital income.
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Table A.3: Partner income and capital income

Variable Age group N Mean SD p25 p50 p75

Partner income (raw)

≤25 1,389 16,399 13,433 5,062 14,300 25,021
26–30 3,265 23,288 21,291 7,223 21,069 32,723
31–35 3,688 29,176 29,899 7,242 23,991 39,576
36–40 3,606 31,339 35,196 7,767 24,237 41,748
41–45 3,744 32,905 36,511 9,746 24,477 43,081

Capital income (> 0 only) All (22–45) 577 3,682 10,851 186 891 2,168

Note: Model 1, United States. Partner income (by age group) and capital income (> 0, pooled
across ages 22–45), in 2011 USD; survey-weighted.

Figure A.3: Age profile of partner income and capital income
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Note: Model 1, United States. Lifecycle profile of mean log
partner income yP (raw) and mean log capital income (condi-
tional on ycap > 0); survey-weighted. Windfall/inheritance in-
come (gifts plus expected inheritances from SCF, discounted at
50%) is treated as a separate model input and does not enter this
profile.

Net hourly wages and working hours

Our labor-market target variables for the household head are the annual hours of work

lt, expressed as a fraction of the maximum annual working time 24× 4.25× 5× 12 = 6,120

hours, and the net hourly wage wt. Annual hours and gross hourly wages are reported

directly in PSID; net hourly wages are constructed as gross earnings times (1 − τ), where

the household’s income-tax rate τ comes from NBER TAXSIM (version 9; see Kimberlin,

2015).56

We estimate both lifecycle profiles via panel fixed-effects regressions: on the head’s net

hourly wage for wt, and on the head’s annual hours for lt. Both regressions use the same con-

trols: year dummies, the head’s and spouse’s ages, their squares, the number of adults, and

56The NBER’s Internet TAXSIM version 9, http://users.nber.org/~taxsim/taxsim9/.
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the number of children. Predicted values are collapsed by the head’s age. Table A.4 reports

descriptive statistics for the net hourly wage and the annual hours of work, restricted to

working heads (consistent with the working sample used in the wage regression). Figure A.4

shows the age profiles of the net hourly wage and annual hours of work.

Table A.4: Net hourly wages and annual hours

Variable Age group N Mean SD p25 p50 p75

Net hourly wages (USD/hr)

≤25 1,389 14.950 7.490 10.250 13.680 17.430
26–30 3,265 18.850 10.070 12.270 16.620 22.400
31–35 3,688 22.900 12.030 14.410 20.130 28.000
36–40 3,606 25.470 13.270 15.770 22.360 32.810
41–45 3,744 27.110 14.110 16.400 23.780 35.830

Annual hours of work

≤25 1,389 2,088 705 1,828 2,080 2,448
26–30 3,265 2,192 672 1,960 2,147 2,500
31–35 3,688 2,279 648 2,000 2,232 2,568
36–40 3,606 2,270 625 1,968 2,200 2,558
41–45 3,744 2,274 647 1,976 2,205 2,586

Note: Model 1, United States. Net hourly wages (2011 USD) and annual hours of work; working
heads only; survey-weighted.

Figure A.4: Age profile of net hourly wages and hours
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Note: Model 1, United States. Lifecycle profiles of (a) mean log net hourly wage and (b) mean annual hours
of work; survey-weighted. Working heads only.
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Net wealth

The Survey of Consumer Finances (SCF) 2007 wave records detailed household-level

asset information. We construct net wealth as the sum of all financial and non-financial

assets — stocks, business equity, bonds, savings/checking accounts, retirement accounts,

life-insurance cash value, real estate, vehicles, and personal-use assets — net of liabilities.

The moment block uses eight five-year age bins (≤ 25, 26–30, . . . , 56–60); the bins extend

beyond the model’s 22–45 horizon to anchor terminal wealth. Table A.5 reports descriptive

statistics for net wealth on the SCF couples sample, restricted to the model’s 22–45 horizon.

Figure A.5 shows the age profile of net wealth.

Table A.5: Net wealth

Variable Age group N Mean SD p25 p50 p75

Net wealth

≤25 162 24,671 165,172 -2,600 2,580 11,260
26–30 249 88,853 259,851 252 13,812 81,750
31–35 309 121,426 259,975 5,700 27,830 135,206
36–40 378 192,509 347,782 8,860 73,690 226,204
41–45 460 249,479 432,282 9,760 82,030 280,720

Note: Model 1, United States. Net wealth in nominal USD (SCF 2007); survey-
weighted.

Figure A.5: Age profile of net wealth
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Note: Model 1, United States. Lifecycle profile of mean log net
wealth (conditional on NWorth > 0) across the full SCF range 22–
60; survey-weighted. Defined-benefit pension wealth is excluded
to keep the asset definition comparable across the United States
and Germany. Net wealth is averaged over the SCF’s five impli-
cates per household and symmetrically winsorized at the 2nd and
98th percentiles.
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Parental childcare time (household head)

The 2014 American Time Use Survey records minute-level diary data on parental child-

care activities, classified into 20 primary-childcare codes covering physical care, educational

activities (reading, homework assistance), and child-health-related care. We sum across these

20 codes at the respondent level and express the daily total as a fraction of a 24-hour day.

Restricting to household heads in couples, we compute the age-specific mean. Table A.6

reports descriptive statistics for the head’s parental childcare time. Figure A.6 shows the

age profile of parental childcare time.

Table A.6: Parental childcare time

Variable Age group N Mean SD p25 p50 p75

Parental childcare time (fraction of day)

≤25 147 0.053 0.091 0.000 0.000 0.082
26–30 485 0.046 0.078 0.000 0.000 0.062
31–35 727 0.056 0.077 0.000 0.024 0.083
36–40 743 0.053 0.080 0.000 0.021 0.080
41–45 707 0.039 0.066 0.000 0.007 0.059

Note: Model 1, United States. Household head’s parental childcare time, as a fraction of a 24-hour
day; survey-weighted.

Figure A.6: Age profile of parental childcare time
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Note: Model 1, United States. Lifecycle profile of mean parental
childcare time of the household head (fraction of a 24-hour day);
survey-weighted.

External childcare time

External childcare time is not directly recorded in PSID or other US micro datasets.

We therefore infer it from the average childcare expenditure and the market price of external

care.
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The composition of childcare cost depends on children’s age; in general, it includes the

cost of after-school sitters, au pairs, childcare centers, family childcare centers, and nannies.

By using the “Family Budget Calculator” provided by the Economic Policy Institute,57 we

can calculate the estimated childcare cost. The average childcare cost in the US is quite

heterogeneous across different regions. For example, a household with 2 adults and 1 child

will spend around $1,472 on childcare in Washington, D.C., but only $390 in rural Arkansas.

We have set the childcare cost equal to $550 per child per month. Using the average hourly

cost of external childcare at $8/hour, the calculated childcare time would be $550/$8 =

68.75 hours per month per child, and then divided by 7 × 24 × 4 (monthly available time),

approximately 10% of childcare time is allocated through external childcare resources. This

is consistent with observed conditions in the United States.58 Each worker typically cares

for a small group of children, implying an effective labor cost of $3–4 per child per hour, and

including an overhead for facilities and administration, an effective price in the $7–$12 per

hour range captures a realistic level faced by families when purchasing childcare. In Model 1,

the structural childcare price is set at $8 per hour for the United States, consistent with this

range.

Summary of data moments

Table A.7 summarizes the nine data moments used in the US estimation. Each variable

is reported by age group; the upper row of each cell is the anchor mean (b = 0) and the

lower row in parentheses is the 95% bootstrap CI. Throughout, b = 0 denotes the anchor

(un-resampled) draw and b = 1, . . . , B are bootstrap replications.

The combined age profiles for the seven US data moments described above are sum-

marized in Figure A.7. Each panel plots one of the seven lifecycle profiles at the single-age

resolution used in estimation, complementing the age-group summary table above.

57See www.epi.org/resources/budget/, and for details of the Family Budget Calculator, see Gould
et al. [2015].

58Childcare workers earned a mean annual wage of approximately $22,310 (median $20,320) in 2015
according to the Bureau of Labor Statistics Occupational Employment Statistics survey: U.S. Bureau of
Labor Statistics, May 2015 Occupational Employment Statistics, “39-9011 Childcare Workers,” available at
https://www.bls.gov/oes/2015/may/oes399011.htm.
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Table A.7: Data moments used in estimation

Age group

Variable ≤ 25 26–30 31–35 36–40 41–45

Adult consumption (USD) 38,589 47,264 54,872 59,200 61,916
(36,942, 40,145) (45,989, 48,569) (53,288, 56,372) (57,325, 61,107) (59,396, 64,561)

Child consumption (USD) 3,863 6,859 10,977 13,889 13,223
(3,446, 4,294) (6,470, 7,286) (10,472, 11,530) (13,277, 14,512) (12,436, 14,096)

Number of children 0.940 1.190 1.590 1.770 1.560
(0.870, 1.000) (1.140, 1.230) (1.550, 1.640) (1.730, 1.810) (1.510, 1.600)

Partner income, raw (USD) 16,399 23,288 29,176 31,339 32,905
(15,471, 17,396) (22,506, 24,260) (28,055, 30,314) (30,094, 33,029) (31,497, 34,356)

Capital income, positive only (USD) 866 1,834 2,975 4,125 4,588
(265, 1,489) (664, 3,218) (1,427, 4,811) (2,316, 6,546) (3,182, 6,234)

Net hourly wages (USD/hr) 14.95 18.85 22.90 25.47 27.11
( 14.50, 15.49) ( 18.48, 19.29) ( 22.45, 23.33) ( 24.96, 25.99) ( 26.57, 27.68)

Annual hours of work 2,088 2,192 2,279 2,270 2,274
(2,049, 2,134) (2,164, 2,219) (2,255, 2,305) (2,241, 2,292) (2,248, 2,297)

Net wealth (USD) 24,671 88,853 121,426 192,509 249,479
(7,744, 55,258) (61,773, 122,610) (102,069, 140,958) (163,883, 220,458) (212,301, 291,646)

Parental childcare time (fraction of day) 0.053 0.046 0.056 0.053 0.039
( 0.037, 0.072) ( 0.038, 0.055) ( 0.050, 0.064) ( 0.046, 0.059) ( 0.034, 0.044)

Note: Model 1, United States. Anchor mean (b = 0, upper row) and 95% bootstrap CI (lower row); 300
bootstrap draws; survey-weighted.
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Figure A.7: Data-moment age profiles
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A.1.2 Model 1 for Germany

Our data infrastructure comprises the German Socio-Economic Panel (SOEP) for the

lifecycle panel, the German Family Panel (Pairfam) for parental childcare time, and the

German subset of the Eurosystem Household Finance and Consumption Survey (HFCS) for

the household-wealth robustness profile. As in the United States, the Model 1 sample is

restricted to couples with the household head aged 22–45.

Our primary dataset is the SOEP59, a representative panel of the population living

in Germany funded by the Leibniz Association. The data is collected annually. Every year

since 1984, about 20,000 to 30,000 persons in about 15,000 households are interviewed. Most

importantly for our purposes, the SOEP includes detailed information on individual- and

household-level socio-demographics, i.e., family composition, labor-market characteristics,

income and wealth (accumulation). For detailed information on the SOEP data, see Goebel

et al. [2019]. Our data encompasses the 1984 to 2013 period.

We also use the German Family Panel (Pairfam) dataset, a multi-disciplinary house-

hold panel focusing on partnership and family dynamics, funded by the German Research

Foundation. The data is collected annually, with the fieldwork and data collection con-

ducted by TNS Infratest Social Research in Munich. The first data wave was collected in

2008/9. Pairfam surveys three birth cohorts (1971-73, 1981-83, and 1991-93). The core

modules of Pairfam focus on the formation and the development of partnerships, processes

of starting and expanding families, parenting and child development, and intergenerational

relationships. We use the 5th wave, which was collected in 2013/2014.

The third dataset we use is the German subset of the Eurosystem Household Finance

and Consumption Survey (HFCS). HFCS is a representative household survey focusing on

income and wealth information. Most importantly for our purposes, it covers the balance

sheets, savings, incomes, work histories, and demographic characteristics of more than 3,000

households living in Germany. The first HFCS wave was collected in 2010/11, released in

2013. For detailed information on the HFCS data, see Household Finance and Consumption

Network [2013].

Consumption

SOEP household consumption is the difference between household post-government in-

come and household savings. Adult and child consumption are then derived from the OECD

equivalence scale (Section A.1.1).

59We use SOEP data release v30.
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Table A.8 reports descriptive statistics on the SOEP working sample. Values are

monthly EUR in 2010 prices. Figure A.8 shows the age profiles of adult and child con-

sumption.

Table A.8: Consumption

Variable Age group N Mean SD p25 p50 p75

Total household consumption

≤25 2,214 2,137 555 1,739 2,081 2,466
26–30 6,755 2,398 673 1,940 2,307 2,734
31–35 10,433 2,657 788 2,139 2,527 3,030
36–40 12,632 2,896 909 2,293 2,749 3,278
41–45 13,556 3,053 1,004 2,386 2,875 3,493

Adult consumption (OECD split)

≤25 2,214 2,026 542 1,633 1,953 2,378
26–30 6,755 2,198 670 1,725 2,079 2,544
31–35 10,433 2,294 756 1,783 2,135 2,633
36–40 12,632 2,402 798 1,877 2,242 2,744
41–45 13,556 2,614 896 2,020 2,444 2,988

Child consumption (OECD split)

≤25 2,214 111 188 0 0 226
26–30 6,755 200 257 0 0 335
31–35 10,433 363 322 0 336 571
36–40 12,632 494 370 265 484 701
41–45 13,556 439 392 0 380 670

Note: Model 1, Germany. Household, adult, and child consumption in 2010 EUR (monthly);
survey-weighted.

Figure A.8: Age profiles of adult and child consumption
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Number of children

Children are SOEP household members under 18. Table A.9 reports the descriptive

statistics by age group. Figure A.9 shows the age profile of the per-household number of

children.

Table A.9: Number of children

Variable Age group N Mean SD p25 p50 p75

Number of children (under 18)

≤25 2,344 0.400 0.660 0.000 0.000 1.000
26–30 6,898 0.690 0.860 0.000 0.000 1.000
31–35 10,519 1.180 1.000 0.000 1.000 2.000
36–40 12,681 1.480 1.030 1.000 2.000 2.000
41–45 13,608 1.260 1.040 0.000 1.000 2.000

Note: Model 1, Germany. Per-household number of children; survey-weighted.

Figure A.9: Age profiles of number of children
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Note: Model 1, Germany. Lifecycle profile of the number of
children per household; survey-weighted.

Partner’s earnings and other income sources

Partner’s income yP is defined exactly as in the US case (Section A.1.1): post-government

household income minus capital income minus the head’s net labor earnings, with capital

income removed because it enters the model through the return on assets. Table A.10 reports

descriptive statistics for the raw partner-income series by age group and for capital income

conditional on ycap > 0, pooled across ages 22–45. Figure A.10 shows the age profile of the

SOEP-based partner income and capital income.
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Table A.10: Partner income and capital income

Variable Age group N Mean SD p25 p50 p75

Partner income (raw)

≤25 2,344 1,277 760 761 1,260 1,703
26–30 6,898 1,359 877 702 1,306 1,890
31–35 10,519 1,396 1,015 583 1,285 2,020
36–40 12,681 1,372 1,097 548 1,171 1,979
41–45 13,608 1,415 1,127 586 1,202 1,989

Capital income (> 0 only) All (22–45) 40,588 54 124 9 19 57

Note: Model 1, Germany. Partner income (by age group) and capital income (> 0, pooled
across ages 22–45), in 2010 EUR (monthly); survey-weighted.

Figure A.10: Age profile of partner income and capital income
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Note: Model 1, Germany. Lifecycle profile of mean log partner
income yP (raw) and mean log capital income (conditional on
ycap > 0); survey-weighted.

Net hourly wages and working hours

Our labor-market target variables for the household head are the monthly hours of work

lt, expressed as a fraction of the maximum monthly working time 24× 4.25× 5 = 510 hours,

and the net hourly wage wt. Both are constructed from SOEP household heads aged 18–60

over 1995–2013. We estimate the two lifecycle profiles via panel fixed-effects regressions: on

the head’s net hourly wage for wt (working observations only) and on the head’s monthly

hours for lt. Both regressions use the same controls: year dummies, the head’s and spouse’s

ages, their squares, the number of adults, and the number of children. Predicted values are

collapsed by the head’s age. Table A.11 reports descriptive statistics for the net hourly wage

and the monthly hours of work, restricted to working heads. Figure A.11 shows the age

profiles of the net hourly wage and monthly hours of work.
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Table A.11: Net hourly wages and monthly hours

Variable Age group N Mean SD p25 p50 p75

Net hourly wages (EUR/hr)

≤25 1,852 7.100 3.060 5.260 6.890 8.380
26–30 5,662 8.830 3.450 6.680 8.400 10.430
31–35 8,969 10.080 3.930 7.340 9.670 12.120
36–40 11,330 10.950 4.360 7.760 10.400 13.640
41–45 12,469 11.250 4.630 7.860 10.620 14.040

Monthly hours of work

≤25 1,852 164 50 162 170 183
26–30 5,662 165 54 159 170 191
31–35 8,969 166 56 157 170 191
36–40 11,330 167 58 157 170 191
41–45 12,469 171 56 159 170 196

Note: Model 1, Germany. Net hourly wages (2010 EUR per hour) and monthly hours of work;
working heads only; survey-weighted.

Figure A.11: Age profile of net hourly wages and hours
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Note: Model 1, Germany. Lifecycle profiles of (a) mean log net hourly wage and (b) mean monthly hours of
work; survey-weighted. Working heads only.

Net wealth

The primary wealth source is the SOEP wealth module, implemented in 2002, 2007, and

2012. Household net wealth is deflated to 2012 prices. Because only three waves are available,

we forgo fixed-effects smoothing and report pooled age-specific means.60 The age bins follow

the wealth-moment convention: eight five-year groups spanning ages 22–60. As a robustness

60Averages over all imputations and imputation-specific averages are very similar. This similarity is not
ensured for other measures such as median or variance.
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check, we re-derive the profile from the HFCS using the same procedures. Table A.12 reports

descriptive statistics from the HFCS sample (thousand EUR); the SOEP-based wealth profile

enters the estimation moments. Figure A.12 shows the age profile of net wealth, extending

to age 60 to match the wealth-moment age-bin convention.

Table A.12: Net wealth

Variable Age group N Mean SD p25 p50 p75

Net wealth (HFCS, k EUR)

≤25 113 28 79 0 3 16
26–30 174 39 79 1 11 33
31–35 182 64 110 4 30 80
36–40 247 135 197 24 45 162
41–45 317 149 216 5 66 212

Note: Model 1, Germany. Net wealth from the HFCS sample (thousand EUR);
survey-weighted.

Figure A.12: Age profile of net wealth
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Parental childcare time (household head)

Pairfam Wave 5 records the time the household head (anchor person) spends with chil-

dren in the morning and afternoon. We sum across the morning and afternoon components

at the respondent level to construct mhead, the head’s daily childcare time as a fraction of

the day, and fit a quadratic in age, mhead = β0 + β1 age + β2 age
2. The fitted curve is then

evaluated on the 22–45 grid; predictions at ages without Pairfam observations are quadratic
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extrapolations. Table A.13 reports unweighted descriptive statistics for the raw mhead data

underlying the quadratic fit. Figure A.13 shows the lifecycle profile of parental childcare

time by age group.

Table A.13: Parental childcare time

Variable Age group N Mean SD p25 p50 p75

Parental childcare time (fraction of day)

26–30 448 0.031 0.058 0.000 0.000 0.056
31–35 216 0.065 0.072 0.000 0.056 0.111
36–40 532 0.078 0.065 0.000 0.056 0.111
41–45 300 0.064 0.056 0.000 0.056 0.111

Note: Model 1, Germany. Household head’s parental childcare time, as a fraction of a day (Pairfam
Wave 5 raw data); unweighted.

Figure A.13: Age profile of parental childcare time
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Note: Model 1, Germany. Lifecycle profile of mean parental child-
care time of the household head (mhead, fraction of a day); un-
weighted. Pairfam Wave 5 raw data; the model moment uses a
quadratic fit to the same data.

External childcare time

Since 2009, SOEP contains information on how many hours per day a child attends an

institution. The institutions are preschools, crèches, and nurseries (including after-school

nurseries). The weighted average of total external childcare time in 2009 is 2.15 hours per

day.

Comparable salaries are observed in Germany for early-childhood educators (Erzieher)

according to the Federal Statistical Office’s Bildungsfinanzbericht.61 As in the United States,

61Statistisches Bundesamt (Federal Statistical Office of Germany), Bildungsfinanzbericht 2015, Wies-
baden, 2015.
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the small worker-to-child ratio and facility overhead imply an effective hourly price on the

same order of magnitude. In Model 1, the structural childcare price is set at e7 per hour

for Germany, consistent with this range.

Summary of data moments

Table A.14 summarizes the nine data moments used in the Germany estimation. Each

variable is reported by age group; the upper row of each cell is the anchor mean (b = 0) and

the lower row in parentheses is the 95% bootstrap CI.

Table A.14: Data moments used in estimation

Age group

Variable ≤ 25 26–30 31–35 36–40 41–45

Adult consumption (EUR/month) 2,026 2,198 2,294 2,402 2,614
(1,976, 2,066) (2,157, 2,241) (2,256, 2,335) (2,369, 2,442) (2,574, 2,655)

Child consumption (EUR/month) 111 200 363 494 439
(93, 130) (185, 219) (348, 380) (477, 509) (423, 456)

Number of children 0.400 0.690 1.180 1.480 1.260
(0.340, 0.460) (0.650, 0.740) (1.130, 1.230) (1.430, 1.530) (1.220, 1.300)

Partner income, raw (EUR/month) 1,277 1,359 1,396 1,372 1,415
(1,202, 1,339) (1,313, 1,401) (1,353, 1,445) (1,334, 1,422) (1,369, 1,463)

Capital income, positive only (EUR/month) 33 43 51 58 63
(28, 38) (39, 47) (46, 55) (54, 63) (58, 68)

Net hourly wages (EUR/hr) 7.10 8.83 10.08 10.95 11.25
(6.82, 7.34) (8.64, 9.04) (9.91, 10.28) ( 10.77, 11.13) ( 11.05, 11.45)

Monthly hours of work 164 165 166 167 171
(161, 168) (162, 168) (164, 169) (165, 169) (168, 173)

Net wealth (HFCS, k EUR) 28 39 64 135 149
(14, 45) (22, 66) (51, 77) (108, 162) (124, 180)

Parental childcare time (fraction of day) 0.000 0.031 0.065 0.078 0.064
( 0.000, 0.000) ( 0.020, 0.042) ( 0.048, 0.081) ( 0.065, 0.089) ( 0.052, 0.076)

Note: Model 1, Germany. Anchor mean (b = 0, upper row) and 95% bootstrap CI (lower row); 300 bootstrap
draws; survey-weighted.

The combined age profiles for the seven German data moments described above are

summarized in Figure A.14. Each panel plots one of the seven lifecycle profiles at the single-

age resolution used in estimation, complementing the age-group summary table above.
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Figure A.14: Data-moment age profiles
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A.2 Model 2

A.2.1 Model 2 for the United States

The data underlying the Model 2 estimation for the US draws on three surveys: the

Current Population Survey (CPS, IPUMS extract, 2000–2025) for labor supply, fertility

status, and marital structure; the American Time Use Survey (ATUS, 2014) for parental

childcare time; and the Panel Study of Income Dynamics (PSID, 1999–2013) for the mean

log hourly wage. Together these surveys yield 292 moments across 13 blocks (12 age-indexed

blocks × 24 ages + 4 cells for the pooled “mean labor supply by number of children” block).

Sample. For each survey we restrict to women aged 22–45, pooling single women and

women in couples. Labor supply is discretized to {0, 0.18, 0.36} (non-working, part-time at

1–34 weekly hours, full-time at ≥ 35 weekly hours); number of children is capped at three;

“married” is defined as currently married with a spouse present or absent; “birth” in the

current year is proxied by the presence of a child of her own, aged zero — i.e., the woman is

a mother and her youngest child has not yet reached age one. All age-indexed moments are

computed as means by age, with weights given by the survey’s longitudinal weight times a

per-draw bootstrap weight (300 draws). Per-draw moment vectors are written out and used

downstream both for the anchor model (the b = 0 draw) and for the bootstrap covariance

matrix used in the estimation.

External childcare price. The Model 2 household budget constraint embeds an annual-

ized external childcare cost parameter equal to $43,200 per year for the United States—the

full-time annual earnings of one external childcare provider.62

Panel (A) — Mean labor supply

The CPS sample comprises roughly 1.46 million person-year observations of women

aged 22–45 (IPUMS-CPS, 2000–2025). Following the model’s three labor states {0, ℓp, ℓf}, we
62Model 1 and Model 2 report the structural childcare price in different units — hourly for Model 1,

annualized for Model 2 — because the two models adopt different budget-constraint conventions. (i) Time-
base normalization — Model 1 annualizes the hourly price against the full 5,760 clock-hours-per-year basis
(12×20×24) used in its budget constraint, whereas Model 2 annualizes against 1,800 working hours per year
(150× 12 for the United States; 160× 12 for Germany), reflecting the standard full-time work schedule of an
external childcare provider. (ii) Calibration targets — Model 1’s p̃b is calibrated jointly with the structural
parameters to fit the cost-share moments described in Sections A.1.1 and A.1.2, while Model 2’s annualized
cost parameter ($43,200 per year in the United States; e32,640 in Germany) is calibrated to PSID/SOEP
childcare-cost moments through the budget-constraint term nt (1 − s) pb,tmb,t, with subsidy rate s = 0 at
the structural baseline. After undoing the time-base difference, the two implied effective prices are within
the same order of magnitude.
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discretize observed labor supply to 0 (non-working), 0.18 (part-time, 1–34 weekly hours), and

0.36 (full-time, ≥ 35 weekly hours).63 The resulting mean labor supply averages ℓ̄ = 0.227

across ages, with the profile rising smoothly from 0.180 at age 22 to roughly 0.240 by age 45.

A parallel calculation on the PSID under the same discretization yields ℓ̄ = 0.231, a gap of

only 1.8%. Table A.15 and Figure A.15 report the CPS-based mean labor supply by age;

the PSID figure above is a robustness cross-check confirming the two surveys agree under

the common discretization.

Table A.15: Mean labor supply

Variable Age group N Mean SD p25 p50 p75

Mean labor supply

≤25 109,877 0.206 0.160 0.000 0.180 0.360
26–30 152,244 0.230 0.161 0.000 0.360 0.360
31–35 169,619 0.228 0.161 0.000 0.360 0.360
36–40 179,939 0.231 0.160 0.000 0.360 0.360
41–45 179,110 0.237 0.157 0.000 0.360 0.360

Note: Model 2, United States. Mean discretized labor supply; survey-weighted.

Figure A.15: Age profile of mean labor supply
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Note: Model 2, United States. Mean labor supply; survey-
weighted.

Panel (B) — Mean number of children

The mean number of children by age is constructed as a synthetic 50/50 blend of two

independent sources, reconciling PSID’s panel structure with the CPS’s larger cross-section.64

63Concretely, conditional on the woman being employed (CPS variable empstat ∈ {10, 11, 12}), we classify
her as non-working (uhrsworkt = 0), part-time (1 ≤ uhrsworkt ≤ 34), or full-time (35 ≤ uhrsworkt < 997);
hours-varying observations (uhrsworkt = 997) are set to missing. The discretized variable is denoted
ls discrete in the data pipeline.

64The first leg is the PSID mean of n children conditional on the woman’s age in the prebuilt all-women
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Both sources under-count children for women in their forties: as older children leave the

household they no longer appear in the mother’s reported child count. We correct for this

by adding a cumulative birth-probability term at ages 40–45,

N̂(a) = n̄(a) +
a−18∑
s=22

Pbirth(s), a ∈ {40, . . . , 45},

where Pbirth(s) is the age-s birth probability used to add back the children who have already

left home. The two legs use different inputs for this term: the PSID leg is corrected with the

standard CPS birth-probability series, whereas the CPS-independent leg is corrected with

a birth probability estimated from its own sample and recomputed within each bootstrap

draw.

The PSID leg covers roughly 30,300 women observed between 1999 and 2013, while

the CPS-independent leg restricts the pooled CPS sample to households satisfying the filter

described above. The cumulative birth correction kicks in only at ages 40 and older, rising

from 0.064 at age 40 to 0.468 at age 45. After applying the correction, the PSID and CPS-

independent profiles average 1.383 and 1.381 children, respectively, with the 50/50 synthetic

blend at 1.382 — a 0.1% gap that confirms the two independent sources tell the same story

about completed fertility. The synthetic profile rises monotonically from 0.639 at age 22 to

a peak of 1.749 at age 43. Table A.16 reports summary statistics for the per-woman number

of children by woman’s age group, separately for the PSID leg and the CPS-independent leg.

Figure A.16 shows the age profile of the mean number of children.

Table A.16: Mean number of children

Variable Age group N Mean SD p25 p50 p75

Number of children (PSID)

≤25 3,635 0.840 1.050 0.000 0.000 1.000
26–30 5,854 1.180 1.220 0.000 1.000 2.000
31–35 5,414 1.600 1.330 0.000 2.000 2.000
36–40 5,601 1.640 1.220 1.000 2.000 2.000
41–45 5,884 1.240 1.150 0.000 1.000 2.000

Number of children (CPS-indep)

≤25 81,862 0.620 0.930 0.000 0.000 1.000
26–30 139,176 1.020 1.190 0.000 1.000 2.000
31–35 163,548 1.490 1.310 0.000 1.000 2.000
36–40 176,096 1.700 1.310 1.000 2.000 2.000
41–45 176,013 1.530 1.250 0.000 2.000 2.000

Note: Model 2, United States. Mean number of children (PSID and CPS-independent legs); survey-
weighted.

panel. The second leg is a CPS-independent mean of nchild by age, restricted to the sample of women
who are either married (marst ≤ 2), have children (nchild > 0), or are the household head or spouse
(pernum ≤ 2).

84



Figure A.16: Age profile of mean number of children
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Panel (C) — Mean parental time

We use the 2014 ATUS to measure women’s parental childcare time. Following the same

activity-code dictionary used in the M1 panel of Section A.1.1, we sum twenty primary-

childcare activity codes (t030101, t030102, . . . , t030399) at the respondent level and ex-

press the daily total as a fraction of the 24-hour day, m = (daily childcare minutes)/1440.

Restricting to women aged 22–45, we then compute the age-specific mean. The underlying

ATUS extract is identical to the Model 1 parental-time block in Section A.1.1; the only differ-

ence is that we condition on the woman rather than the household head. Table A.17 reports

descriptive statistics for the woman’s parental childcare time (as a fraction of a 24-hour day)

by woman’s age group. Figure A.17 shows the age profile of mean parental childcare time.

Table A.17: Mean parental childcare time

Variable Age group N Mean SD p25 p50 p75

Parental childcare time (fraction of day)

≤25 248 0.033 0.073 0.000 0.000 0.023
26–30 481 0.053 0.086 0.000 0.000 0.080
31–35 568 0.064 0.084 0.000 0.028 0.102
36–40 584 0.055 0.077 0.000 0.021 0.083
41–45 600 0.041 0.074 0.000 0.001 0.059

Note: Model 2, United States. Woman’s parental childcare time, as a fraction of a day; survey-weighted.
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Figure A.17: Age profile of mean parental childcare time
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Note: Model 2, United States. Mean parental childcare time of
the woman; survey-weighted. Parental childcare time is expressed
as a fraction of a day.

Panel (D) — Full-time rate

The full-time rate is the share of women whose discretized labor supply equals 0.36

(i.e. working ≥ 35 weekly hours), conditional on age. Together with the part-time rate in

Panel (E), it disciplines the intensive-margin distribution of women’s hours, which the labor-

supply mean in Panel (A) alone cannot identify. Figure A.18 shows the age profile of the

full-time rate.

Table A.18: Full-time and part-time rates

Variable Age group N Mean SD

Full-time rate

≤25 109,877 0.481 0.500
26–30 152,244 0.577 0.494
31–35 169,619 0.567 0.495
36–40 179,939 0.574 0.495
41–45 179,110 0.593 0.491

Part-time rate

≤25 109,877 0.184 0.388
26–30 152,244 0.125 0.330
31–35 169,619 0.132 0.338
36–40 179,939 0.135 0.342
41–45 179,110 0.133 0.340

Note: Model 2, United States. Shares working full-time
and part-time; survey-weighted.
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Figure A.18: Age profile of full-time rate
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Note: Model 2, United States. Full-time rate; survey-weighted.

Panel (E) — Part-time rate

Analogously, the part-time rate is the share of women whose discretized labor supply

equals 0.18 (i.e. working 1–34 weekly hours). The full-time and part-time rates are reported

jointly in Table A.18 above.

Figure A.19 shows the age profile of the part-time rate.

Figure A.19: Age profile of part-time rate
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Note: Model 2, United States. Part-time rate; survey-weighted.

Panel (F) — Variance of labor supply

The within-age variance of discretized labor supply, Var(l | a), captures the cross-

sectional dispersion of women’s labor-supply choices. We include this moment because it
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takes only three values, so its variance is fully determined by the FT/PT shares and is

therefore informative about the heterogeneity in preferences over labor supply. Table A.19

reports the within-age-group variance of labor supply, together with its standard deviation.

Figure A.20 shows the age profile of the within-age variance of labor supply.

Table A.19: Variance of labor supply

Variable Age group N Var SD

Labor supply

≤25 109,877 0.026 0.161
26–30 152,244 0.026 0.161
31–35 169,619 0.026 0.161
36–40 179,939 0.025 0.160
41–45 179,110 0.025 0.157

Note: Model 2, United States. Within-age-group vari-
ance of labor supply; survey-weighted.

Figure A.20: Age profile of variance of labor supply
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Note: Model 2, United States. Variance of labor supply; survey-
weighted.

Panel (G) — Fraction childless

The fraction childless is the share of women with no children in the CPS sample. Com-

bined with the mean number of children in Panel (B), it identifies the spread of the children

distribution rather than only its mean. Table A.20 reports the fraction of childless women

by woman’s age group. Figure A.21 shows the age profile of the fraction childless.
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Table A.20: Fraction childless

Variable Age group N Mean SD

Fraction childless

≤25 109,877 0.708 0.455
26–30 152,244 0.510 0.500
31–35 169,619 0.325 0.468
36–40 179,939 0.245 0.430
41–45 179,110 0.270 0.444

Note: Model 2, United States. Share with no children;
survey-weighted.

Figure A.21: Age profile of fraction childless
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Note: Model 2, United States. Fraction childless; survey-
weighted.

Panel (H) — Mean labor supply by number of children

We measure the mean of discretized labor supply by capped number of children ncap ∈
{0, 1, 2, 3}, pooled across ages 22–45. This pooled four-cell moment disciplines how strongly

labor supply responds to family size, separately from the age profile of family size itself.

Table A.21 reports the mean labor supply by capped number of children, pooled across ages

22–45. Figure A.22 shows the age profile of mean labor supply by number of children.

Table A.21: Mean labor supply by number of children

Variable N children (capped) N Mean SD p25 p50 p75

Mean labor supply

0 253,251 0.251 0.153 0.180 0.360 0.360
1 172,821 0.230 0.160 0.000 0.360 0.360
2 218,195 0.218 0.161 0.000 0.360 0.360
3 146,522 0.180 0.165 0.000 0.180 0.360

Note: Model 2, United States. Mean labor supply by capped number of children, pooled across
ages 22–45; survey-weighted.
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Figure A.22: Age profile of mean labor supply by number of children
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Note: Model 2, United States. Mean labor supply by capped
number of children; survey-weighted. Pooled across ages 22–45.

Panel (I) — Covariance of labor supply and number of children

We measure the within-age covariance Cov(l, n | a) between discrete labor supply and

(capped) number of children, defined as mean(l · n | a) − mean(l | a) · mean(n | a) at

each age. Together with the pooled Panel (H), the age-indexed covariance identifies the

association between family size and women’s labor supply over the lifecycle. Table A.22

reports the within-age-group covariance of labor supply and number of children, along with

the corresponding mean labor supply, mean number of children, and mean of their product.

Figure A.23 shows the age profile of the within-age covariance of labor supply and number

of children.

Table A.22: Covariance of labor supply and number of children

Variable Age group N Cov(LS,N) Mean LS Mean N Mean(LS x N)

Cov(LS, N)

≤25 109,877 -0.025 0.206 0.457 0.069
26–30 152,244 -0.046 0.230 0.886 0.158
31–35 169,619 -0.040 0.228 1.337 0.265
36–40 179,939 -0.024 0.231 1.547 0.333
41–45 179,110 -0.015 0.238 1.418 0.322

Note: Model 2, United States. Within-age-group covariance of labor supply and number
of children; survey-weighted.

Panel (J) — Birth probability

The age-specific birth probability is the share of CPS women whose youngest child is

age zero, indicating a birth in the current calendar year. This proxy follows the IPUMS-

CPS recommendation for inferring within-year fertility events from a cross-sectional survey.
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Figure A.23: Age profile of covariance of labor supply and number of children
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Note: Model 2, United States. Within-age covariance of labor
supply and number of children; survey-weighted.

Table A.23 reports the birth probability by woman’s age group. Figure A.24 shows the age

profile of birth probability.

Table A.23: Birth probability

Variable Age group N Mean SD

Birth probability

≤25 109,877 0.073 0.261
26–30 152,244 0.091 0.288
31–35 169,619 0.081 0.273
36–40 179,939 0.037 0.189
41–45 179,110 0.008 0.088

Note: Model 2, United States. Age-specific birth probabil-
ity; survey-weighted.

Panel (K) — Share of single women without children

Wemeasure the share of women who are simultaneously unmarried and without children,

by age. Table A.24 reports the share of women who are single and without children by

woman’s age group. Figure A.25 shows the age profile of the share of single women without

children.

Panel (L) — Share of single women with children

We measure the share of women who are unmarried but have at least one child, by age.

Together with Panel (K) these two shares pin down the joint distribution of marital status

and fertility, which the Model 2 single-by-children state space requires. Table A.25 reports

the share of women who are single with at least one child by woman’s age group. Figure A.26

shows the age profile of the share of single women with children.
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Figure A.24: Age profile of birth probability
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Note: Model 2, United States. Birth probability; survey-
weighted.

Table A.24: Share of single women without children

Variable Age group N Mean SD

Share single, no child

≤25 109,877 0.603 0.489
26–30 152,244 0.352 0.477
31–35 169,619 0.197 0.398
36–40 179,939 0.148 0.355
41–45 179,110 0.148 0.355

Note: Model 2, United States. Share single without children;
survey-weighted.

Figure A.25: Age profile of share of single women without children
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Note: Model 2, United States. Share of single women without
children; survey-weighted.

Panel (M) — Mean log hourly wage

The mean log hourly wage is estimated on PSID 1999–2013 by panel fixed-effects re-
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Table A.25: Share of single women with children

Variable Age group N Mean SD

Share single, with child

≤25 109,877 0.156 0.363
26–30 152,244 0.182 0.386
31–35 169,619 0.190 0.392
36–40 179,939 0.200 0.400
41–45 179,110 0.187 0.390

Note: Model 2, United States. Share single with children; survey-
weighted.

Figure A.26: Age profile of share of single women with children
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Note: Model 2, United States. Share of single women with chil-
dren; survey-weighted.

gression at the woman level, in contrast to the Model 1 wage profile, which is estimated at

the household-head level irrespective of gender.

We regress the log net hourly wage—constructed from gross wages winsorized at the

year-specific p5/p95, converted to net via TAXSIM, and trimmed below $1/hr—on year

dummies, the woman’s age and age-squared, and the number of children, with household fixed

effects, restricted to working women (w > 0, year ̸= 2013 to respect TAXSIM v9 coverage).

Predicted log wages are collapsed by the woman’s age. The resulting age profile is concave:

wages rise steeply at younger ages and flatten after the main childbearing years, consistent

with the career interruptions and wage penalties women experience around motherhood.

Table A.26 reports summary statistics for the mean log hourly wage (PSID, woman-level)

by woman’s age group. Figure A.27 shows the age profile of the mean log hourly wage.

Summary of data moments

Table A.27 consolidates the ten mean-based data moments used in the US estimation.

Each cell reports the anchor mean (upper row) and the 95% bootstrap CI in parentheses
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Table A.26: Mean log hourly wage

Variable Age group N Mean SD p25 p50 p75

Mean log hourly wage

≤25 3,128 2.598 0.616 2.248 2.588 2.935
26–30 4,884 2.790 0.667 2.425 2.816 3.157
31–35 4,428 2.917 0.684 2.519 2.940 3.336
36–40 4,547 2.938 0.734 2.516 2.957 3.384
41–45 4,761 2.946 0.737 2.540 2.959 3.355

Note: Model 2, United States. Mean log hourly wage (PSID, woman-level); survey-
weighted.

Figure A.27: Age profile of mean log hourly wage
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(lower row). The variance, covariance, and pooled-by-N panels are reported separately in

Tables A.19, A.22, and A.21.
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Table A.27: Data moments used in estimation (mean-based panels)

Age group

Variable ≤ 25 26–30 31–35 36–40 41–45

Mean labor supply (A) 0.206 0.230 0.228 0.231 0.237
(0.205, 0.207) (0.229, 0.231) (0.227, 0.229) (0.230, 0.232) (0.237, 0.238)

Mean number of children (B) 0.84 1.18 1.60 1.64 1.24
(0.80, 0.88) (1.14, 1.22) (1.56, 1.65) (1.60, 1.68) (1.20, 1.27)

Mean parental childcare time (C) 0.033 0.053 0.064 0.055 0.041
(0.024, 0.046) (0.045, 0.063) (0.056, 0.073) (0.048, 0.062) (0.035, 0.049)

Full-time rate (D) 0.481 0.577 0.567 0.574 0.593
(0.477, 0.484) (0.574, 0.581) (0.564, 0.570) (0.570, 0.576) (0.590, 0.596)

Part-time rate (E) 0.184 0.125 0.132 0.135 0.133
(0.181, 0.187) (0.122, 0.127) (0.130, 0.134) (0.133, 0.137) (0.131, 0.135)

Fraction childless (G) 0.708 0.510 0.325 0.245 0.270
(0.704, 0.711) (0.506, 0.513) (0.322, 0.329) (0.242, 0.248) (0.267, 0.273)

Birth probability (J) 0.073 0.091 0.081 0.037 0.008
(0.071, 0.075) (0.090, 0.093) (0.079, 0.083) (0.036, 0.038) (0.007, 0.008)

Share single, no child (K) 0.603 0.352 0.197 0.148 0.148
(0.599, 0.607) (0.348, 0.355) (0.195, 0.200) (0.145, 0.150) (0.145, 0.151)

Share single, with child (L) 0.156 0.182 0.190 0.200 0.187
(0.153, 0.159) (0.180, 0.185) (0.187, 0.192) (0.197, 0.202) (0.185, 0.190)

Mean log hourly wage (M) 2.598 2.790 2.917 2.938 2.946
(2.570, 2.624) (2.762, 2.812) (2.890, 2.943) (2.913, 2.965) (2.920, 2.976)

Note: Model 2, United States. Anchor mean (b = 0, upper row) and 95% bootstrap CI (lower row); 300
bootstrap draws; survey-weighted. Variance, covariance, and pooled-by-N panels appear in their own tables.

The combined age profiles for the thirteen US data moments described above are sum-

marized in Figure A.28. Each panel shows one of the thirteen moment blocks by single year

of age, the resolution used in the MSM estimation, with 95% bootstrap confidence bands

where available; the figure is the visual counterpart of the consolidated US moment table

above, which aggregates to five age groups for compactness.
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Figure A.28: Data-moment age profiles
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A.2.2 Model 2 for Germany

The data underlying the Model 2 estimation for Germany draws on two surveys: the

German Socio-Economic Panel (SOEP) for labor supply, fertility status, marital structure,

and hourly wages; and the German Family Panel (Pairfam, Wave 5, 2013/14) for parental

childcare time. Together these surveys yield 292 moments across 13 blocks, structurally

aligned with the US Model 2 moment vector of Section A.2.1.

Sample. The sample is composed of single women and women in couples, constructed

from SOEP via two complementary cases. In Case A, the woman is the survey-designated

household head, and her variables enter directly; she is recorded as married if the household

reports a partner. In Case B, the woman is the female partner of a male head, and her

variables enter from the partner slot; Case B women are married by construction. After

restricting to women aged 22–45, the combined panel contains roughly 61,000 person-year

observations. Labor supply is discretized to {0, 0.15, 0.30}, corresponding to non-working,

part-time, and full-time hours measured against a 510-hour monthly reference.65 The number

of children is capped at three, and hourly wages are winsorized at the 1st and 99th percentiles.

All age-indexed moments are computed as means by age, with weights given by the SOEP

household weight times a per-draw bootstrap weight, and serve both for the anchor model

(the b = 0 draw) and for the bootstrap covariance matrix used in the estimation.

External childcare price. The Model 2 household budget constraint embeds an annual-

ized external childcare cost parameter equal to e32,640 per year for Germany—the full-time

annual earnings of one external childcare provider.66

Panel (A) — Mean labor supply

The SOEP woman-level panel contains roughly 61,000 person-year observations aged

22–45. Following the model’s three labor states {0, ℓp, ℓf} for Germany, discretized labor

supply takes values 0 (non-working), 0.15 (part-time), and 0.30 (full-time). Mean labor

supply averages ℓ̄ = 0.185 across ages, with the profile starting at 0.211 at age 22, dipping

to a minimum of 0.169 at age 35 during the peak-childbearing years, and recovering to 0.194

by age 45. The lower level relative to the United States (ℓ̄ = 0.227) and the visible mid-life

dip reflect the German pattern of stronger part-time-induced labor-supply reductions among

65Formally, lcont = p hrs monthly/510, with lcont < 0.075 → 0 (non-working), 0.075 ≤ lcont < 0.225 →
0.15 (part-time), and lcont ≥ 0.225 → 0.30 (full-time).

66See footnote 62 for the unit convention (Model 1 hourly vs. Model 2 annualized) and its reconciliation
across the two countries.
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women caring for young children. The support {0, 0.15, 0.30} differs from the US support

{0, 0.18, 0.36} because the underlying hours scale (a 510-hour monthly reference in SOEP

versus 35 weekly hours in the CPS) and the FT/PT cutoffs are country-specific. Table A.28

reports summary statistics for the discrete labor-supply variable on the SOEP woman-level

panel, by woman’s age group. Figure A.29 shows the age profile of mean labor supply.

Table A.28: Mean labor supply

Variable Age group N Mean SD p25 p50 p75

Mean labor supply

≤25 4,727 0.203 0.132 0.000 0.300 0.300
26–30 10,573 0.189 0.134 0.000 0.300 0.300
31–35 13,731 0.172 0.133 0.000 0.150 0.300
36–40 15,551 0.175 0.126 0.000 0.150 0.300
41–45 16,436 0.188 0.122 0.150 0.150 0.300

Note: Model 2, Germany. Mean discretized labor supply; survey-weighted.

Figure A.29: Age profile of mean labor supply
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Note: Model 2, Germany. Mean labor supply; survey-weighted.

Panel (B) — Mean number of children

The mean number of children by age is constructed via the biokids cumulative-births

correction rather than from the raw SOEP household-child count. The raw count under-

states the number of children for older women: as older children leave the parental household,

they no longer appear in the mother’s reported count, biasing the profile downward at older

ages. The correction reconstructs each woman’s cumulative biological-children count from

year-on-year birth events in the SOEP biographical module and uses that count as the

moment input. Table A.29 reports summary statistics for the per-woman number of children

by woman’s age group. Figure A.30 shows the age profile of the mean number of children.
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Table A.29: Mean number of children

Variable Age group N Mean SD p25 p50 p75

Number of children

≤25 4,727 0.280 0.590 0.000 0.000 0.000
26–30 10,573 0.640 0.870 0.000 0.000 1.000
31–35 13,731 1.130 1.040 0.000 1.000 2.000
36–40 15,551 1.350 1.040 1.000 1.000 2.000
41–45 16,436 0.980 1.000 0.000 1.000 2.000

Note: Model 2, Germany. Mean number of children; survey-weighted.

Figure A.30: Age profile of mean number of children
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Note: Model 2, Germany. Mean number of children; survey-
weighted.

Panel (C) — Mean parental time

SOEP does not record detailed childcare time at the respondent level. We therefore

decompose mean parental time at age a into an extensive margin (the fraction of women at

age a who are mothers) and an intensive margin (mean childcare time among mothers at

age a):

m(a) = frac mother(a) × mintensive(a).

The extensive margin is computed in SOEP as the share of women with at least one child

at each age. The intensive margin is fitted on Pairfam Wave 5 mothers at ages 22–42 as a

quadratic in age,mintensive(a) = β0+β1 a+β2 a
2, using the estimated coefficients (β0, β1, β2) =

(0.211,−0.0037, 0.00002) and floored at zero. The product frac mother(a) ×mintensive(a) is

then evaluated on the 22–45 age grid. Table A.30 reports unweighted summary statistics for

the Pairfam parental childcare time variable underlying the quadratic fit, by woman’s age

group. Figure A.31 shows the age profile of mean parental childcare time.
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Table A.30: Mean parental childcare time

Variable Age group N Mean SD p25 p50 p75

Intensive margin (mothers only)

26–30 536 0.367 0.152 0.333 0.333 0.333
31–35 128 0.370 0.181 0.167 0.333 0.500
36–40 2,044 0.311 0.153 0.167 0.333 0.333
41–45 232 0.264 0.135 0.167 0.167 0.333

Unconditional moment

≤25 — 0.029 — — — —
26–30 — 0.052 — — — —
31–35 — 0.074 — — — —
36–40 — 0.078 — — — —
41–45 — 0.057 — — — —

Note: Model 2, Germany. Woman’s parental childcare time (Pairfam); intensive-margin (condi-
tional on reporting) and unconditional moments; unweighted.

Figure A.31: Age profile of mean parental childcare time
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Note: Model 2, Germany. Mean parental childcare time of the
woman; unweighted. Parental childcare time is expressed as a
fraction of a day; Pairfam Wave 5 raw data.

Panel (D) — Full-time rate

We measure the share of women in the SOEP woman-only panel who are full-time

workers (i.e., discretized labor supply equal to 0.30), conditional on age. Figure A.32(a)

shows the age profile of the full-time rate.

Panel (E) — Part-time rate

Analogously, the part-time rate is the share of women whose discretized labor supply

equals 0.15, by age. The full-time and part-time rates are reported jointly in Table A.31

above. Figure A.32(b) shows the age profile of the part-time rate.
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Table A.31: Full-time and part-time rates

Variable Age group N Mean SD

Full-time rate

≤25 4,727 0.627 0.484
26–30 10,573 0.561 0.496
31–35 13,731 0.477 0.499
36–40 15,551 0.451 0.498
41–45 16,436 0.491 0.500

Part-time rate

≤25 4,727 0.101 0.301
26–30 10,573 0.138 0.345
31–35 13,731 0.196 0.397
36–40 15,551 0.266 0.442
41–45 16,436 0.273 0.445

Note: Model 2, Germany. Shares working full-time and
part-time; survey-weighted.

Figure A.32: Age profile of full-time and part-time rates
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Note: Model 2, Germany. Full-time and part-time rates; survey-weighted.

Panel (F) — Variance of labor supply

The within-age variance of discretized labor supply, Var(l | a), is computed on the SOEP

woman-only panel. As in the US case, this moment is fully determined by the FT/PT/non-

working shares (since labor supply has only three support points) but provides a compact

summary of the cross-sectional dispersion in labor-supply choices. Table A.32 reports the

within-age-group variance of labor supply, together with its standard deviation. Figure A.33

shows the age profile of the within-age variance of labor supply.

Panel (G) — Fraction childless

We measure the share of women with no children in the SOEP woman-only panel.

Table A.33 reports the fraction of childless women by woman’s age group. Figure A.34

shows the age profile of the fraction childless.
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Table A.32: Variance of labor supply

Variable Age group N Var SD

Labor supply

≤25 4,727 0.017 0.132
26–30 10,573 0.018 0.134
31–35 13,731 0.018 0.133
36–40 15,551 0.016 0.126
41–45 16,436 0.015 0.122

Note: Model 2, Germany. Within-age-group variance
of labor supply; survey-weighted.

Figure A.33: Age profile of variance of labor supply
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Note: Model 2, Germany. Variance of labor supply; survey-
weighted.

Table A.33: Fraction childless

Variable Age group N Mean SD

Fraction childless

≤25 4,727 0.780 0.414
26–30 10,573 0.578 0.494
31–35 13,731 0.350 0.477
36–40 15,551 0.244 0.429
41–45 16,436 0.394 0.489

Note: Model 2, Germany. Share with no children; survey-
weighted.

Panel (H) — Mean labor supply by number of children

Pooling across ages 22–45 in the SOEP woman-only panel, we measure the mean dis-

cretized labor supply by capped number of children ncap ∈ {0, 1, 2, 3}. Table A.34 reports

the mean labor supply by capped number of children, pooled across ages 22–45. Figure A.35

shows the age profile of mean labor supply by number of children.
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Figure A.34: Age profile of fraction childless
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Note: Model 2, Germany. Fraction childless; survey-weighted.

Table A.34: Mean labor supply by number of children

Variable N children (capped) N Mean SD p25 p50 p75

Mean labor supply

0 21,960 0.246 0.105 0.300 0.300 0.300
1 17,798 0.166 0.127 0.000 0.150 0.300
2 16,216 0.124 0.120 0.000 0.150 0.150
3 5,044 0.084 0.111 0.000 0.000 0.150

Note: Model 2, Germany. Mean labor supply by capped number of children, pooled across
ages 22–45; survey-weighted.

Figure A.35: Age profile of mean labor supply by number of children
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Note: Model 2, Germany. Mean labor supply by capped number
of children; survey-weighted. Pooled across ages 22–45.

Panel (I) — Covariance of labor supply and number of children

We measure the within-age covariance Cov(l, n | a), defined as mean(l ·n | a)−mean(l |
a) · mean(n | a) at each age in the SOEP woman-only panel. Together with the pooled
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Panel (H), this age-indexed covariance identifies the association between family size and

women’s labor supply over the lifecycle. Table A.35 reports the within-age-group covariance

of labor supply and number of children, along with the corresponding mean labor supply,

mean number of children, and mean of their product. Figure A.36 shows the age profile of

the within-age covariance of labor supply and number of children.

Table A.35: Covariance of labor supply and number of children

Variable Age group N Cov(LS,N) Mean LS Mean N Mean(LS x N)

Cov(LS, N)

≤25 4,727 -0.039 0.203 0.284 0.019
26–30 10,573 -0.060 0.189 0.628 0.059
31–35 13,731 -0.062 0.172 1.106 0.128
36–40 15,551 -0.050 0.175 1.324 0.182
41–45 16,436 -0.041 0.188 0.965 0.141

Note: Model 2, Germany. Within-age-group covariance of labor supply and number of
children; survey-weighted.

Figure A.36: Age profile of covariance of labor supply and number of children
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Note: Model 2, Germany. Within-age covariance of labor supply
and number of children; survey-weighted.

Panel (J) — Birth probability

Unlike the US case, where we rely on the cross-sectional proxy that the youngest child is

age zero, the SOEP panel allows us to identify births directly from year-on-year transitions

in a woman’s number of children.67 Table A.36 reports the birth probability by woman’s age

group. Figure A.37 shows the age profile of birth probability.

67At age 22, the youngest age in the sample, the year-on-year measure is undefined for first-year entrants
who have no prior-year observation; we set Pbirth(22) = 0.040 to continue the profile’s rise into the mid-
twenties, just below the values observed at ages 23 and 24.
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Table A.36: Birth probability

Variable Age group N Mean SD

Birth probability

≤25 2,260 0.067 0.250
26–30 7,353 0.091 0.287
31–35 10,366 0.083 0.276
36–40 12,110 0.031 0.173
41–45 13,146 0.008 0.092

Note: Model 2, Germany. Age-specific birth probability;
survey-weighted.

Figure A.37: Age profile of birth probability
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Note: Model 2, Germany. Birth probability; survey-weighted.

Panel (K) — Share of single women without children

We measure the share of women who are simultaneously unmarried and without children

(SOEP Case A), by age. Table A.37 reports the share of women who are single and without

children by woman’s age group. Figure A.38 shows the age profile of the share of single

women without children.

Table A.37: Share of single women without children

Variable Age group N Mean SD

Share single, no child

≤25 4,727 0.364 0.481
26–30 10,573 0.234 0.424
31–35 13,731 0.140 0.347
36–40 15,551 0.104 0.305
41–45 16,436 0.122 0.327

Note: Model 2, Germany. Share single without children;
survey-weighted.
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Figure A.38: Age profile of share of single women without children
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Note: Model 2, Germany. Share of single women without chil-
dren; survey-weighted.

Panel (L) — Share of single women with children

We measure the share of unmarried women with at least one child, by age. Table A.38

reports the share of women who are single with at least one child by woman’s age group.

Figure A.39 shows the age profile of the share of single women with children.

Table A.38: Share of single women with children

Variable Age group N Mean SD

Share single, with child

≤25 4,727 0.016 0.126
26–30 10,573 0.040 0.196
31–35 13,731 0.068 0.252
36–40 15,551 0.093 0.291
41–45 16,436 0.082 0.274

Note: Model 2, Germany. Share single with children; survey-
weighted.

Panel (M) — Mean log hourly wage

The Model 2 wage moment is the cross-sectional mean of log hourly wages by woman’s

age.68 Table A.39 reports summary statistics for the mean log hourly wage by woman’s age

group. Figure A.40 shows the age profile of the mean log hourly wage.

68For each Case A observation, we compute the hourly wage as labor income divided by monthly hours
(when both are positive), winsorize it at the 1st and 99th percentiles, and take the log. Case B women are
included only in the hours and children moments, not the wage moment, because SOEP lacks comparable
wage data for women observed in the partner role.
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Figure A.39: Age profile of share of single women with children
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Note: Model 2, Germany. Share of single women with children;
survey-weighted.

Table A.39: Mean log hourly wage

Variable Age group N Mean SD p25 p50 p75

Mean log hourly wage

≤25 3,392 1.817 0.394 1.628 1.896 2.064
26–30 7,267 1.994 0.374 1.812 2.045 2.230
31–35 9,361 2.060 0.406 1.836 2.104 2.324
36–40 11,420 2.077 0.415 1.830 2.100 2.347
41–45 12,937 2.070 0.427 1.814 2.094 2.339

Note: Model 2, Germany. Mean log hourly wage (SOEP, woman-level); survey-
weighted.

Figure A.40: Age profile of mean log hourly wage
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Note: Model 2, Germany. Mean log hourly wage; survey-
weighted. SOEP, woman-level.

Summary of data moments

Table A.40 consolidates the ten mean-based data moments used in the German estima-
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tion. Each cell reports the anchor mean (upper row) and the 95% bootstrap CI in parentheses

(lower row). The variance, covariance, and pooled-by-N panels are reported separately in

Tables A.32, A.35, and A.34.

Table A.40: Data moments used in estimation (mean-based panels)

Age group

Variable ≤ 25 26–30 31–35 36–40 41–45

Mean labor supply (A) 0.203 0.189 0.172 0.175 0.188
(0.195, 0.211) (0.183, 0.194) (0.166, 0.178) (0.171, 0.180) (0.184, 0.192)

Mean number of children (B) 0.28 0.64 1.13 1.35 0.98
(0.25, 0.33) (0.60, 0.68) (1.08, 1.17) (1.32, 1.39) (0.94, 1.03)

Full-time rate (D) 0.627 0.561 0.477 0.451 0.491
(0.598, 0.652) (0.541, 0.580) (0.455, 0.494) (0.432, 0.468) (0.475, 0.509)

Part-time rate (E) 0.101 0.138 0.196 0.266 0.273
(0.087, 0.118) (0.126, 0.152) (0.181, 0.210) (0.251, 0.281) (0.258, 0.287)

Fraction childless (G) 0.780 0.578 0.350 0.244 0.394
(0.753, 0.803) (0.553, 0.601) (0.327, 0.370) (0.225, 0.260) (0.374, 0.413)

Birth probability (J) 0.067 0.091 0.083 0.031 0.008
(0.054, 0.081) (0.082, 0.100) (0.076, 0.090) (0.027, 0.035) (0.006, 0.011)

Share single, no child (K) 0.364 0.234 0.140 0.104 0.122
(0.335, 0.394) (0.214, 0.258) (0.124, 0.157) (0.090, 0.118) (0.108, 0.136)

Share single, with child (L) 0.016 0.040 0.068 0.093 0.082
(0.011, 0.022) (0.030, 0.049) (0.058, 0.078) (0.080, 0.106) (0.072, 0.092)

Mean log hourly wage (M) 1.817 1.994 2.060 2.077 2.070
(1.792, 1.844) (1.975, 2.012) (2.041, 2.078) (2.060, 2.094) (2.055, 2.087)

Mean parental childcare time (C) 0.029 0.052 0.074 0.078 0.057
(0.021, 0.037) (0.045, 0.058) (0.068, 0.080) (0.074, 0.083) (0.045, 0.069)

Note: Model 2, Germany. Anchor mean (b = 0, upper row) and 95% bootstrap CI (lower row); 300 bootstrap
draws; survey-weighted. Variance, covariance, and pooled-by-N panels appear in their own tables.

The combined age profiles for the thirteen German data moments described above are

summarized in Figure A.41. Each panel shows one of the thirteen moment blocks by single

year of age, the resolution used in the MSM estimation, with 95% bootstrap confidence bands

where available; the figure is the visual counterpart of the consolidated German moment table

above, which aggregates to five age groups for compactness.
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Figure A.41: Data-moment age profiles
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B Vignette survey on fertility/career decisions

B.1 General overview of the module

The vignette was implemented as a satellite survey module to Pairfam in Germany and

Understanding America Study in the United States. The two panels provide us with a rich

set of socio-demographic background variables over respondents’ biographies. This set is

further extended by desired fertility in the respondent’s current situation. The UAS version

of the module can be downloaded from: https://uasdata.usc.edu/UAS-27.

The description of our vignette module consists of two parts:

Part A - Technical details regarding the survey module.

Part B - Description of the design of the vignette module.

B.2 Part A - Technical details

B.2.1 Target population

Our target population is respondents in the phase of family planning and career making:

persons aged 18 to 50.

B.2.2 Basic structure of the survey module

Our module provides a random sequence of vignettes to each respondent. Each vi-

gnette describes features of a hypothetical household and hypothetical policies. Hereon,

these features are called environment. An environment is characterized along five dimen-

sions : availability of childcare facilities; level of child transfers; working hours of the partner;

earnings of the partner; and hourly wage rate. Based on the five dimensions, we distinguish

80 hypothetical environments. A random subset of four environments is presented to each

respondent. For each environment, we ask the respondent to provide a) the desired number

of working hours and b) the desired number of children.

B.2.3 Definition of environments

Five dimensions characterize each environment, e, with e = 1, ..., 80:

(i). Availability of childcare facilities (se): publicly available at zero cost vs. costly.

(ii). Monthly child allowance (Ae).

(iii). Working hours of the partner (hp,e)
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(iv). Net earnings of the partner (yp,e).

(v). Hourly net wage rate (we).

Table B.1 explains the categories of each dimension as implemented in the UAS and

Pairfam survey.

Table B.1: Attributes of environments

Dimension Variable Unit Attributes

Childcare facilities se guaranteed & costless during working
hours; private responsibility and costly

Child allowance Ae $/month 200; 400
e/month 250; 500

Working hours of partner hp,e hours/month 0; 80; 160
Net earnings of partner yp,e $/month 0; 800; 1,600; 2,400; 4,800

e/month 0; 800; 1,600; 3,200
Individual wage rate we $/month 5; 10; 20; 40

e/month 5; 10; 30; 50

The attributes of the five dimensions distinguish 80 environments:

� From policy dimensions (se, Ae): 2× 2 = 4

� From household dimensions (hp,e, yp,e, we): 5× 4 = 20 (Note that not all combinations

of hp,e and yp,e are feasible.)

B.2.4 Assigning environment sequences to respondents

The following procedure explains the selection of the four environments (from the full

set of 80 environments) to a respondent:

Stage 1: One environment is randomly drawn from the full set of environments. This

is the first environment presented to the respondent.

Stage 2: One of the five possible attributes of the first environment is modified. To-

gether with the four unchanged attributes of environment one, this determines the second

environment presented to the respondent.
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Stage 3: One of the five possible attributes of the second environment is modified.

Together with the four unchanged attributes of the second environment, this determines the

third environment presented to the respondent.

Stage 4: One of the five possible attributes of the third environment is modified.

Together with the four unchanged attributes of the third environment, this determines the

fourth environment presented to the respondent.

B.3 Part B - Design of the vignette survey

B.3.1 Introductory text

Every respondent received the following introductory text:

Introduction

People have to make many decisions every day, some of which have

long-lasting implications. The present survey deals with two of

these, namely planning a family and going to work. These decisions

may depend on individual tastes as well as many factors, like public

childcare facilities and the labor market situation. In the present

survey, we want to learn more about your ideas concerning fertility

and labor-supply.

Imagine you lived together with a partner, and you were in the sit-

uation of planning a family. Particularly, you had to decide how

many children you wanted to have altogether, and how many hours

you wanted to work. We will ask you to make this decision in sev-

eral different environments. Each environment is described by:

� the availability of publicly-provided childcare

� child related tax benefits and subsidies

� the number of working hours of your partner

� the earnings of the partner

� your own net wage
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B.3.2 Visual design of the vignettes

Each environment is presented along with the following instruction:

Please imagine that the environment is described as below. In the

empty fields you can type in the desired number of children. Using

the slider, you can choose the desired numbers of working hours. For

your convenience, a calculator at the bottom of the screen gives the

level of household net earnings plus child related tax benefits and

subsidies (when children are present). The number does not include

social-assistance, unemployment benefits or other kinds of revenues.

Following the instructions, the first environment is provided, and the respondents are asked

to fill-in the desired number of working hours (by means of a slider) and children (typing a

number in the indicated empty field). Individual earnings, child related transfers, and the

total household income (sum), displayed at the bottom, are immediately and automatically

adapted to working hours and desired children as stated by the respondent.

External child care: private responsibility and costly
Tax benefits and subsidies per month and child: $200

Partner’s number of working hours per month: 160
Partner’s net earnings per month: $1600

Your hourly net wage rate: $5 Note. In case you want to have children, assume
that the youngest child is two years old.

Ideal number of own working hours per month:

0 40 80 120 160

Household composition: 2 adults

Numbers of children you would like to have:

Partner’s net earnings per month: $1600
Your net earnings: Automatically computed
Child transfer: Automatically computed
Sum: Automatically computed

Once the respondent has filled-in the desired working hours and number of children for

the first environment, the second environment is provided. It differs from the first environ-

ment with respect to a single attribute, which is highlighted. The following figure shows a

prototype sequence of four environments.
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C Analytics and computation of Models 1 and 2

C.1 Model 1

Model 1 is a continuous-time model that can be characterized analytically to a great

extent. Therefore, we present the analytics and, based on the solutions, we proceed to

explaining how it is computed.

C.1.1 Analytics of Model 1

Because of the time separability of the objective function of the model, one can write two

Hamiltonian functions, one for Phase 1 and one for Phase 2. The intra-temporal conditions

of the problem lead to,
1− θ

θ

CA
1− ℓ− ℓ

= w . (C.1)

Denoting utility uno children (CA, ℓ) by u1,

u1 ≡
(
CA√
N1

)θ
(1− ℓ− ℓ)1−θ , (C.2)

the combination of (C.1) and (C.2) gives,

u1−γ1 = κ4w
−δ1C1−γ

A , (C.3)

in which κ4 is a constant and,

δ1 = (1− θ) (1− γ) . (C.4)

The intratemporal conditions of the problem (after some algebra involving taking derivatives

with respect to time) give,
ĊA
CA

=
1

γ

(
r − ρ− δ1

ẇ

w

)
. (C.5)

Solving (C.5) forward, we have,

CA (s) = e
1
γ
(r−ρ)(s−t)

[
w (s)

w (t)

]−δ1
CA (t) . (C.6)

Rearranging (C.1) we get,

wℓ = (1− ℓ)w − 1− θ

θ
CA . (C.7)
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Combining (C.7) with equation (2) in the main body of the paper, and (C.6) gives,

ȧ (s)− ra (s) = w̄1 (s)−
1

θ
e

1
γ
(r−ρ)(s−t)

[
w (s)

w (t)

]−δ1
CA (t) , (C.8)

in which,

w̄1 (t) ≡ yp (t) + (1− ℓ)w (t) . (C.9)

Multiplying both sides of (C.8) by the integrating factor e−r(s−t) and integrating from t to t̄

(for t ≤ t̄) gives,

e−r(t̄−t)a (t̄)− a (t) = ω̄1 (t)− ξ̄1 (t)CA (t) , t ≤ t̄ (C.10)

in which

ω̄1 (t) ≡
∫ t̄

t

e−r(s−t)w̄1 (s) ds , (C.11)

and

ξ̄1 (t) ≡
∫ t̄

t

e[
1
γ
(r−ρ)−r](s−t)

[
w (s)

w (t)

]−δ1
ds . (C.12)

Equation (C.10) is crucial for deriving the consumption function, but in order to do this we

need to connect consumption decisions in Phase 1 with consumption decisions in Phase 2.

This connection is established below in equation (C.42), which expresses Phase-1 consump-

tion CA(t) as a function of the boundary asset value a(t̄) and Phase-2 anticipations. Finally,

the optimal labor-supply decision for t ≤ t̄ is given after re-arranging equation (C.7) by,

ℓ (t) = 1− ℓ− 1− θ

θ

CA (t)

w (t)
, t ≤ t̄ . (C.13)

In contrast to phase (1), in phase (2) there is a larger number of decisions. Because

the decision functions are complicated, we use recursive numerical solution. Yet, several

analytical results facilitate our analysis, so we explicitly derive them and explain them here.

The Hamiltonian in Phase 2 is,

H2 = e−ρ(t−t̄)
u1−γ2

1− γ
+ λ2

[
ra+ yp + wℓ+

(
A− κwϕ − p̃bmb

)
n− CC − CA

]
in which,

u2 ≡


[(

CA√
N2

)θ1 (CC√
n

)1−θ1
]θ

(1− ℓ−m−m− ℓ)1−θ


α [
nψ (m+ ζmη

b )
1−ψ
]1−α

.

(C.14)
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The first-order conditions are,

αθθ1
e−ρ(t−t̄)u1−γ2

CA
= λ2 , (C.15)

αθ (1− θ1)
e−ρ(t−t̄)u1−γ2

CC
= λ2 , (C.16)

α (1− θ)
e−ρ(t−t̄)u1−γ2

1− ℓ−m−m− ℓ
= λ2w , (C.17)

m+ ζmη
b

1− ℓ−m−m− ℓ
=

(1− α) (1− ψ)

α (1− θ)
, (C.18)[

αθ
1− θ1

2
− (1− α)ψ

]
e−ρ(t−t̄)u1−γ2

n
= λ2

(
A− κwϕ − p̃bmb

)
, (C.19)

(1− α) (1− ψ) ζη
e−ρ(t−t̄)u1−γ2 mη−1

b

m+ ζmη
b

= λ2p̃bn , (C.20)

− λ̇2
λ2

= r , (C.21)

together with the budget constraint given by equation (13) in the main body of the paper.

A crucial analytical step is to relate all decisions to CA and mb. Once this step is achieved,

we can insert all decisions in the budget constraint given by equation (13), and solve the dif-

ferential equation for asset accumulation in the same fashion as we did with solving equation

(C.8) in Phase 1, creating a recursion that iterates on solving mb as an optimal function of

time.

Combining (C.15) and (C.16) yields,

CC =
1− θ1
θ1

CA , (C.22)

while combining (C.15) and (C.19) gives,

(
A− κwϕ − p̃bmb

)
n =

αθ 1−θ1
2

− (1− α)ψ

αθθ1
CA . (C.23)

Combining (C.15), (C.17), and (C.18) gives,

m+ ζmη
b =

(1− α) (1− ψ)

αθθ1
w−1CA . (C.24)
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Combining (C.17), (C.20), and (C.18) leads to,

n = ζηwp̃−1
b mη−1

b , (C.25)

and combining (C.25) with (C.23) yields a key equation that pins down mb(t) as an implicit

function of CA(t), given the exogenous wage and price processes; this is the relationship we

iterate on in Section 1.2 to compute the equilibrium mb(t) schedule,

mη
b =

A− κwϕ

p̃b
mη−1
b −

αθ 1−θ1
2

− (1− α)ψ

αθθ1ηζ
w−1CA , (C.26)

which is the nonlinear equation we will be using in order to iterate on function mb (t).

Equations (C.26) and (C.24) give

m = −ζ A− κwϕ

p̃b
mη−1
b +

αθ 1−θ1
2

+ (1− α) [η − (1 + η)ψ]

αθθ1η
w−1CA , (C.27)

and after combining (C.27), (C.15), and (C.17), we finally obtain,

ℓ = 1− ℓ−m+ ζ
A− κwϕ

p̃b
mη−1
b −

α
[
η (1− θ) + θ 1−θ1

2

]
+ (1− α) [η − (1 + η)ψ]

αθθ1η
w−1CA .

(C.28)

Substituting equations (C.22) through (C.28) into equation (13) in the main body of the

paper, we obtain,

ȧ (t)− ra (t) = w̄2 (t)− κ3CA (t) , (C.29)

in which,

w̄2 (t) ≡ yp (t) +

[
1− ℓ−m+ ζ

A− κw (t)ϕ

p̃b (t)
mb (t)

η−1

]
w (t) , (C.30)

and

κ3 ≡
1

θ1
+

(1− η)αθ 1−θ1
2

+ αη (1− θ) + (1− α) (η − ψ)

αθθ1η
. (C.31)

In order to solve equation (C.29), the next step is to deal with the intertemporal condi-

tion given by (C.21). The key is to work on (C.15), by taking logs on both sides of (C.15) and

taking a derivative with respect to time. To do so, we substitute equations (C.22) through

(C.28) into (C.14) in order to obtain,

u2 (t)
1−γ = κ1f (t)CA (t)

1−γ2 , (C.32)
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in which κ1 is a constant and,

f (t) = w (t)δ2 p̃b (t)
δ3 mb (t)

δ4 , (C.33)

with,

δ2 =

{
α

[
θ

(
1 +

θ1
2

)
− 1

]
+ (1− α) (2ψ − 1)

}
(1− γ) ,

δ3 =

[
αθ

1− θ1
2

− ψ (1− α)

]
(1− γ) ,

δ4 = (1− η)

[
αθ

1− θ1
2

− ψ (1− α)

]
(1− γ) . (C.34)

Substituting (C.32) into (C.15), taking logs on both sides, differentiating with respect to

time we obtain,

ĊA
CA

=
1

γ

(
r − ρ+

ḟ

f

)
,

which has solution,

CA (s) = e
1
γ
(r−ρ)(s−t)

[
f (s)

f (t)

] 1
γ

CA (t) , s ≥ t . (C.35)

Considering equation (C.29) at any instant s ∈ [t, T ] with t ≥ t̄, and after substituting

(C.35), we obtain,

ȧ (s)− ra (s) = w̄2 (s)− κ3e
1
γ
(r−ρ)(s−t)

[
f (s)

f (t)

] 1
γ

CA (t) , s ≥ t ,

and we can multiply both sides of this last equation by the integrating factor e−r(s−t), inte-

grating from t until T to obtain,

e−r(T−t)a (T )− a (t) =

∫ T

t

e−r(s−t)w̄2 (s) ds− κ3

∫ T

t

e−r(s−t)e
1
γ
(r−ρ)(s−t)

[
f (s)

f (t)

] 1
γ

ds · CA (t) ,

which provides the decision rule for consumption,

CA (t) = ξ2 (t)
[
a (t)− e−r(T−t)a (T ) + ω2 (t)

]
, (C.36)

in which,

ξ2 (t) ≡

{
κ3

∫ T

t

e[
1
γ
(r−ρ)−r](s−t)

[
f (s)

f (t)

] 1
γ

ds

}−1

, (C.37)
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and

ω2 (t) ≡
∫ T

t

e−r(s−t)w̄2 (s) ds . (C.38)

To connect consumption decisions between Phase 1 and Phase 2, as equation (C.10)

indicates, the optimal consumption decision for t ≤ t̄ is conditional upon the level of a (t̄).

However, a (t̄) is not one of the terminal conditions of the problem, it is endogenous. We

need to connect the progression of wealth, a (t), between the two life phases, and to compute

consumption in Phase 1 as a function of anticipations in Phase 2 as well. In order to achieve

this, consider equation (C.36) at time t̄,

CA (t̄) = ξ2 (t̄)
[
a (t̄)− e−r(T−t̄)a (T ) + ω2 (t̄)

]
,

which we can solve for a (t̄) to obtain,

a (t̄) =
1

ξ2 (t̄)
c (t̄)− ω2 (t̄) + e−r(T−t̄)a (T ) . (C.39)

Combining (C.10) with (C.39) we obtain,

e−r(t̄−t)
[

1

ξ2 (t̄)
CA (t̄)− ω2 (t̄) + e−r(T−t̄)a (T )

]
− a (t) = ω̄1 (t)− ξ̄1 (t) c (t) . (C.40)

Equation (C.6) implies,

CA (t̄) = e
1

1−α1(1−γ)
(r−ρ)(t̄−t)

[
w (t̄)

w (t)

]−δ1
c (t) ,

which we can combine with (C.40) to obtain,{
e

[
1

1−α1(1−γ)
(r−ρ)−r

]
(t̄−t) 1

ξ2 (t̄)

[
w (t̄)

w (t)

]−δ1
+ ξ̄1 (t)

}
CA (t) =

= a (t)− e−r(T−t)a (T ) + ω̄1 (t) + e−r(t̄−t)ω2 (t̄) . (C.41)

Equation (C.41) reveals the form of the consumption function for t ≤ t̄, namely,

CA (t) = ξ1 (t)
[
a (t)− e−r(T−t)a (T ) + ω1 (t)

]
, t ≤ t̄ , (C.42)

in which

ξ1 (t) ≡

{
e[

1
γ
(r−ρ)−r](t̄−t) 1

ξ2 (t̄)

[
w (t̄)

w (t)

]−δ1
+ ξ̄1 (t)

}−1

, (C.43)
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and

ω1 (t) = ω̄1 (t) + e−r(t̄−t)ω2 (t̄) . (C.44)

To summarize, equations (C.42) and (C.36) comprise a decision rule which is a branch

function given by,

CA (t) =

{
ξ1 (t)

[
a (t)− e−r(T−t)a (T ) + ω1 (t)

]
ξ2 (t)

[
a (t)− e−r(T−t)a (T ) + ω2 (t)

] ,

,

t ≤ t̄

t ≥ t̄
. (C.45)

in which terms ξ1 (t), ξ2 (t), ω1 (t), and ω2 (t) are given by (C.43), (C.37), (C.44), and (C.38).

C.1.2 Strategy for computation of Model 1

Regarding the computation of equilibrium, there is a key facility stemming from the

fact that setting η = 1 leads to an exact solution. It suffices to see equation (C.26), in which

setting η = 1 allows mb (t) to have a closed form, as a function of CA (t) only (all other

variables, w (t) and p̃b (t) are exogenous, given by the data). At η = 1, equations (C.33) and

(C.34) further imply that function f (t) no longer depends on endogenous variable mb (t),

but only on w (t) and p̃b (t). This means that, for the special case of η = 1, the branch

function (C.45) has an exact solution, allowing the model to be fitted to data conveniently

using minimum-distance estimation.

For η ̸= 1, our computational strategy is to first restrict the model to η = 1, in order

to obtain model parameters that can serve as first guesses for minimum-distance estimation

for the case of η ̸= 1. The second step is to fit a polynomial function to the target data

for mb (t), use the parameters of the first step and best-fit the rest of the variables of the

model to the data for η ̸= 1. The third step is to derive a new guess for mb (t), denoted by

mNEW
b (t), after using equation (C.26) at the estimated parameters of the second step. Taking

a convex combination betweenmOLD
b (t), the polynomial function formb (t) from the previous

iteration, and mNEW
b (t), we go back to the third step and continue until convergence, using

the analytical features described above in this Appendix for faster computation.
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C.2 Model 2

Here we describe the structure of the algorithm for our non-aggregative model, which

respects cross-sectional heterogeneity. As the algorithm builds on Adda et al. [2017] and

Wang [2022], which provide detailed discussions of the underlying model structure and so-

lution methods, we focus on the novel model features.

C.2.1 Per-period utility

The per-period utility function of Model 2, given in eq. (18) of the main body, takes the

form

ut
(
ℓt, c̃t, nt,mart, at

)
=

{

α1

ln

c̃t − nt(1− s)pb,tmb,t + nt · A︸ ︷︷ ︸
ct

+α3(nt)

− ln

1 + 0.5mart + 0.3nt︸ ︷︷ ︸
OECD equivalence scale


+
(
1−O1α6

){ 3∑
k=1

α2kntI{nt=k}
t + (1−mart)

[
α4 ln

(
3∑

k=1

ntI{nt=k}
t + 1

)
+ α5I{nt=1}

t

]}

−

O
L
3

[
I{ℓt=ℓ

f}
t + γ4 I{ℓt=ℓ

p}
t

]
+OC

3

5∑
j=1

ζjI{at(j)=j}t︸ ︷︷ ︸
Γ1

[(
1−mart(1− ϕb)

)
ℓ̄c(at, nt)− ntmb,t

]


×

[
γ1 + (1−O2γ5)

(
3∑

k=1

γ2kntI{nt=k}
t

)(
5∑
j=1

γ3jI{at(j)=j}t

)]
︸ ︷︷ ︸

Γ

}
, (C.46)

The first line of the equation is the consumption block. Here c̃t denotes gross consumption

before netting the external-childcare cost, with ct = c̃t − nt(1 − s)pb,tmb,t + nt · A the net

household consumption that enters the logarithm: gross consumption c̃t, less the parent-

paid childcare share nt(1 − s)pb,tmb,t, plus the per-child allowance nt · A; the function c̃t is

detailed in Section C.2.5 below. The term α3(nt) is a consumption shifter that depends on

the number of children, and the denominator 1 + 0.5mart + 0.3nt is the OECD equivalence

scale that adjusts for household composition.

The second line is the children-utility block. The sum
∑3

k=1 α2kntI{nt=k}
t activates ex-

actly one of the parameters α21, α22, α23 depending on the family size: when nt = k, the

term evaluates to k · α2k, so that α2k is the per-child utility weight at family size k. The

single-parent supplementary term (1 − mart)
[
α4 ln(nt + 1) + α5I{nt=1}

t

]
captures the addi-
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tional utility (or disutility) experienced by single mothers, where the inner indicator-sum∑3
k=1 ntI

{nt=k}
t + 1 simply evaluates to nt + 1 and serves as the argument of the logarithm.

The whole block is multiplied by the heterogeneity discount (1 − O1α6), where the binary

type O1 ∈ {0, 1} indexes a woman’s fertility preference: type O1 = 0 has high fertility pref-

erence and retains the full children-utility, while type O1 = 1 has low fertility preference

and retains only a fraction (1−α6) of full children-utility. This high/low fertility preference

structure parallels the type-specific preference convention introduced in Wang [2022]. The

population shares of the two types are governed by the type-mix probability πO1 (estimated

within country-specific bounds; see Section 4.3 of the main body and Appendix D).

The third line is the work-disutility block. It is the sum of two pieces: a labor-time piece

scaled by OL
3 , and a childcare-time piece scaled by OC

3 . The labor-time piece uses indicators

only, I{ℓt=ℓ
f}

t + γ4I{ℓt=ℓ
p}

t , where the discrete labor choice is ℓt ∈ {0, ℓp, ℓf} and γ4 ∈ (0, 1)

scales the part-time disutility relative to full-time. The childcare-time piece is the residual

parental time [1−mart(1− ϕb)]ℓ̄
c(at, nt)− ntmb,t, where ℓ̄

c(at, nt) is the calibrated parental

childcare-time function (Appendix D), and the bracket [1−mart(1−ϕb)] is the marital-status

adjustment (married households apply factor ϕb; single households apply factor 1). The total

external-childcare time ntmb,t enters as a continuous optimization variable when nt > 0, with

the resulting first-order condition derived in Section 2.2.

The fourth line is the multiplicative scaling factor Γ that applies to the entire work-

disutility block. It is built from a constant γ1, plus the heterogeneity-discounted product of

two sums: birth-order weights
∑3

k=1 γ2kntI
{nt=k}
t and youngest-child-age weights

∑5
j=1 γ3jI

{at(j)=j}
t ,

the product of which is scaled by the heterogeneity-discount factor (1− O2γ5). The binary

type O2 ∈ {0, 1} indexes a woman’s disutility of working with children: type O2 = 0 has

high work disutility and applies the full work-disutility scaling, while type O2 = 1 has low

disutility for working with children and retains only a fraction (1− γ5) of the multiplicative

work-disutility, paralleling the low-disutility-type convention in Wang [2022]. The auxiliary

aggregate Γ1 =
∑5

j=1 ζjI
{at(j)=j}
t that appears inside the third-line childcare bracket is the

corresponding ζ-weighted sum across youngest-child age bins. The branch function at(k)

partitioning youngest-child age into five bins is defined in eq. (19) of the main body. The

four types (O1, O2) ∈ {0, 1}2 together form a four-cell population, with type-mix proba-

bilities πO1 , πO2 estimated within country-specific bounds (Section 4.3 of the main body;

Appendix D).

C.2.2 The introduction of total external childcare time as a continuous variable

The only continuous control variable in the per-period optimization ismb,t, the external-

childcare time per child, available when nt > 0. We derive its first-order condition by
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maximizing the per-period utility, eq. (C.46), with respect tomb,t, treating all other variables

as fixed. The resulting expression for mb,t then enters the residual parental-time quantity

[1−mart(1− ϕb)]ℓ̄
c(at, nt)− ntmb,t that appears in the work-disutility block of eq. (C.46).

Focusing on the case where nt > 0, the first-order conditions for maximizing with respect

to mb,t (demand for external childcare time) are:

α1nt (1− s) pb,t
c̃t − nt (1− s) pb,tmb,t + nt · A+ α3 (nt)

= OC
3 · Γ · Γ1 · nt ,

and solving for mb,t gives,

ntmb,t =
c̃t + nt · A+ α3 (nt)− α1(1−s)pb,t

OC
3 ·Γ·Γ1

(1− s) pb,t

The expression above is the unconstrained interior-FOC solution. In addition, the op-

timal external-childcare time satisfies two inequality constraints from the model: (i) non-

negativity, ntmb,t ≥ 0; and (ii) an outsourcing cap that prevents the focal parent from

outsourcing more than a fraction ϕ(mart, at) of the parental childcare time, i.e.,

0 ≤ ntmb,t ≤ ϕ(mart, at) · ℓ̄c(at, nt) ,

where ϕ(mart, at) collapses the time-varying outsourcing cap and the marriage adjustment

into a single composite factor,

ϕ(mart, at) ≡ α(at) ·
[
1−mart(1− ϕb)

]
, α(at) = max

{
0, 0.856− 0.044 at

}
. (C.47)

The cap α(at) is decreasing in the age of the youngest child (older children require more

non-outsourceable parental time), and the marriage factor [1 − mart(1 − ϕb)] scales the

focal parent’s share of total parental childcare (ϕb if married, 1 if single). Combining the

interior FOC with these bounds gives the closed-form total external childcare time used in

the estimation:

ntmb,t =

 min

{
max

{
c̃t + nt · A+ α3(nt)

(1− s)pb,t
− α1

OC
3 · Γ · Γ1

, 0

}
, ϕ(mart, at) ℓ̄

c(at, nt)

}
0

,

,

if nt > 0

if nt = 0
,

(C.48)

with the per-child external childcare time given bymb,t = ntmb,t/nt when nt > 0 andmb,t = 0

when nt = 0. This is identical to eq. (20) of the main body, where ϕ(mart, at) is defined inline

124



in the same form. The optimal external-childcare time ntmb,t in turn determines the residual

individual parental time that appears in the work-disutility block of eq. (C.46). Specifically,

individual parental time =
[
1−mart(1− ϕb)

]
ℓ̄c(at, nt)− ntmb,t , (C.49)

where ntmb,t is given by the clamped closed form (C.48). When nt = 0, both terms are zero.

This is the individual parental time entering the disutility block of eq. (C.46), and matches

eq. (21) of the main body.

C.2.3 Bellman equation and backward induction during the fertile and nonfer-

tile period

This subsection collects the Bellman equations of Model 2, complementing the deterministic-

max forms presented in Section 4.1 (nonfertile period, ages 46–62) and Section 4.2 (fertile

period, ages 22–45) of the main body. The contribution of this section is to write out the

explicit Gumbel-smoothed log-sum (Emax) forms that are actually solved in the estimation:

the labor-supply choice is smoothed by an i.i.d. Type-I extreme-value preference shock of

estimated scale σε, and the stage-1 fertility choice in the fertile period is similarly smoothed

by an analogous shock of scale σfε . The deterministic-max Bellman forms in the main body

are the σε → 0 and σfε → 0 limits. Estimation values for both smoothing scales, together

with the calibration of the fecundity, marital, divorce, and job-finding logits, are documented

in Appendix D.

The backward-induction algorithm runs from age T = 62 down to t = 22, with ter-

minal continuation value V63 ≡ 0. At each t ∈ {46, . . . , 62}, the value function Vt(Ω
0
t ) on

the reduced nonfertile state space (defined in main body Section 4.1) is computed from the

Bellman recursion below, using the already-solved Vt+1. At each t ∈ {22, . . . , 45}, the al-

gorithm proceeds in two stages within the period: stage 2 (labor-supply choice) computes

Vt(Ωt) given the post-fertility state, and stage 1 (fertility choice) integrates over ft ∈ {0, 1}
to produce V ∗

t (Ω
∗
t ), using the already-solved V ∗

t+1. At the regime boundary t = 46, we adopt

the simplifying convention used in Wang [2022] that all children have left the household by

age 46, so the continuation value entering the fertile-period recursion at t = 45 evaluates V46

at n46 = 0 and a46 = ∅ regardless of the fertility outcome at t = 45.

Nonfertile period (ages 46–62). The reduced state space is

Ω0
t = (xt, nt=0, at=∅,mart, yp,t, jobt, ξt)
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(main body Section 4.1). Define the period-t action value

Q0
t (ℓ; Ω

0
t ) ≡ ut(ℓ, c̃t, 0,mart, ∅) + β E

[
Vt+1(Ω

0
t+1)

∣∣ ℓ,Ω0
t

]
(C.50)

for each labor alternative ℓ ∈ {0, ℓp, ℓf}. The deterministic-max Bellman recursion is given

in main body Section 4.1. In the estimated specification, the labor-supply choice carries an

i.i.d. Type-I extreme-value preference shock εℓ,t of estimated scale σε; marginalizing over the

shock yields the standard log-sum (Emax) closed form

Vt(Ω
0
t ) = pjt σε log

 ∑
ℓ∈{0,ℓp,ℓf}

exp
Q0
t (ℓ; Ω

0
t )

σε

+
(
1− pjt

)
Q0
t (0; Ω

0
t ) . (C.51)

The conditional choice probability of labor alternative ℓ given a job offer (jobt = 1) is the

standard softmax,

P
(
ℓt = ℓ

∣∣ Ω0
t , jobt = 1

)
=

exp
(
Q0
t (ℓ; Ω

0
t )/σε

)∑
ℓ′∈{0,ℓp,ℓf} exp

(
Q0
t (ℓ

′; Ω0
t )/σε

) .
With probability 1 − pjt , the agent receives no job offer and is constrained to ℓt = 0 (invol-

untary unemployment); no smoothing applies in this branch.

Fertile period, stage 2 (labor; ages 22–45). Within a period t ∈ {22, . . . , 45} the

timing splits into stage 1 (fertility) and stage 2 (labor), solved backward within the period.

The post-fertility state is Ω∗
t = (xt, n

∗
t , a

∗
t ,mart, yp,t, jobt, ξt), related to the pre-fertility state

Ωt through nt = n∗
t + ft and at = (1 − ft) a

∗
t , with ft ∈ {0, 1} the binary fertility decision

(main body Section 4.2). Define the stage-2 action value

Qt(ℓ; Ωt) ≡ ut(ℓ, c̃t, nt,mart, at) + β E
[
V ∗
t+1(Ω

∗
t+1)

∣∣ ℓ,Ωt

]
. (C.52)

With Gumbel preference shocks of scale σε, the log-sum Bellman for the labor choice is

Vt(Ωt) = pjt σε log

 ∑
ℓ∈{0,ℓp,ℓf}

exp
Qt(ℓ; Ωt)

σε

+
(
1− pjt

)
Qt(0; Ωt) , (C.53)

with the same softmax conditional choice probability as in (C.51), evaluated at the fertile

state Ωt. The deterministic-max form (main body Section 4.2) is the σε → 0 limit.

Fertile period, stage 1 (fertility). In stage 1 the agent chooses fertility ft ∈ {0, 1}
subject to the exogenous fecundity probability pft (the biological chance of conceiving, age-

dependent and calibrated; see Appendix D). With i.i.d. Gumbel preference shocks of esti-
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mated scale σfε on each fertility alternative, marginalizing over the shock gives the log-sum

form

V ∗
t (Ω

∗
t ) = pft σ

f
ε log

 ∑
ft∈{0,1}

exp
Vt
(
Ωt

∣∣ ft,Ω∗
t

)
σfε

+
(
1− pft

)
Vt
(
Ωt

∣∣ ft = 0,Ω∗
t

)
, (C.54)

where Vt(Ωt|ft,Ω∗
t ) is the stage-2 value in (C.53) evaluated at the fertile state Ωt implied by

Ω∗
t and the realized ft. The conditional fertility-choice probability when biologically fertile

(the pft event) is the binary softmax,

P
(
ft = 1

∣∣ Ω∗
t , fertile

)
=

exp
(
Vt(Ωt|ft = 1)/σfε

)
exp
(
Vt(Ωt|ft = 1)/σfε

)
+ exp

(
Vt(Ωt|ft = 0)/σfε

) .
The deterministic-max counterpart in main body Section 4.2 is the σfε → 0 limit.

Exogenous transitions. The expectation operators in (C.50) and (C.52) integrate over

the same set of exogenous transitions in both period regimes: marital status mart+1 ∈ {0, 1}
via marriage probability pmt and divorce probability pdt (age-dependent logits calibrated as

in main body Section 4.1); the persistent wage shock ξt+1 ∼ N (0, σ2
ξ ), integrated by Gauss–

Hermite quadrature; and the job-status shock jobt+1 via the job-finding probability pjt (logit

in age, marital status, and demographic factors). The biological fecundity probability pft

enters only the stage-1 fertile-period recursion (C.54). All calibrated logits and the wage-

shock variance are documented in Appendix D.

C.2.4 Computational details

We solve Model 2 by backward induction on a discretized state space and simulate

population-level moments by Monte Carlo. Key discretization and simulation choices are

summarized below; the underlying calibration of the auxiliary processes (pjt , p
m
t , p

d
t , p

f
t , the

wage-shock variance, and the type-mix probabilities) is documented in Appendix D.

State-space discretization. The discrete state variables are kept in their native finite

supports: nt ∈ {0, 1, 2, 3} (children), mart ∈ {0, 1} (marital status), jobt ∈ {0, 1} (job-offer

status). The continuous state variables are discretized as follows. Experience xt takes values

on a finite grid spanning the working-life range. The persistent wage shock ξt ∼ N (0, σ2
ξ ) is

approximated by an S-node Gauss–Hermite quadrature with weights {ws} and nodes {ξ(s)}.
Husband income yp,t is discretized to a K-node country-specific grid. Calibration of the grid

sizes, the bounds, and σξ appears in Appendix D.

Youngest-child age grid and interpolation. The utility function (C.46) treats the

age of the youngest child at as falling into five discrete bins via the branch function at(k)
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(eq. (19) of the main body). Because backward induction must respect the natural one-

period transition at+1 = at + 1, we represent at on the natural-number grid {0, 1, . . . , 13}.
Following Adda et al. [2017], value functions are computed at the bin representative points

{0, 3, 6, 9, 12} and linearly interpolated within each bin to the full natural-number grid; values

at at = 13 are obtained by linear extrapolation from the slope at the upper bin.

Heterogeneous-population solution. The four unobserved-heterogeneity types (O1, O2) ∈
{0, 1}2 are solved as four independent dynamic programs, each conditioned on the type-

specific utility-discount factors (1−O1α6) and (1−O2γ5) in eq. (C.46). Simulated moments

are aggregated to a population mixture

M(θ) = πO1πO2 M
(1,1)(θ) + πO1(1− πO2)M

(1,0)(θ)

+ (1− πO1)πO2 M
(0,1)(θ) + (1− πO1)(1− πO2)M

(0,0)(θ) ,
(C.55)

where M (O1,O2)(θ) denotes the moment vector simulated from the type-(O1, O2) DP. The

type-mix probabilities (πO1 , πO2) are estimated within country-specific bounds (Section 4.3

of the main body; calibration in Appendix D).

Simulation. For each candidate parameter vector θ, we simulateNsim = 60,000 lifecycle

paths from age 22 to 62, with type assignments drawn independently from (πO1 , πO2). The

random seed is fixed at 123 to eliminate Monte-Carlo noise across optimizer iterations and

to match the seed used in Jacobian-based standard-error computation (Section 4.4 of the

main body). All simulation calls in the estimation pipeline use the same seed and Nsim.

C.2.5 Details about function c̃t

The function c̃t in the utility function given by equation (18) in the main body describes

the structure of personal incomes and their relation to policies.

Specifically,

c̃t = C̃ (nt,mart, y (ℓt, xt, ξt) , yp,t)

= max
[
G(y (ℓt, xt, ξt) , yp,t,mart) + (1−mart) · f alimony(nt) , f

Soc. Assist.(mart, nt)
]
,

(C.56)

the function f alimony(nt) is the alimony schedule,69 given by

f alimony(nt) = 200 · nt · 12 · κalimc ,

69The OECD equivalence-scale adjustment, formerly applied as a denominator 1 + 0.5mart + 0.3nt to
c̃t, now enters the utility function (C.46) separately as the additive term −α1 ln(1 + 0.5mart + 0.3nt), so c̃t
itself is not scale-divided.
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where the factor 12 annualizes the underlying monthly benchmark of 200 EUR per child, and

κalimc is a country-specific scaling parameter calibrated separately for the US and Germany

(Appendix D).70 The function fSoc. Assist.(mart, nt) is the social-assistance floor, given by

fSoc. Assist.(mart, nt) = {1 + 0.75mart + [0.65 + 0.2 (1−mart)]nt} · 600 · 12 · κSAc ,

where the factor 12 annualizes the underlying monthly benchmark of 600 EUR for a single,

childless household, and κSAc is a country-specific scaling parameter calibrated separately for

the US and Germany (Appendix D). The household resources before social assistance are

G(yt, yp,t,mart) = yt +mart · yp,t ,

where yt = y(ℓt, xt, ξt) is the focal woman’s own labor income,

y (ℓt, xt, ξt) = w (xt) · ℓt · exp(ξt) ,

and yp,t is spousal labor income (relevant only when married; discretized on a country-specific

grid; see Appendix D).

Policy variables. The pronatalist policy parameters do not enter c̃t directly; rather,

they enter the post-netting consumption argument ct that appears inside the logarithm of

the utility function (C.46):

ct = c̃t − nt(1− s) pb,tmb,t + nt · A ,

where A is the per-child allowance (annual, in the same monetary unit as c̃t) and s ∈ [0, 1] is

the daycare subsidy rate, both treated as exogenous policy stimuli experiments of Section 6

of the main body. The calibrated baseline values of (A, s) for the US and Germany are

documented in Appendix D.

C.3 Policy-response decomposition

Section 7 reports inconsistent policy rankings for the United States: at the structural

estimates, Model 1 finds the daycare subsidy more cost-effective than the allowance, while

Model 2 finds the allowance more cost-effective than the daycare subsidy (Table 17). This

subsection decomposes the architectural reasons behind that disagreement.

70In the model calibration, κalimDE = κSADE = 1.0 (the underlying 200 and 600 EUR monthly benchmarks
apply at face value), and κalimUS = κSAUS = 0.01. The substantial cross-country gap reflects both the different
monetary-unit convention used in the US estimation and the weaker formal alimony enforcement and lower
social-assistance floors in the US relative to Germany.
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The contradictory policy rankings for the United States can partly be explained by

technical specifics of the modeling: Model 1 represents children as an aggregative continuous

count and applies the daycare-cost reduction to all children, while Model 2 tracks each child’s

age explicitly and applies the daycare subsidy only to those of daycare age. Accordingly,

Model 1 amplifies the daycare-response by the inverse of the share of dependent-children

years that require intensive formal care. Conversely, allowances enter Model 1’s interior

FOC through a single time-cost term pn = −A+κwϕ+ p̃bmb whose response is muted by the

offsetting movement in mb, whereas in Model 2 they enter discrete fertility decisions directly

and have a sizeable extensive-margin effect.71

71See also the architectural comment in Section 6.3: the Model 1 allowance response in the US is small
not because of a calibration artefact (m̂b is within 1.5% of the data target 1/12) but because of the channel-
cancellation mechanism in the time-cost identity pn = −A+ κwϕ + p̃bmb.
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D Estimation and calibration of Models 1 and 2

D.1 Model 1

We structurally estimate Model 1 via the Method of Simulated Moments with two-step

LBFGS for both the United States and Germany. The estimation matches age profiles of

labor supply, the number of children, parental childcare time, log adult consumption, log

child consumption, and log assets, together with a single calibration target for the mean

external childcare time. Inference is by Jacobian sandwich standard errors.

D.1.1 Estimation procedure

Parameter vector. Model 1 has 14 structural parameters,

Θ = [ρ, r, θ, α, α1, γ, ψ, κ, φ, ζ, ℓlow, mlow, η, θ1]
T .

Four parameters are calibrated externally to the following values: ρ = 0.010 (US), 0.020

(Germany); r = 0.050 (US), 0.032 (Germany); α1 = 1.000 (both countries); ℓlow = 0.075

(US), 0.097 (Germany). The asset return r is calibrated to the historical average for each

country, which is higher in the US (5%) than in Germany (3.2%). The remaining 10 pa-

rameters are estimated by minimising the weighted MSM distance between model and data

moments.

Two-step LBFGS. We use NLopt’s LD LBFGS with bound constraints in two steps. LD LBFGS

is the limited-memory Broyden–Fletcher–Goldfarb–Shanno quasi-Newton local optimiser ex-

posed by Julia’s NLopt.jl package; the LD prefix denotes a local, derivative-based algorithm.

We supply gradients via two-sided finite differences with relative step h = 10−5. Step 1 min-

imises a priority-subset weighted distance with an upweighted labor-supply block (k = 20

for the US, k = 10 for Germany; the upweight magnitudes were calibrated separately and

reflect the data block’s relative information content). Step 2 is warm-started from the Step 1

solution and minimises the full seven-group weighted distance. Convergence in both steps

uses absolute objective tolerance ftol abs = 10−3.

Weighting matrix. The weighting matrix W is a group-size diagonal that weights each

of the seven moment groups, with the labor-supply (ℓage) and external-childcare (mb) blocks

upweighted by kℓage and kmb
(the values above).72 The moment covariance Σ used in the

72Using a fixed weighting matrix rather than the optimal (inverse-covariance) weighting avoids the small-
sample bias documented by Altonji and Segal [1996].
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sandwich standard errors below is obtained by bootstrap, as the covariance of the data

moment vector over 300 resamples of the moment block (clustered at the household level).

Inference. Standard errors are Jacobian sandwich standard errors,

V = (J ′WJ)−1 J ′W ΣW J (J ′WJ)−1, SE(θ̂k) =
√
Vkk,

where J is computed by 5% two-sided finite differences in θ at the MSM estimate θ̂, W is

the diagonal weighting matrix from the previous paragraph, and Σ is the bootstrap moment

covariance.

D.1.2 Auxiliary statistics

The estimation matches 124 moments organised in seven age-indexed groups,

G = [gl-age; gN -age; gM -age; glog c; glog cc; glog a; gmb
] .

Group sizes and definitions are summarised below.

Group Size Ages Definition (data side)

gl-age 24 22–45 Mean labor supply per age

gN-age 17 29–45 Mean number of children per age, post-t̄

gM-age 17 29–45 Mean parental childcare time per age, post-t̄

glog c 24 22–45 Mean log adult consumption per age

glog cc 17 29–45 Mean log child consumption per age, post-t̄

glog a 24 22–45 Mean log assets per age

gmb
1 — Calibration target 1/12 ≈ 0.083 for mean external childcare time

total 124

The data side of each group is computed from the couples-only sample (d partner==1)

at horizon 22–45. The model side is evaluated at θ̂ via the analytical decision rules of

Section 3 and aggregated to the same age cells.

D.2 Model 2 – Remaining calibrated or estimated parameters

Model 2 is a richer model in terms of variables and parameters. Table 4 of the main

body reports the full set of estimated structural parameters (37 in total) together with their

Jacobian-based standard errors. The present section documents the remaining parameters

that are not reported in Table 4: the calibrated auxiliary processes (employment, fecun-

dity, marriage, divorce), the calibrated institutional and demographic constants, and the
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few additional estimated parameters that govern auxiliary processes rather than the struc-

tural utility (the employment-logit intercept π1, the wage-process coefficients (ϕ0, ϕ1, ϕ2), the

experience-accumulation coefficient λp, and the fecundity-heterogeneity scale ση). Estimated

parameters are reported with their Jacobian-based standard errors in parentheses; calibrated

parameters are reported as plain numbers with their source noted.

D.2.1 Job-finding and human-capital (experience) parameter estimates

In order to capture how the probability of unemployment, 1−pjt , in the model, depends

on age and experience, x, we use the logit

ln

(
pjt

1− pjt

)
= π1 + π2 · aget + π3 · age2t + π4 · xt + π5 · x2t , (D.1)

where pjt is the fraction of employed females out of the female labor force in year t in

the sample. Equation (D.1) follows Wang [2026, p. 10]. Throughout this appendix, “re-

estimated” refers to parameters that Wang [2022] calibrated externally; under our Model 2

specification we re-estimate them jointly with the structural parameters of the main body

so that the auxiliary processes are internally consistent with the joint MSM estimation. Of

the five logit coefficients, π1 (intercept) is re-estimated jointly with the rest of Model 2, and

(π2, π3, π4, π5) are calibrated externally on country-specific labor-force-participation data.

The wage process is

wt = eϕ0+ϕ1xt+ϕ2x
2
t+ξt , (D.2)

where ξt ∼ N
(
0, σ2

ξ

)
is an i.i.d. productivity shock. Equation (D.2) also follows Wang

[2026, p. 11]. In the baseline (headline) specification —the estimation reported in Table 4

of the main body, as opposed to robustness variants that hold one or more wage parameters

fixed at the Wang [2022] values—, the wage parameters (ϕ0, ϕ1, ϕ2) and the productivity-

shock standard deviation σξ are re-estimated jointly with the rest of Model 2 (in contrast

with Wang’s calibration approach), to allow for full country-specific re-pricing of the wage

schedule under the Model 2 specification. The experience-accumulation rule is

xt+1 =
(
xt + λpIℓ

p

t + Iℓft
)
·
[
Iℓpt + Iℓft + δ ·

(
1− Iℓpt − Iℓft

)]
, (D.3)

where λp is the part-time accumulation coefficient (estimated) and δ is the experience de-

preciation factor (calibrated from Wang, 2022, Table 5).
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Table D.1: Job-finding, human-capital, and wage parameters under Model 2

Germany United States
Parameter value source value source
Employment-probability logit (D.1)
π1 Intercept −0.494 (0.027) estimated +1.206 (0.009) estimated
π2 Age +0.226 calibrated +0.070 calibrated
π3 Age sq. −0.006 calibrated −0.003 calibrated
π4 Experience +0.367 calibrated −0.003 calibrated
π5 Experience sq. −0.023 calibrated −0.003 calibrated
Human capital
λp Part-time coef. +0.557 (0.052) estimated +0.333 (0.012) estimated
δ Depreciation 0.983 calibrated
Wage process (D.2)
ϕ0 Intercept +2.028 (0.010) estimated +2.203 (0.003) estimated
ϕ1 Experience −0.034 (0.003) estimated +0.183 (0.001) estimated
ϕ2 Experience sq. +0.003 (0.0002) estimated −0.011 (0.0001) estimated
σξ Productivity-shock std. 0.146 calibrated

Notes: Estimated parameters are reported with Jacobian-based standard errors at 5% · |θ| step in
parentheses; calibrated parameters are reported as plain numbers. Sources for calibrated values: Wang
(2022, Table 4, p. 20) for δ; Wang (2022, Table 5, p. 20) for σξ; the job-finding logit slopes (π2, π3, π4, π5)
are pre-calibrated from our own country-specific estimates (SOEP panel transitions for Germany; PSID
panel transitions for the United States) and held fixed during our MSM estimation, while the intercept
π1 is re-estimated jointly with the rest of Model 2.
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D.2.2 Fecundity by age

To address the interplay between desired and planned fertility and actual fertility,

Model 2 uses an age-dependent fecundity probability pft entering the stage-1 fertility de-

cision (see eq. (16) in the main body, and Appendix C Section C.2.3). The country-specific

fecundity profiles are calibrated from biology-anchored natural-fecundity estimates: the Ger-

man profile follows Wang [2026, Table A.20, p. 51]; the US profile is calibrated to Tietze

[1957]73 and Dunson et al. [2002]. Both profiles are applied year-by-year in the backward-

induction Bellman recursion. Table D.2 reports the year-by-year values used in the Bellman

equation; aggregated 5-year averages appear at the bottom of the table.

Table D.2: Fecundity probability pft by age

Age group 22–25 26–30 31–35 36–40 41–45

Germany (pft , average) 0.834 0.752 0.580 0.430 0.204

United States (pft , average) 0.866 0.812 0.628 0.300 0.110

Notes: 5-year averages of the year-by-year calibrated pft profile. The DE profile is taken
from Wang [2026, Table A.20, p. 51]; the US profile is taken from Tietze [1957] and Dunson
et al. [2002]. The full year-by-year profile is applied in the backward-induction Bellman
recursion. The US profile features a sharper late-30s decline than the German profile.

Persistent per-woman fecundity heterogeneity ση. On top of the age-dependent

profile pft , the estimated specification adds a per-woman persistent heterogeneity term ηi ∼
N (0, σ2

η), drawn once at simulation initialization and held fixed over the lifecycle, which

perturbs the age-conditional fecundity logit:

ln

(
pft,i

1− pft,i

)
= ln

(
pft

1− pft

)
+ ηi .

The dispersion parameter ση is estimated jointly with the rest of Model 2 (point estimate

followed by Jacobian-based standard error in parentheses): ση,DE = 3.177 (0.156), ση,US =

2.916 (0.181). Setting ση = 0 recovers the homogeneous-fecundity case exactly.

D.2.3 Marriage and divorce

The marital transitions enter all Bellman equations via period-index logits,

ln

(
pmt

1− pmt

)
= θ0m + θ1m · t+ θ2m · t2 + θ3m · t3 , (D.4)

73Tietze’s estimates are the standard natural-fertility benchmark in the demographic-biology literature,
free of contraceptive or behavioral distortions.
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where pmt = Pr (mart = 1 |mart−1 = 0) is the probability of transitioning into marriage from

being single, and

ln

(
pdt

1− pdt

)
= θ0d + θ1d · t+ θ2d · t2 , (D.5)

where pdt = Pr (mart = 0 |mart−1 = 1) is the probability of transitioning out of marriage.

Here t = aget− 22+ 1 is the model period index (t = 1 at age 22, t = 24 at age 45), and the

first realized transition (age 22 → 23) uses t = 2.

The country-specific logit coefficients are calibrated separately for the US and Germany.

The German values follow Wang [2022] (medium-education group of her education-specific

marriage and divorce calibration). The US values are calibrated by matching the model’s

simulated ever-married share path to its CPS counterpart and the simulated married-to-

divorced transition path to the CPS panel transition rate, both via nonlinear least squares

on the polynomial coefficients.

For the non-fertile period (t > 24, ages 46–62), we adopt the simplification pmt = 1 and

pdt = 0: any single woman transitions to married with probability one, and married women

never divorce.74

Table D.3: Marriage and divorce logit coefficients

Germany United States
Marriage Divorce Marriage Divorce

θ0 Intercept −3.508 −3.810 −1.971 −4.039
θ1 Age +0.574 +0.017 +0.426 −0.071
θ2 Age sq. −0.058 −0.001 −0.019 +0.002
θ3 Age cb. +0.002 – +0.000315 –

Notes: German values followWang [2022] (medium-education group of her education-specific
marriage and divorce calibration). US values calibrated by matching the model’s simulated
ever-married share path to its CPS counterpart (marriage) and the simulated married-to-
divorced transition path to the CPS panel transition rate (divorce), both via nonlinear least
squares on the polynomial coefficients.

D.2.4 Childcare needs and the parental-childcare scaling parameter κ

The childcare-needs function ℓ̄c(at, nt) is a discrete-valued branch function indexed by

the age of the youngest child at (5 bins) and the number of children nt ∈ {0, 1, 2, 3}. Under
Model 2, the country-specific raw matrices below are multiplied by an estimated scaling

parameter κ (lcbar scale; θ[35] in the parameter vector) to allow the level of the childcare-

74This is consistent with the polynomial extrapolation (which already gives near-unity marriage hazard
and near-zero divorce hazard outside the calibration range) and with the assumption that children have left
the household by age 46 (see Appendix C Section C.2.3).
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time function to adjust to country-specific data,

ℓ̄c(at, nt) = κ · ℓ̄craw(at, nt) , (D.6)

with κDE = 0.500 (0.017) and κUS = 0.771 (0.029). The raw matrices are

ℓ̄craw,DE =


0 16/24 20/24 24/24

0 15/24 16/24 20/24

0 12/24 14/24 18/24

0 8/24 10/24 12/24

0 6/24 10/24 12/24

 , ℓ̄craw,US =


0 12/24 13/24 14/24

0 8/24 10/24 11/24

0 6/24 8/24 9/24

0 4/24 5/24 6/24

0 2/24 3/24 4/24

 , (D.7)

where rows correspond to youngest-child-age bins {[0, 3), [3, 6), [6, 9), [9, 12), [12, 13]} and

columns to nt ∈ {0, 1, 2, 3}. The individual parental time entering the work-disutility block

of the utility function is, as in Appendix C Section C.2.2,

individual parental time = [1−mart(1− ϕb)] ℓ̄
c(at, nt)− ntmb,t , (D.8)

where the marriage-adjustment factor [1 − mart(1 − ϕb)] scales the focal parent’s share of

total parental childcare time, with bargaining parameter ϕb,DE = 0.600 and ϕb,US = 0.500

(both calibrated).

D.2.5 Country-specific institutional scales κalimc and κSAc

The alimony schedule f alimony(nt) and the social-assistance floor fSoc. Assist.(mart, nt)

appearing in the household-resources function c̃t (Appendix C Section C.2.5) carry country-

specific scaling factors κalimc and κSAc that capture institutional differences in alimony en-

forcement and social-assistance generosity between the two countries (effectively near-zero

in the US relative to Germany). The calibrated values are

κalimDE = κSADE = 1.000 , κalimUS = κSAUS = 0.010 .

Additionally, the subsistence-consumption shifter α3(nt) = −(a3,c + a3,s · nt) · 12 entering

α1 ln(c̃t + α3(nt)) depends on country-specific calibrated constants (a3,c, a3,s)DE = (250, 160)

and (a3,c, a3,s)US = (200, 240), which calibrate the country-specific subsistence consumption

floor (a base level plus a per-child increment). All four calibrations are taken from the

country’s external survey data and held fixed during estimation.
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D.2.6 Labor choice set, external childcare wage, and terminal age

The discrete labor choice ℓt ∈ {0, ℓp, ℓf} covers a no-work option, part-time work, and

full-time work, with country-specific levels (in fraction-of-day units):

ℓfDE = 0.30 , ℓpDE = 0.15 ; ℓfUS = 0.36 , ℓpUS = 0.18 .

Both countries are normalized against the common annual working-time-available base

H = 24 × 4.25 × 5 × 12 = 6,120 hrs/yr (24 hrs/day × 4.25 wks/month × 5 working

days/week × 12 months), so that ℓt = annual hours/H. The same H enters the wage pro-

cess wannual = whourly×H (with a corresponding shift of the wage intercept ϕ0 to preserve the

implied annual wage level). Model 2 restricts labor supply to a discrete three-point choice;

we therefore construct the empirical labor-supply moments using the same cutoffs, ensuring

that the simulated moment vector and its data counterpart are measured consistently.
For the United States, ℓf = 0.36 and ℓp = 0.18 follow the CPS discrete cutoffs (≥ 35 hrs/week

7→ 0.36; 1–34 hrs/week 7→ 0.18; not employed 7→ 0). Annualized: ℓf ·H = 2,203 hrs/yr and

ℓp ·H = 1,102 hrs/yr (ratio 1:2). Cross-validating across data sources, applying these same

cutoffs to PSID and CPS yields ℓ̄PSID = 0.231 and ℓ̄CPS = 0.227, agreeing within 1.8%, which

justifies the discrete definition empirically.
For Germany, ℓf = 0.30 and ℓp = 0.15 are lower than their US counterparts, reflecting

the institutional fact that German full-time workers accumulate fewer annual hours due to

higher statutory vacation, shorter standard workweek, and generous parental leave. Annu-

alized: ℓf ·H = 1,836 hrs/yr and ℓp ·H = 918 hrs/yr. These levels are aligned with Wang

[2026, p. 10], who reports that “full-time work corresponds to 40 work hours per week and

part-time to 20 hours, aligned with mean hours in the data,” which maps to approximately

0.30/0.15 under the same H denominator. The 1:2 PT/FT hours ratio is preserved across

countries, so the experience-accumulation parameter λp admits the symmetric prior bound

λp ∈ [1/3, 3/4] in both estimations.
The country-specific (ℓf , ℓp) levels therefore absorb the institutional difference in working

hours (US workers at FT supply roughly 20% more annual hours than DE workers at FT)

while keeping the model’s discrete choice structure and time-endowment normalization in-

variant across countries. This preserves the comparability of cross-country FT-share, PT-

share, and labor-supply-by-children moments.

The external childcare wage wn entering the household-resources function c̃t (Appendix C

Section C.2.5) is a calibrated annualized wage, taken from the country’s external childcare

market data:

wnDE = 17EUR/hr× 160 hr/month× 12 = 32,640EUR/year ;
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wnUS = 24USD/hr× 150 hr/month× 12 = 43,200USD/year .

The terminal age is T = 62 for both countries, with V63 ≡ 0 as the boundary condition for

the backward induction (Appendix C Section C.2.3).75

D.2.7 Partner’s earnings yp,t

Partner’s earnings yp,t enter the household-resources function c̃t when the focal woman

is married. The country-specific yp,t profile is calibrated by age from GSOEP-equivalent

(Germany) and PSID (United States) age-conditional income tabulations and held fixed

during estimation. The DE profile spans ages 25–45 (length 21 years) with annualized values

from ∼18,378 EUR/year (age 25) to ∼24,315 EUR/year (age 45). The US profile spans ages

22–60 (length 39 years) with annualized values from ∼29,136 USD/year (age 22) to higher

values at older ages. Both profiles are treated as state-conditional means; cross-sectional

dispersion at a given age is not modeled.

D.2.8 Heterogeneous-population type-mix probabilities (πO1 , πO2)

Model 2 admits a four-type unobserved-heterogeneity structure through the binary atti-

tudinal switches O1, O2 ∈ {0, 1} in the per-period utility (eq. (18) of the main body, restated

in Appendix C Section C.2.1):

� O1 indexes fertility preference: type O1 = 0 has high fertility preference (full children-

utility), and type O1 = 1 has low fertility preference (children-utility scaled by 1−α6).

� O2 indexes the general disutility of effort (market work and parental childcare): type

O2 = 0 has high effort disutility, and type O2 = 1 has low effort disutility (effort

disutility scaled by 1− γ5).

The four cells (O1, O2) ∈ {0, 1}2 are solved as four independent dynamic programming

blocks and aggregated into population moments by the type-mixture

M(θ) =
∑

O1,O2∈{0,1}

π
(O1)
O1

π
(O2)
O2

M (O1,O2)(θ) ,

75For comparison, the corresponding object in Model 1 is the external-childcare price pb, annualized as
pb × 5,760 over a 12 × 20 × 24 clock-hour base, with pb = $8/hr (US) and e7/hr (Germany)—that is,
$46,080/year (US) and e40,320/year (Germany). These annualized prices, which are the objects that enter
each model’s budget constraint, are close to the Model 2 values (wn = $43,200 for the US and e32,640 for
Germany). The wider gap in the per-hour rates reflects only the different annual-hour conventions: Model 1
spreads the price over 5,760 clock-hours, whereas Model 2 uses the 1,800 (US, 150×12) and 1,920 (Germany,
160× 12) working-hour bases.
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where π
(1)
O1

= πO1 , π
(0)
O1

= 1− πO1 , and analogously for O2.

The type-mix probabilities (πO1 , πO2) are estimated within country-specific bounds doc-

umented in Table D.4. For Germany, the bounds are taken from Wang [2022] at ±20%

around her central values. For the United States, the bounds are informed by attitudinal-

question shares in the NLSY79 (survey items on desired family size and on the trade-off

between work and family).

Table D.4: Type-mix probabilities (πO1 , πO2): bounds and estimates

Germany United States
bounds estimate bounds estimate

πO1 = Pr(O1 = 1) [0.600, 0.900] 0.759 (0.053) [0.400, 0.700] 0.600 (0.008)
πO2 = Pr(O2 = 1) [0.272, 0.408] 0.344 (0.068) [0.250, 0.550] 0.495 (0.041)

Notes: Estimated jointly with the rest of Model 2 within the country-specific bounds shown. Standard
errors (Jacobian-based, 5% · |θ| step) in parentheses. German bounds are Wang [2026] central values
±20%. US bounds are informed by NLSY79 attitudinal-question shares.
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E Dynamic bivariate probit model

E.1 Introduction

We are interested in studying two longitudinal dichotomous variables that are closely

related and are likely to influence each other, y1it and y2it, where i = {1, ..., N}, t = {1, ..., T}.
Variable y1 is a “0-1” dummy variable, conveying information about desired working hours.

Specifically,

y1i =

{
1 ,

0 ,

if desired working hours are above individual i’s mean

else
, (E.1)

in which the individual’s mean is derived by a respondent’s answers to a series of vignette

experiments. Similarly,

y2i =

{
1 ,

0 ,

if desired number of children are above individual i’s mean

else
. (E.2)

In our vignette survey we vary five dimensions of an environment (see Appendix B). The

dimensions of the first environment are randomly drawn for all respondents and serve as

a baseline for the three subsequent environments. Because of this baseline structure, we

can view the estimation of regressions analyzing the impact of exogenous dimensions on y1i

and y2i, as the estimation of a dynamic panel with time lags. This is the reason that we

add the panel dimension to variables y1i and y2i, using the symbols “y1it” and “y2it”. Thus,

technically, the problem we want to solve is a dynamic panel estimation of a joint decision

process, i.e. estimating a system of dynamic panel equations. Estimating a system of dynamic

panel equations is challenging because it is difficult to have an analytical expression for the

likelihood function.

E.2 Maximum simulated likelihood estimation

We follow Cameron and Trivedi (2005, Ch. 12), in order to use maximum likelihood

estimation (MLE) in the absence of an analytical expression the density. The key result is

that simulation can lead to an estimator with the same distribution as the MLE, provided

that the number of simulation draws made to compute the density for each observation goes

to infinity (see Cameron and Trivedi, 2005, Section 12.4).



E.2.1 Model

For a respondent i that is observed in waves t = 1, ..., T , the latent-variable model for

time periods t = 2, ..., T is given by

y∗1i,t = x′
1i,tβ1 + y1i,t−1γ11 + y2i,t−1γ12 + αi + µ1i,t

y∗2i,t = x′
2i,tβ2 + y1i,t−1γ21 + y2i,t−1γ22 + αi + µ2i,t

}
(E.3)

in which y∗1i,t and y∗2i,t are the desired working hours and the desired number of children

stated by respondent i in all vignette experiments. We observe y1i,t = 1[y∗1i,t > ȳ∗1i] and

y2i,t = 1[y∗2i,t > ȳ∗2i], in which ȳ∗1i and ȳ
∗
2i are the average responses of respondent i, given all

vignette experiments that were given to i. The β’s and γ’s are unknown parameters. The

regressor vector x includes a constant term. Individual-specific random effects are captured

by αi, while µ1i,t and µ2i,t are the error terms.

We assume that the error terms µi,t = [µ1i,t, µ2i,t]
T are independent over time and jointly

distributed as

µi,t ∼ N

(
0,

[
1 ρµ

ρµ 1

])
, (E.4)

in which ρµ does not depend on t. The random effect, αi, is a random variable representing

unobserved individual heterogeneity and are time invariant, and it is assumed to be normally

distributed as

αi ∼ N
(
0, σ2

α

)
. (E.5)

For the initial period t = 1, model (E.3) implies

y∗1i,1 = x′
1i,tβ

0
1 + y1i,0γ11 + y2i,0γ12 + αi + µ1i,1

y∗2i,1 = x′
2i,tβ

0
2 + y1i,0γ21 + y2i,0γ22 + αi + µ2i,1

}
. (E.6)

In order to estimate the determinants of initial conditions of the model, Heckman (1981b,

pp. 188-189) suggests replacing the system (E.3) for t = 1, which is given by (E.6), with a

static equation. That static equation may have different regression coefficients from (E.6),

so,

y∗1i,1 = z′1i,1δ1 + λ11αi + ε1i,1

y∗2i,1 = z′2i,1δ2 + λ21αi + ε2i,1

}
, (E.7)

in which the error terms, εi1 = [ε1i,1, ε2i,1]
T , are jointly distributed as

εi1 ∼ N

(
0,

[
1 ρε

ρε 1

])
. (E.8)
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In our vignette survey, for each respondent, two consecutive vignettes (t and t + 1) differ

only by one characteristic from (i)-(v) above. This feature means that the set of variables

x1i,t and x2i,t vary very little across different t’s. In practice, this limited variation causes

estimation problems, since control variables tend to be collinear across t’s. This collinearity

feature makes the likelihood function too flat, which, in turn, makes finding minimizers quite

difficult.76In order to cope with this problem, we make matrices z1i,1 and z2i,1 different from

matrices x1i,1 and x2i,1, by omitting some variables. Specifically, matrices z1i,1 and z2i,1

contain fewer variables compared to matrices x1i,1 and x2i,1.

E.2.2 Distributional assumptions

All distributional assumptions are listed as,

f(α|x, z, ε, µ) = f(α) (A1)

f(ε|x, z, α) = f(ε|α) (A2)

f(µ|x, z, α) = f(µ|α) (A3)

ε ⊥ µ | α (A4)

f(εi,t|εi,s, α) = f(εi,t|α) ∀ s ̸= t (A5)

f(µi,t|µi,s, α) = f(µi,t|α) ∀ s ̸= t . (A6)

Condition (A1) is a standard random-effects assumption. Conditions (A1)-(A3) ensure that

all explanatory variables are exogenous. Condition (A4) ensures that innovations in dynamic

equations and initial conditions are independent, conditional upon α. Finally, (A5) and (A6)

rule out serial autocorrelation for the two pairs of Gaussian errors. For details on assumptions

(A1)-(A6), see also Wooldridge (2001, Ch. 15).

E.2.3 Likelihood function

For a bivariate normal CDF, we have

Pr(X1 ≤ x1,X2 ≤ x2) =

∫ x2

−∞

∫ x1

−∞
ϕ2(z1, z2,ρ)dz1dz2 = Φ2(x1, x2,ρ)

in which the density function is given by

ϕ2(x1, x2,ρ) =
1

2π
√

1− ρ2
exp

(
−1

2

x21 + x22 − 2ρx1x2
1− ρ2

)
.

76Note that for forming the likelihood function we use both systems of equations jointly, i.e., the system
given by (E.6) and the system given by (E.7).
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Partial derivatives which would be useful later on are,

∂Φ2(x1, x2, ρ)

∂x1
= ϕ(x1) ·𭟋

(
x2 : ρx1,

√
1− ρ2

)
= ϕ(x1) · Φ

(
x2 − ρx1√

1− ρ2

)
≡ Γx1(x1, x2, ρ)

∂Φ2(x1, x2, ρ)

∂x2
= ϕ(x2) ·𭟋

(
x1 : ρx2,

√
1− ρ2

)
= ϕ(x1) · Φ

(
x1 − ρx2√

1− ρ2

)
≡ Γx2(x1, x2, ρ)

∂Φ2(x1, x2, ρ)

∂ρ
= ϕ2(x1, x2, ρ) ≡ Γρ(x1, x2, ρ) ,

in which 𭟋 (x : µ, σ) denotes the cdf of a normal variable, x, with mean and variance µ and

σ. In addition, we construct two index variables, q1it = 2y1i,t − 1 and q2it = 2y2i,t − 1, which

we will conveniently use later on:

q1it = 2y1i,t − 1 →

{
1 if y∗1i,t > ȳ∗1i

−1 if y∗1i,t ≤ ȳ∗1i
,

q2it = 2y2i,t − 1 →

{
1 if y∗2i,t > ȳ∗2i

−1 if y∗2i,t ≤ ȳ∗2i
.

For each individual i we have four different possible combinations,(
Pr(y1i,t = 1, y2i,t = 1) Pr(y1i,t = 1, y2i,t = 0)

Pr(y1i,t = 0, y2i,t = 1) Pr(y1i,t = 0, y2i,t = 0)

)
(E.9)

(
Pr(y∗1i,t > 0, y∗2i,t > 0 Pr(y∗1i,t > 0, y∗2i,t ≤ 0)

Pr(y∗1i,t ≤ 0, y∗2i,t > 0) Pr(y∗1i,t ≤ 0, y∗2i,t ≤ 0)

)
. (E.10)

To save some space, let

x′
1i,tβ1 + y1i,t−1γ11 + y2i,t−1γ12 + αi ≡ µ̃1i,t

x′
2i,tβ2 + y1i,t−1γ21 + y2i,t−1γ22 + αi ≡ µ̃2i,t

z′1i,1δ1 + λ11αi ≡ µ̃1i,1

z′2i,1δ2 + λ21αi ≡ µ̃2i,2 ,
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so, (E.10) becomes,(
Pr(µ̃1i,t + µ1i,t > 0, µ̃2i,t + µ2i,t > 0 Pr(µ̃1i,t + µ1i,t > 0, µ̃2i,t + µ2i,t ≤ 0)

Pr(µ̃1i,t + µ1i,t ≤ 0, µ̃2i,t + µ2i,t > 0) Pr(µ̃1i,t + µ1i,t ≤ 0, µ̃2i,t + µ2i,t ≤ 0)

)
,

which further implies,(
Pr(µ1i,t > −µ̃1i,t, µ2i,t > −µ̃2i,t Pr(µ1i,t > −µ̃1i,t, µ2i,t ≤ −µ̃2i,t)

Pr(µ1i,t ≤ −µ̃1i,t, µ2i,t > −µ̃2i,t) Pr(µ1i,t ≤ −µ̃1i,t, µ2i,t ≤ −µ̃2i,t)

)
. (E.11)

Given the symmetric structure of the bivariate normal distribution with zero mean and

covariance ρµ, (E.11) implies,

Pr(µ1i,t > −µ̃1i,t, µ2i,t > −µ̃2i,t)

=

∫ +∞

−µ̃2i,t

∫ +∞

−µ̃1i,t
ϕ2(z1, z2,ρ)dz1dz2

=

∫ µ̃2i,t

−∞

∫ µ̃1i,t

−∞
ϕ2(z1, z2,ρ)dz1dz2 = Φ2(µ̃1i,t, µ̃2i,t, ρ)

Pr(µ1i,t > −µ̃1i,t, µ2i,t ≤ −µ̃2i,t)

=

∫ −µ̃2i,t

−∞

∫ +∞

−µ̃1i,t
ϕ2(z1, z2,ρ)dz1dz2

=

∫ −µ̃2i,t

−∞

∫ µ̃1i,t

−∞
ϕ2(z1, z2,ρ)dz1dz2 = Φ2(µ̃1i,t,−µ̃2i,t, ρ)

Pr(µ1i,t ≤ −µ̃1i,t, µ2i,t > −µ̃2i,t)

=

∫ +∞

−µ̃2i,t

∫ −µ̃1i,t

−∞
ϕ2(z1, z2,ρ)dz1dz2

=

∫ µ̃2i,t

−∞

∫ −µ̃1i,t

−∞
ϕ2(z1, z2,ρ)dz1dz2 = Φ2(−µ̃1i,t, µ̃2i,t, ρ)

Pr(µ1i,t ≤ −µ̃1i,t, µ2i,t ≤ −µ̃2i,t)

=

∫ −µ̃2i,t

−∞

∫ −µ̃1i,t

−∞
ϕ2(z1, z2,ρ)dz1dz2 = Φ2(−µ̃1i,t,−µ̃2i,t, ρ)

and (
Φ2(µ̃1i,t, µ̃2i,t, ρ)[1,1] Φ2(µ̃1i,t,−µ̃2i,t, ρ)[1,0]

Φ2(−µ̃1i,t, µ̃2i,t, ρ)[0,1] Φ2(−µ̃1i,t,−µ̃2i,t, ρ)[0,0]

)
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combined with

q1it = 2y1i,t − 1 →

{
1 if y∗1i,t > 0

−1 if y∗1i,t ≤ 0

q2it = 2y2i,t − 1 →

{
1 if y∗2i,t > 0

−1 if y∗2i,t ≤ 0

allow us to directly write down the likelihood function of individual i at period t as

Li,t (a1i,t; a2i,t) = Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρ) . (E.12)

Equation (E.12) implies that the contribution of the i-th individual to the likelihood is,

Li =

∫ +∞

−∞
Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)× (E.13)

×
T∏
t=2

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)f2(αi)dα

where Φ2(·, ·, ρ) is the bivariate cumulative density function of a bivariate normal distribution

with means zero, unit variances, and covariances ρ. f2(·) represents the normal density of

the random effects αi given the distributional assumption made above.

E.2.4 Simulated likelihood

We approximate the integral (E.13) with the simulated average

Lapproxi ≃ 1

R

R∑
r=1

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε|αri )×

×
T∏
t=2

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ|αri ) ,

where the random effects (αi) are replaced by independent random draws (αri ).

If N is the number of households in the sample, RN independent draws from the

standard normal distribution are taken (using a pseudo-random number generator or using

Halton sequence for simulation).77For each household, this procedure gives R independent

draws (α̃ri )[1...R]. We then transform α̃ri into draws from a standard normal distribution stated

77Halton sequences are known for better coverage of the [0, 1] interval and need less draws to achieve high
precision compare with pseudo-random number generator.
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in (E.5), as

αri = σαα̃ri .

E.3 STATA ml

E.3.1 Definition of 9 equations

Here we list the first-order derivatives related to the 9 equations,(
xb1t xb2t xb10 xb20 ρe ρµ σα λ11 λ21

θ1it θ2it θ3it θ4it θ5it θ6it θ7it θ8it θ9it

)
,

(following the STATA syntax). First, let’s define

Ω ≡ Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)
T∏
t=2

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ) .

For convenience in later steps we use,

BLOCK 1

∂ lnLi
∂θ1it (t≥2)

=
1

Li

∂Li
∂θ1it

=
1

Li

∂Li
∂xb1t

=
1

Li
·
∫ +∞

−∞

[
q1it ×

Γx1(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)

]
Ω · f(α)dα

∂ lnLi
∂θ2it (t≥2)

=
1

Li

∂Li
∂xb2t

=
1

Li
·
∫ +∞

−∞

[
q2it ×

Γx2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)

]
Ω · f(α)dα

∂ lnLi
∂θ3it (t=1)

=
1

Li

∂Li
∂xb10

=
1

Li
·
∫ +∞

−∞

[
q1i1 ×

Γx1(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

]
Ω · f(α)dα
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∂ lnLi
∂θ4it (t=1)

=
1

Li

∂Li
∂xb20

=
1

Li
·
∫ +∞

−∞

[
q2i1 ×

Γx2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

]
Ω · f(α)dα

BLOCK 2

∂ lnLi
∂θ5it (t=1)

=
1

Li

∂Li
∂ρe

=
1

Li
·
∫ +∞

−∞

[
q1i1q2i1 ×

ϕ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

]
Ω · f(α)dα

∂ lnLi
∂θ6it (t≥2)

=
1

Li

∂Li
∂ρµ

=
1

Li
·
∫ +∞

−∞

[
q1itq2it ×

ϕ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)

]
Ω · f(α)dα

BLOCK3

∂ lnLi
∂θ7it (t=1)

=
1

Li

∂Li
∂ ln σα1

=
1

Li

∂Li
∂σα1

· σα1

=
σα1
Li

·
∫ +∞

−∞
α̃r1

[q1i1λ11Γx1(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε) + q2i1λ21Γx2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)]

× Ω

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)
· f(α)dα

∂ lnLi
∂θ7it (t≥2)

=
1

Li

∂Li
∂ ln σα1

=
1

Li

∂Li
∂σα1

· σα1

=
σα1
Li

·
∫ +∞

−∞
α̃r1

[q1it · Γx1(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ) + q2it · Γx2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)]

× Ω

Φ2(q1itµ̃1i,t, q2itµ̃2i,t, q1itq2itρµ)
· f(α)dα

BLOCK 4
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∂ lnLi
∂θ8it (t=1)

=
1

Li

∂Li
∂λ11

=
1

Li
·
∫ +∞

−∞

[
q1i1α

r × Γx1(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

]
Ω · f(α)dα

∂ lnLi
∂θ9it (t=1)

=
1

Li

∂Li
∂λ21

=
1

Li
·
∫ +∞

−∞

[
q2i1α

r × Γx2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

Φ2(q1i1µ̃1i,1, q2i1µ̃2i,1, q1i1q2i1ρε)

]
Ω · f(α)dα

Using these blocks, a STATA program jointly estimates the system given by (E.6) and the

system given by (E.7).

E.4 Estimation results

Table E.1 provides the estimation results.

149



Table E.1: Dynamic bivariate probit model

Desired no. of children Desired working hours

United States

hourly wage 0.0075∗∗∗ 0.0004
(5.6108) (0.2877)

partner: wage 0.0148∗∗∗ -0.0067∗∗∗

(7.1570) (-3.4567)

partner: working hrs -0.0008∗ 0.0010∗∗

(-1.8948) (2.4435)

Allowance ($200 or $400) 0.0003 -0.0000
(1.2175) (-0.0019)

Subsidy (subsidized vs. costly, 0/1) -0.3027∗∗∗ -0.0490
(-6.8066) (-1.1908)

n⋆t−1 -0.1763∗∗∗ 0.6903∗∗∗

(-3.0734) (14.0450)

ℓ⋆t−1 0.6528∗∗∗ -0.1847∗∗∗

(12.5656) (-3.2440)

N 7288

Germany
hourly wage -0.0123∗∗ 0.0029

(-2.0448) (0.5475)

partner: wage 0.0267∗∗∗ -0.0188∗∗

(3.1914) (-2.5062)

partner: working hrs -0.0012 -0.0018∗

(-1.1317) (-1.8862)

Allowance (e250 or e500) 0.0009∗∗ -0.0008∗∗

(1.9938) (-2.1212)

Subsidy (subsidized vs. costly, 0/1) -0.4570∗∗∗ -0.1962∗∗

(-4.4072) (-2.0914)

n⋆t−1 0.1154 0.5314∗∗∗

(1.1767) (6.2320)

ℓ⋆t−1 0.7492∗∗∗ -0.1879∗

(7.6166) (-1.8544)

N 1,784

Note: t statistics in parentheses; ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Dynamic bivariate probit model

with common random-effect.
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F Out-of-sample validation and cross-validations of Mod-

els 1 and 2

F.1 Model 1: aggregative and deterministic

F.1.1 Construction of the simulated panel

The construction of the Model 1 simulated panel is described conceptually in Section 6.1

of the main body of the paper. Here we provide the technical implementation details: the

per-respondent simulation procedure, the variable-by-variable mappings of vignette stimuli

into Model 1’s budget constraint, the implementation choices for cross-model consistency,

and the pipeline mechanics.

The vignette sample, restricted to female respondents aged 22–42, contains NUS = 3,056

cells in the United States (764 respondents × 4 randomized environments) and NDE = 1,128

in Germany (282 respondents × 4 environments). For each such vignette-panel cell, we solve

Model 1’s lifecycle problem for three modeling scenarios. This gives a total of 9,168 solutions

for the US and 3,384 for the German sample. The structural parameters are held fixed at their

estimated values θ̂M1 (Section 3 of the main body of the paper) across all model solutions.

Modeling scenario 1 is the country-level baseline (baseline wage and partner-income profiles,

baseline allowance and daycare price). Modeling scenarios 2 and 3 substitute the vignette

stimuli into the wage and partner-income paths: modeling scenario 2 (current-period only)

does so at the respondent’s age t0 = age − 21 only, while modeling scenario 3 (permanent)

does so for all t ≥ t0. Each solve returns model-implied age-by-age fertility n(t) and labor

supply ℓ(t) over the full lifecycle window t ∈ [22, 45]; we collect these into matrices NModEnv

(24× 3) and LModEnv (24× 3), with rows indexed by age and columns by modeling scenario.

Two of the vignette stimuli enter Model 1 as time paths (wage w(t) and partner income

yp(t)) and the other two as scalars (allowance A and daycare price p̃b). The time paths are

replaced only at the periods specified by the perception convention: modeling scenario 2

(current-period only) replaces them at t0 alone, while modeling scenario 3 (permanent)

replaces them for all t ≥ t0. The scalars are applied to the full lifecycle window in both

perturbed modeling scenarios. Modeling scenario 1 retains the country-baseline values for

all four stimuli.

The vignette module encodes childcare availability as a binary indicator scostly care ∈
{0, 1}, with scostly care = 0 representing subsidized (free or near-free) external daycare and

scostly care = 1 representing costly daycare. We implement this binary mapping in each

model’s native daycare-cost specification. In Model 1, the subsidized state sets the daycare

price to p̃b = 0.05 · p̃anchorb and the costly state retains p̃b = p̃anchorb ; in Model 2, the same
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binary maps to the subsidy rate s = 0.95 (highly subsidized) versus s = 0 (costly) on the

daycare-cost term (1−s) pb,tmb,t in the household budget constraint. Both parameterizations

represent the vignette’s intended intervention — a 95% reduction in the effective daycare

cost — under each model’s native specification.

We define the capped fertility ñ(t) ≡ min(n(t), 3) and use ñ(t) in place of n(t) for

all subsequent aggregation, mirroring Model 2’s discrete state ceiling {0, 1, 2, 3}. The cap

is applied element-wise to the NModEnv matrix immediately after the per-modeling-scenario

solve and before any post-t̄ aggregation. The cap value 3 in both Model 1 (via the min

transformation) and Model 2 (via the discrete state grid {0, 1, 2, 3}) represents three or more

children: any fertility count of 3, 4, 5, . . . is mapped to the same upper-boundary state. This

convention reflects the rare-event nature of higher-parity fertility in the data and the practical

need to keep each model’s state space compact.

The computational pipeline runs in parallel by 9 parallel-programming workers per

country; each parallel-programming worker handles a disjoint subset of the vignette-panel

cells and writes a partial comma-separated-value (CSV) file, while a merge step concatenates

the partial files into a single panel-level file. For each cell, the panel records the post-t̄ mean

of ñ(t) under each perturbed modeling scenario,

n̄ModEnv ≡ 1

46− t̄

45∑
t=t̄

ñ(t, ModEnv), ModEnv ∈ {2, 3},

together with the vignette policy stimuli and the respondent’s stated number of children.

The columns n̄2 and n̄3 are the Model 1 panel’s analogs of Model 2’s completed fertility n45,

and serve as the dependent variable in the FE regressions of Section 6.2 and the elasticity

computations of Section 6.3.

F.1.2 Out-of-sample validation

Section 6.2 in the main body of the paper reports the cross-validation of the vignette

panel and the simulated panels of Models 1 and 2 (see Table 13).

Here we provide Model-1-specific technical details: the vignette-panel cell-level sam-

ple composition, the predicted-vs-stated fertility distribution by 2×2 policy blocks (trans-

fer × costly care), and the fixed-effects regression under three Model 1 wage-perception

conventions (permanent, current period, permanent but evaluated at the respondent age).

Data and sample The vignette panels from PAIRFAM (Germany; satellite vignette mod-

ule of wave 5, 2013/14) and UAS module 27 (US) are restricted to female respondents aged
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22–42: 1,128 observations from 282 female respondents in Germany (four randomized envi-

ronments per respondent), and 3,056 observations from 764 female respondents in the United

States (of which 3,001 have a stated number of children). The structure of the Model 1 sim-

ulated panel and the vignette panel is the same: one row per vignette-panel observation.

Distributions of stated and predicted number of children Table F.1 reports the dis-

tribution of completed fertility under each of the four 2×2 policy blocks (transfer × costly

care) for the vignette panel and the Model 1 simulated panel under modeling scenario 3

(permanent-wage treatment). Predicted values are evaluated at the baseline Model 1 esti-

mate θ̂M1 in Table 3 in the main body of the paper.

Table F.1: Distribution of number of children by 2×2 policy block: vignette panel vs. Model 1
simulated panel (env-3 Permanent)

Block Panel 0 1 2 3+ Mean s.d. N

US
Low transfer / Subsidized Vignette 18.2 20.3 33.6 27.9 1.89 1.38 699

Sim Perm 0.0 0.0 0.0 100.0 3.00 0.01 707
High transfer / Subsidized Vignette 16.4 17.8 40.1 25.7 1.90 1.35 751

Sim Perm 0.0 0.0 0.0 100.0 3.00 0.01 772
Low transfer / Costly Vignette 17.9 22.6 37.1 22.3 1.80 1.36 743

Sim Perm 9.5 38.4 38.8 13.2 1.52 0.76 755
High transfer / Costly Vignette 17.5 23.5 38.6 20.4 1.75 1.28 808

Sim Perm 6.7 39.1 37.6 16.7 1.62 0.78 822

DE
Low transfer / Subsidized Vignette 11.4 25.0 43.2 20.3 1.81 1.10 236

Sim Perm 0.0 0.0 0.0 100.0 3.00 0.00 236
High transfer / Subsidized Vignette 10.2 18.4 43.0 28.5 2.01 1.13 305

Sim Perm 0.0 0.0 0.0 100.0 3.00 0.00 305
Low transfer / Costly Vignette 17.1 27.6 40.4 14.9 1.60 1.12 275

Sim Perm 0.0 51.3 34.2 14.5 1.64 0.67 275
High transfer / Costly Vignette 11.9 24.7 41.3 22.1 1.80 1.06 312

Sim Perm 0.0 41.3 42.0 16.7 1.75 0.65 312

Note: Cell-level frequencies (%) of integer-rounded number of children; Mean and s.d. computed from

continuous predictions. “Sim Perm” = modeling scenario 3 (permanent-wage treatment) at θ̂M1 with

per-age min(n, 3) cap. Transfer “Low / High” corresponds to monthly child allowance $200 / $400 (US) or

250 / 500 Euros (DE); “Subsidized” maps to p̃b = 0.05 · p̃anchorb , “Costly” to p̃b = p̃anchorb . Vignette US has

N = 3,001 overall because 55 of the 764 female respondents did not state a number of children.

The 2×2 breakdown reveals policy-specific patterns. Under subsidized care (CC= 0),

Model 1’s Permanent-wage treatment saturates at the n = 3 cap in 100% of cells in both

countries and across both transfer levels (Mean = 3.00, s.d. = 0.00). The vignette distribu-

tion under subsidized care, by contrast, spans the full support: in the US, vignette means
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are 1.89 and 1.90 under low and high transfer; in DE, 1.81 and 2.01. “Subsidized care” in the

vignette corresponds to a near-free daycare condition, an informative counterfactual but an

unrealistic real-world scenario. The implied substantial drop in the relative price of children

raises fertility substantially, and Model 1’s predictions reach the upper bound of the support

across the entire sample. Under “costly care,” by contrast, daycare prices remain at empiri-

cally observed levels, and the predicted distribution moves back into a range comparable to

the vignette responses. Under costly care (CC= 1), Model 1’s predicted distribution matches

the vignette distribution closely in both countries: low/costly US means 1.52 (sim) vs. 1.80

(vig); high/costly US means 1.62 vs. 1.75; low/costly DE means 1.64 vs. 1.60; high/costly

DE means 1.75 vs. 1.80. The simulated distribution is more concentrated than the vignette

(sd ≈ 0.7–0.8 vs. vignette ≈ 1.1–1.4), as expected for an aggregative deterministic model.

This dichotomy is a strength of the Model 1 design rather than a weakness. The vignette

presents the daycare stimulus as a binary 0/1 contrast, “costly care” vs. “fully subsidized

care”, and Model 1 reproduces the qualitative pattern that this design is intended to elicit:

fertility responds sharply under full subsidization of care and moderately at the empirically

grounded costly end. That the model correctly separates the two cases is itself a structural

validation; it tells us that Model 1’s optimization-based fertility decisions move in the right

qualitative direction under large changes in the relative price of children. Having established

this qualitative similarity, we proceed to the quantitative cross-validation of realistic 5–20%

policy variations in Section 6.3 and the structural elasticity computation in Section 6.4 of

the main body of the paper, where the smaller policy perturbations stay well within the

interior of the support and the cap is not binding.

Fixed-effects regression: vignette panel vs. Model 1 simulated panel Table F.2

reports the linear fixed-effects regression with individual-level cluster-robust standard errors

of the number of children on the four randomized vignette stimuli (hourly wage, partner

earnings, transfer, costly care) for the vignette panel and for three Model 1 wage-perception

conventions: Permanent (env-3 from Section F.1.1), current-period (env-2, the vignette wage

applied at t0 only), and Permanent but evaluated at the respondent age (env-3 evaluated at

the respondent’s vignette age a∗ rather than the post-t̄ mean).

All three Model 1 wage conventions agree with the vignette on the sign of every coef-

ficient: hourly wage positive, partner earnings ≈ 0, transfer positive, costly care strongly

negative. The magnitudes differ across conventions. The costly-care coefficient is roughly

6–8× larger in absolute value than the vignette’s −0.189/−0.250 in both countries, because

Model 1’s aggregative continuous-n representation amplifies the per-cell response, the same

architectural pattern flagged in Section 6.2 of the main body of the paper. The hourly-
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Table F.2: Fixed-effects regression of number of children on vignette stimuli (vignette panel
vs. Model 1 simulated panel, three wage-perception treatments)

Vignette Sim Perm Sim Current-period Sim Perm (at age a∗)
US
hourly wage +0.014∗∗∗ +0.017∗∗∗ +0.001∗∗∗ +0.013∗∗∗

(0.002) (0.001) (0.0001) (0.001)

partner earnings (per $1,000) +0.118∗∗∗ -0.003 -0.001 -0.001
(0.017) (0.005) (0.0005) (0.004)

child allowance (per $100) +0.032 +0.023∗∗∗ +0.012∗∗∗ +0.022∗∗∗

(0.024) (0.007) (0.001) (0.005)

costly care (0,1) -0.189∗∗∗ -1.321∗∗∗ -1.372∗∗∗ -1.309∗∗∗

(0.040) (0.033) (0.003) (0.029)
R2 (within) 0.071 0.715 0.997 0.807
N 3,001 3,056 3,056 2,468
DE
hourly wage +0.020∗∗∗ +0.029∗∗∗ +0.003∗∗∗ +0.026∗∗∗

(0.005) (0.003) (0.0002) (0.002)

partner earnings (per e1,000) +0.240∗∗∗ -0.019 -0.003∗∗ -0.013
(0.038) (0.012) (0.002) (0.011)

child allowance (per e100) +0.132∗∗∗ +0.014 +0.019∗∗∗ +0.037∗∗∗

(0.035) (0.010) (0.001) (0.007)

costly care (0,1) -0.250∗∗∗ -1.229∗∗∗ -1.661∗∗∗ -1.222∗∗∗

(0.046) (0.043) (0.005) (0.037)
R2 (within) 0.154 0.758 0.998 0.821
N 1,128 1,128 1,128 1,116

Note: Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01. Female respondents aged

22–42. Simulated panels generated at θ̂M1 (Section 4.4 of the main body of the paper). Sim Perm = env-3

(vignette wage applied for all t ≥ t0, post-t̄ mean). Sim Current-period = env-2 (vignette wage applied at

t0 only, post-t̄ mean). Sim Perm (at age a∗) = env-3 (Permanent) evaluated at the respondent’s vignette

age a∗ rather than the post-t̄ mean. The Sim Perm (at age a∗) column has slightly smaller N because some

respondents are at ages outside the panel evaluation window.
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wage coefficient is closest to the vignette under the Permanent and the Permanent-but-

evaluated-at-the-respondent-age treatments (0.017 and 0.013 vs. vignette 0.014 in the US;

0.029 and 0.026 vs. vignette 0.020 in DE), while the Current-period treatment produces a

near-zero coefficient (0.001/0.003) because the one-period vignette wage perturbation has

limited propagation through the deterministic lifecycle. The within-R2 values rise sharply

from the vignette panel (0.071/0.154) to all three simulated-panel columns (0.72–1.00), con-

sistent with Model 1 generating systematically more deterministic responses than the survey

respondents.

A powerful feature of the vignette module is its randomization design, embedded directly

within the representative household panels of both countries. Each respondent is presented

with the same set of randomized vignette environments, so the regression coefficients in

Table F.2 identify the causal partial derivatives of fertility with respect to each stimulus

from within-respondent variation, free of the selection and identification challenges that arise

in observational policy variation. The Model 1 simulated panel inherits this randomization

design and combines it with a separate strength: the structural framework is calibrated to

established representative household surveys of both countries (PSID and CPS for the US,

SOEP for Germany), through which the deep parameters θ̂M1 are calibrated to real-world age

profiles of fertility, labor supply, consumption, assets, and childcare. The simulated panel

therefore inherits both pieces simultaneously, experimental randomization at the within-

respondent level and real-world grounding at the population level, which is what makes the

cross-validation here a credible test of the structural model.

F.2 Model 2: heterogeneous and stochastic

F.2.1 Construction of the simulated panel

The construction of the Model 2 simulated panel is described conceptually in Section 6.1

of the main body of the paper. Here we provide the technical implementation details: the

per-respondent dynamic-programming solve, the variable-by-variable mappings of vignette

stimuli into Model 2’s wage process and budget constraint, the initial-state initialization,

and the forward-simulation procedure that produces the completed-fertility outcome per

vignette-panel cell.

For each vignette-panel cell, we solve Model 2’s full dynamic programming problem at

the estimated structural parameters θ̂M2, holding θ̂M2 fixed throughout. Because Model 2

has a four-type unobserved-heterogeneity structure (defined in equation 19 in the main body

of the paper) through the binary attitudinal switches (O1, O2) ∈ {0, 1}2—where O1=1 scales

child-related utility by (1 − α6) and O2=1 scales childcare-time disutility by (1 − γ5)—
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each cell requires four separate dynamic programming solutions (one per type), and the

simulated outcome is the mixture across types with independent type probabilities πO1 and

πO2 (estimated at the anchor). With 764 US respondents and 282 DE respondents each

evaluated on four environments, the US sample yields 3,056 cells and the DE sample yields

1,128 cells. In total, we solve Model 2 12,224 times in the US and 4,512 times in Germany.

Each solution is paired with NSIM = 10,000 stochastic forward simulations of the lifecycle,

from which the cell-level completed fertility n45 is obtained as the mean across simulated

paths and across the four (O1, O2) types (π-weighted). This gives a total of 122.24 million

simulated paths in the US and 45.12 million in Germany. This computationally intensive

procedure contrasts sharply with Model 1’s deterministic aggregative solver.

Each randomized vignette environment is characterized by five attributes: hourly net

wage rate (we), partner working hours (hp,e), partner monthly earnings (yp,e), availability of

childcare facilities (se ∈ {costly, subsidized}), and monthly allowance per child (Ae). We

map these attributes one-for-one into Model 2’s environment as follows.

� Wage. The vignette wage is fed directly into the income function by replacing Model 2’s

wage process. Specifically, in the specification wt = exp(ϕ0 + ϕ1xt + ϕ2x
2
t + ξt), we set

ϕ1 = ϕ2 = 0 and ϕ0 = log(we) for each cell, so that the deterministic component of the

wage equals exactly we at every age (the productivity shock ξt
iid∼ N(0, σ2) continues to

apply, drawn independently each period from its discretized S-point grid; the vignette

substitution does not alter the shock distribution).

� Partner income. The partner-income profile yp,t is replaced with a constant annual

value 12 · yp,e at every age.

� Child allowance. The child-allowance term A in Model 2’s budget constraint (entering

as nt · A in the cash-flow expression c̃t = ct + nt(1 − s)pb,tmb,t − nt · A, see Section 4

of the main body of the paper) is set to 12 · Ae, converting the vignette’s per-child

monthly amount to a per-child annual amount.

� Daycare cost. The daycare subsidy rate s in Model 2’s budget constraint (entering as

the household-paid daycare-cost term nt(1 − s)pb,tmb,t within c̃t, see Section 4 of the

main body of the paper) is set to s = 0 when se = costly (Model 2’s baseline calibration

value, representing no subsidy) and s = 0.95 when se = subsidized (a near-free daycare

condition, the maximum stable subsidy within Model 2’s numerical range).

We initialize each respondent’s lifecycle continuation at her actual life stage. The sim-

ulation starts at period t0 = age − 21 (so a respondent aged 30 starts at t0 = 9), with

n0 = min(observed children, 3) existing children, marital status as observed in the survey,
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initial experience x0 = age − 22 (assuming continuous accumulation since age 22), and age

of youngest child a0 = 3 (a uniform default since the vignette is silent on this dimension;

the value is irrelevant for respondents with no existing children). For each unique vignette

environment we solve Model 2’s dynamic program once and forward-simulate NSIM = 10,000

stochastic draws of fertility/labor-supply trajectories from the respondent’s initial state up

to the end of fecundity (age 45). Predictions are π-weighted across the four heterogeneity

types (O1, O2) ∈ {0, 1}2 following Model 2’s baseline specification. The structural estimated

parameters θ̂ are taken from Table 4 of the main body of the paper and held fixed throughout.

For each vignette-panel cell we obtain two model-implied outcomes: the total number

of children at age 45, nsim = n45, and the labor supply at the respondent’s actual age,

ℓsim = ℓt0 · 510 (converted to monthly hours, with 510 = H/12 where H = 6,120 is Model 2’s

annual time endowment), where · denotes the average across the NSIM stochastic draws and

the four (O1, O2) types.

Because survey respondents are not told whether the vignette wage variation is per-

manent or temporary, two wage-perception conventions are natural: permanent-wage and

current-period-wage. The construction described above corresponds to permanent-wage: a

single dynamic program is solved at the modified (ϕ0, ϕ1, ϕ2), and the vignette wage applies

for all t ≥ t0. current-period-wage, introduced as a robustness check in Section F.2.2 below,

confines the vignette wage to the initialization period via a two-DP formulation: at t0 the

agent uses the policy from DPPerm (solved at the vignette ϕ0), and from t0 + 1 onward she

uses the policy from DPN (solved at the respondent’s natural, estimated wage process). All

non-wage attributes (Ae, se, yp,e) are applied identically across both DPs. The two con-

ventions span the natural range of perception assumptions: Permanent-wage applies the

vignette wage to all T − t0 remaining periods, while Current-period-wage applies it to a

single period.

Formally, let dDP (s, t) denote Model 2’s policy function (over labor-supply and fertility

choices) at state s and age-period t under dynamic programDP , following the discrete-choice

lifecycle convention of Eckstein and Wolpin [1989] and Keane and Wolpin [1997]. We solve

two DPs per vignette-panel cell:

DPPerm : solve with (ϕ0, ϕ1, ϕ2) = (logwe, 0, 0) and non-wage substitutions (A, s, yp,t),

DPN : solve with the estimated (ϕ̂0, ϕ̂1, ϕ̂2) and identical non-wage substitutions (A, s, yp,t).

Under permanent-wage, the agent uses dDPPerm(·, t) for every t ≥ t0 (single-DP execution).
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Under current-period-wage, the agent uses the piecewise policy

dCP(s, t) =

dDPPerm(s, t0) t = t0,

dDPN(s, t) t > t0.

Concretely, the realized wage in the budget equation is wt = we at t = t0 (vignette wage)

and wt = exp(ϕ̂0 + ϕ̂1xt + ϕ̂2x
2
t ) for t > t0 (natural Mincer path), with ξt

iid∼ N(0, σ2) drawn

each period in both cases and entering as incomet = wt · ℓt · exp(ξt). All non-wage attributes
(A, s, yp,t) are applied identically across both DPs and across all periods.

F.2.2 Out-of-sample validation

Section 6.2 of the main body of the paper reports the joint cross-validation. Here we

provide Model-2-specific technical details, following the same layout as Section F.1.2 above,

with the FE regression run under two Model 2 wage-perception conventions (Permanent and

Current-period).

Data and sample The vignette panel is identical to that used for Model 1 in Section F.1.2.

The Model 2 simulated panel has the same row structure (one row per respondent × vignette

cell) and is built per the technical construction in Section F.2.1 above.

Distribution of stated and predicted number of children Table F.3 reports the

distribution of completed fertility under each of the four 2×2 policy blocks (transfer × costly

care) for both the vignette panel and the Model 2 simulated panel under the Permanent-wage

treatment. Predicted values are evaluated at the baseline Model 2 estimate θ̂M2 in Table 5

in the main body of the paper.

In both countries and across all four blocks, Model 2’s predicted distribution stays close

to the vignette. The Model 2 means range from 1.76 to 2.24 in the US (vignette: 1.75 to

1.90) and from 1.78 to 1.86 in DE (vignette: 1.60 to 2.01). Unlike Model 1, even under

subsidized care, the Model 2 distribution remains spread out across the support: even at the

highest s = 0.95 subsidy, the simulated distribution maintains substantial mass on n = 0, 1,

and 2, with at most 40% of cells in the US (and ≤ 12% in DE) hitting the n = 3 boundary

state.

This behavior reflects Model 2’s heterogeneous-agent structure: the four-type (O1, O2)

mixture distributes the fertility response across types whose preferences for children differ

by (1 − α6) and (1 − γ5), and the NSIM = 10,000 stochastic forward simulations introduce

additional within-type variation. The same extreme policy variation that drove Model 1’s
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Table F.3: Distribution of number of children by 2×2 policy block: vignette panel vs. Model 2
simulated panel (Permanent-wage)

Block Panel 0 1 2 3+ Mean s.d. N

US
Low transfer / Subsidized Vignette 18.2 20.3 33.6 27.9 1.89 1.38 699

Sim Perm 8.8 18.8 40.2 32.2 1.93 0.86 707
High transfer / Subsidized Vignette 16.4 17.8 40.1 25.7 1.90 1.35 751

Sim Perm 3.5 8.8 47.7 40.0 2.24 0.65 772
Low transfer / Costly Vignette 17.9 22.6 37.1 22.3 1.80 1.36 743

Sim Perm 9.5 32.2 35.1 23.2 1.76 0.90 755
High transfer / Costly Vignette 17.5 23.5 38.6 20.4 1.75 1.28 808

Sim Perm 6.8 8.9 50.1 34.2 2.13 0.76 822

DE
Low transfer / Subsidized Vignette 11.4 25.0 43.2 20.3 1.81 1.10 236

Sim Perm 2.1 7.6 82.2 8.1 1.81 0.52 236
High transfer / Subsidized Vignette 10.2 18.4 43.0 28.5 2.01 1.13 305

Sim Perm 0.0 8.9 79.7 11.5 1.86 0.54 305
Low transfer / Costly Vignette 17.1 27.6 40.4 14.9 1.60 1.12 275

Sim Perm 3.3 16.0 68.7 12.0 1.78 0.59 275
High transfer / Costly Vignette 11.9 24.7 41.3 22.1 1.80 1.06 312

Sim Perm 1.6 5.1 81.4 11.9 1.83 0.56 312

Note: Cell-level frequencies (%) of integer-rounded number of children; Mean and s.d. computed from

continuous predictions. “Sim Perm” = Permanent-wage treatment at θ̂M2. Transfer “Low / High”

corresponds to monthly child allowance $200 / $400 (US) or 250 / 500 Euros (DE); “Subsidized” maps to

s = 0.95, “Costly” to s = 0. Vignette US has N = 3,001 overall because 55 of the 764 female respondents

did not state a number of children.
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aggregative representative agent to the corner is absorbed by Model 2’s cross-sectional and

idiosyncratic heterogeneity. The Model 2 simulated distribution is, like Model 1’s, more con-

centrated than the vignette (s.d. ≈ 0.5–0.9 vs. vignette ≈ 1.1–1.4), reflecting the smoothing

effect of mixing over types and stochastic paths.

The contrast between Model 1 and Model 2 documented across Sections F.1.2 and F.2.2

is precisely why we report two complementary structural models in this paper. As we noted in

Section 6.3 in the main body of the paper, “in structural models, estimated policy responses

depend on, among others, the stipulated behavioral framework, functional forms, and other

technical assumptions (see Todd and Wolpin, 2023, p. 44); potentially, many model struc-

tures could match the same estimation targets equally well, but may have different policy

implications.” Model 1’s aggregative continuous-n framework and Model 2’s heterogeneous-

agent discrete-state framework are exactly two such alternative structures: both match their

respective estimation targets (Section 3 for Model 1, Section 4 for Model 2), yet they gener-

ate visibly different policy implications under the same extreme vignette stimulus, Model 1

piles up at the n = 3 boundary, while Model 2 spreads across the support. Reporting both

models side by side, and cross-validating each against the same vignette environment, makes

the dependence of policy implications on modeling assumptions transparent, and provides a

model-choice confidence interval on any single policy conclusion: Model 1’s and Model 2’s

estimates jointly bound the policy implication, and the width of that interval is itself an in-

dicator of how robust the conclusion is. A narrow gap (such as on the sign of the costly-care

coefficient) signals robustness; a wide gap (such as on the magnitude of the costly-care co-

efficient) signals that the conclusion depends on the modeling assumption and, accordingly,

should be interpreted cautiously.

The two models also differ sharply in computational cost. Model 2 is a heterogeneous-

agent dynamic-programming model with stochastic forward simulation: as documented in

Section F.2.1, evaluating the model at θ̂M2 across the vignette panel requires 122.24 million

simulated paths in the US and 45.12 million in Germany, with each cell solved via a full

backward induction over the discrete state space. Model 1, by contrast, is an aggregative

deterministic lifecycle model: its inner equilibrium admits a closed-form solution at η = 1,

which we use as a well-educated warm-start guess. Combined with the warm-start, the single

point-estimate MSM for Model 1 completes in well under 2 minutes per country on a single

machine, against Model 2’s days-long run at NSIM = 10,000. This computational asymmetry

is itself a methodological complementarity: Model 1’s speed makes extensive robustness

checks tractable, while Model 2’s richness captures the cross-sectional heterogeneity that

Model 1 cannot.
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Fixed-effects regression: vignette panel vs. Model 2 simulated panel Table F.4

reports the linear fixed-effects regression with individual-level cluster-robust standard errors

of the number of children on the four randomized vignette stimuli (hourly wage, partner

earnings, transfer, costly care) for the vignette panel and for two Model 2 wage-perception

conventions: Permanent (vignette wage applied for all t ≥ t0, single-DP solve) and current-

period (vignette wage applied at t0 only, two-DP construction described in Section F.2.1).

All three columns (vignette and both Model 2 wage conventions) agree on the qualitative

pattern: costly care reduces fertility (β < 0 at the 1% level in every column), transfers raise

it (positive in vignette and in both Model 2 columns for both countries), and the hourly-

wage coefficient is positive in the US (across vignette, Permanent, and Current-period).

The one departure is the DE hourly-wage coefficient, which flips sign under Model 2: the

Permanent construction yields a small negative coefficient (−0.003∗∗∗) while the Current-

period treatment renders the response statistically indistinguishable from zero (−0.001, n.s.).

The typical ordering |βvignette| > |βModel 2| established in the opening of this Appendix holds

for the costly-care coefficient in both countries and for the DE transfer coefficient.

The closeness of the Permanent and Current-period columns shows that Model 2’s re-

sponsiveness to the four policy stimuli is largely robust to the wage-perception assumption.

Transfer and costly care deliver coefficients that are essentially identical across the two

perception specifications in both countries (US transfer +0.185 → +0.182 per $100, US

costly care −0.108 → −0.116; DE transfer +0.012 → +0.013 per e100, DE costly care

−0.044 → −0.049). Partner earnings are negligible in both columns and in both countries.

The hourly-wage coefficient is the only place where the wage-perception assumption matters

to first order, since the vignette wage is the stimulus being perceived; even there, the two

constructions deliver the same sign in the US (+0.002 → +0.001) and a quantitatively re-

duced but still non-positive coefficient in DE (−0.003 → −0.001). The economic logic is that

the wage process is the model’s numéraire and scales relative prices throughout the budget

constraint: changing the perception of the vignette wage shifts the marginal-response mag-

nitudes but cannot reverse them, and the within-respondent partial derivatives that the FE

regression identifies are pinned down primarily by structural preferences (taste for children,

disutility of work, curvature of utility) and by the agent’s natural lifecycle wage profile, both

of which are common to the two constructions.

To conclude, Model 2 is substantially more complex than Model 1, with a heterogeneous-

agent dynamic-programming structure, stochastic forward simulation, four unobserved-heterogeneity

types, and the discrete state space {0, 1, 2, 3+} documented in Section 4 in the main body

of the paper, against Model 1’s aggregative deterministic representative-agent formulation.

Yet the cross-validated policy responses to the vignette policy stimuli are quantitatively
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Table F.4: Fixed-effects regression of number of children on vignette stimuli (vignette panel
vs. Model 2 simulated panel, permanent- and current-wage treatment)

Vignette Sim Permanent Sim Current-period
US
hourly wage +0.014∗∗∗ +0.002∗∗∗ +0.001∗∗∗

(0.002) (0.0003) (0.0003)

partner earnings (per $1,000) +0.118∗∗∗ +0.006 +0.011∗∗

(0.017) (0.004) (0.004)

child allowance (per $100) +0.032 +0.185∗∗∗ +0.182∗∗∗

(0.024) (0.016) (0.016)

costly care (0,1) -0.189∗∗∗ -0.108∗∗∗ -0.116∗∗∗

(0.040) (0.007) (0.008)
R2 (within) 0.071 0.359 0.363
N 3,001 3,056 3,056
DE
hourly wage +0.020∗∗∗ -0.003∗∗∗ -0.001

(0.005) (0.001) (0.0004)

partner earnings (per e1,000) +0.240∗∗∗ -0.003 -0.010∗∗∗

(0.038) (0.002) (0.003)

child allowance (per e100) +0.132∗∗∗ +0.012∗∗∗ +0.013∗∗∗

(0.035) (0.002) (0.002)

costly care (0,1) -0.250∗∗∗ -0.044∗∗∗ -0.049∗∗∗

(0.046) (0.006) (0.007)
R2 (within) 0.154 0.244 0.216
N 1,128 1,128 1,128

Note: Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01. Female respondents aged

22–42. θ̂M2 from Table 5 in the main body of the paper. Sim Permanent = vignette wage applied for all

t ≥ t0 (single-DP solve). Sim Current-period = vignette wage applied at t0 only via two-DP construction:

at t0 the agent uses the policy from DPPerm (solved under the vignette wage permanent), and from t0 + 1

onward she uses the policy from DPN (solved under the agent’s natural wage process). Non-wage

attributes (A, s, yp,t) are applied identically across both constructions.
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similar across the two models in sign, statistical significance, and broad order of magni-

tude (Table F.2 and Table F.4). This convergence of structurally distinct frameworks on

the same vignette-based answer is itself an important finding: it shows that the combina-

tion of vignette experiments with structural anchoring on representative household surveys

is robust to substantial variation in the structural model’s behavioral assumptions, and that

the methodological construction of pairing the two ingredients delivers stable policy impli-

cations. The vignette provides the experimental rigor; the structural model provides the

counterfactual power; and the agreement we document here is the working demonstration of

what Todd and Wolpin [2023] call the “best of both worlds,” a methodological construction

worth carrying beyond this paper.
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1 Introduction

This Online Computational Appendix accompanies the paper Combining a Survey Ex-

periment with Lifecycle Models to Evaluate Pronatalist Policies. The paper presents two

structural lifecycle models (Model 1, aggregative and deterministic; Model 2, heterogeneous-

agent and stochastic), estimates them on United States and German microdata, validates

them against a randomized-vignette survey experiment, and reports the elasticities of fer-

tility with respect to a per-child allowance and a childcare-price subsidy. This appendix

documents the computational implementation of every component: the data pipeline that

produces the model-ready inputs (Section 2), the two structural-model implementations and

their estimation procedures (Section 3, Section 4), the vignette-anchored simulated panel

that links the survey responses to the structural estimates (Section 5), the three elastic-

ity constructions that summarize the paper’s policy results (Section 6), and a guide to the

runnable replication package (Section 7).

Relationship to the paper and replication package. This appendix is one of three

documents that together constitute the paper’s full computational documentation. The

paper gives the structural derivations, identification arguments, and substantive results.

Appendix A in the paper gives the narrative variable-construction details for every empirical

moment. The Online Computational Appendix (this document) gives the algorithmic and

computational implementation, focusing on what the code actually computes (parameter

ranges, sign conventions, discretization choices, numerical solver structure, byte-equivalence

verifications). The runnable code itself appears in the companion IER_R2_Replication/

package; the appendix and the package are designed to be read together. Section 7 provides

the package’s entry point.

Cross-reference conventions. Internal cross-references within the OCA follow the pa-

per’s conventions and appear as Section 3, (17), Table 1, etc. References to the paper use

prose (“Section 4 in the paper”, “Table 11 in the paper”, “Figure 5 in the paper”) because

the OCA and the paper compile separately. References to the replication package use file

paths (IER_R2_Replication/docs/FILE_MAP.md, etc.) anchored at the package root.

1.1 Glossary

The following acronyms and short codes recur throughout this appendix.

Methods.
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MSM Method of Simulated Moments

DP Dynamic programming (Bellman recursion)

FE Fixed effects (Table 14 vignette-vs-simulated panel regressions)

SE Standard error

NLopt Julia nonlinear-optimization library (M1 and M2 estimation)

Data sources.

PSID Panel Study of Income Dynamics (US; M1, M2)

SCF Survey of Consumer Finances (US; M1 wealth, 2007 wave)

CPS Current Population Survey (US; M1 labor supply)

ATUS American Time Use Survey (US; M1, M2 time use)

NLSY79 National Longitudinal Survey of Youth 1979 (US; M2 π priors)

UAS-27 Understanding America Study, wave 27 (US; vignettes)

SOEP German Socio-Economic Panel (DE; M1, M2)

Pairfam Panel Analysis of Intimate Relationships and Family Dynamics

(DE; vignettes, 2014 satellite module)

Model and version codes.

M1 Model 1 (lifecycle dynamic-programming model; canonical esti-

mate = v14)

M2 Model 2 (M1 + 4-type mixture; canonical estimate = V16)

Pb Price-of-children base (policy stimulus in elasticity exercises)

A Allowance / per-child cash transfer (policy stimulus)

Subsidy95 M1 vignette simpanel protocol (sub = 0.95 with per-age cap, Sec-

tion 5.4)

Pipeline and process tags.

L1, L2, L3a, L3b, L4 Data-pipeline layered-build stages (Section 2.2)

DUA Data Use Agreement (required for restricted-access raw surveys)

OCA Online Computational Appendix (this document)

πO1 , πO2 Latent type-share parameters in M2’s 4-type mixture

2 Data pipeline

2.1 Overview

The data pipeline is the upstream layer of the replication package: it takes survey

microdata (PSID, SCF, CPS, ATUS, NLSY79, and the UAS vignette survey for the United
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States; SOEP and the Pairfam vignette survey for Germany) and produces the model-ready

data inputs that Models 1 and 2 consume (Section 3.3, Section 4.3) and the moment vectors

that the MSM estimators target (Section 3.4, Section 4.4). The implementation appears in

data_processing/ of the replication package.

Paper Appendix A documents the construction of each data variable (definitions, sam-

ple restrictions, transformations); this section focuses on the computational aspects of the

pipeline: layered architecture (Section 2.2), random seeds and bootstrap conventions (Sec-

tion 2.3), price-base and deflation conventions (Section 2.4), and byte-equivalence verifica-

tion.1 The pipeline is implemented in Stata 17 (∼25 .do files) with two small Julia helpers.

2.2 Architecture

The pipeline is structured as a per-country directory tree with parallel substructure for

the United States (scripts/us/) and Germany (scripts/de/). Each country tree has the

following layered subdirectories:

Subdirectory Layer Role

variables/ L1 Per-source raw-variable extraction from PSID, SCF,

SOEP, etc.; one .do per source

full_sample/ L1→L2 Cross-source merging and panel assembly

model_sample/ L2 Theory-driven sample restrictions and unit-of-

observation choices (M1 couples-only, M2 includes

singles, etc.)

summary_stats/ L3a Auxiliary summary statistics and aux check verifica-

tions

moments/ L3b Model-targeted moments per (model, country, boot-

strap draw); 7 moment groups for M1 (byte-exact tar-

get)

deliverables/ L4 Final .csv/.jld2 outputs that Models 1 and 2 con-

sume directly; one aggregator script per model (m1.do,

m2.do)

figures/ auxiliary Country-specific Appendix A figures

verify/ auxiliary Dev-time byte-equivalence checks

Layer numbers (L1, L2, L3a, L3b, L4) appear in the file headers; the L2 designation for

model_sample/ is fixed by scripts/_config.do’s design principle:

1Reproducibility is enforced by a verify/ harness that re-derives every moment and model input and
asserts agreement with the reference to a strict relative tolerance, ranging from 10−13 at the moment layer
to 10−6 at the lifecycle panels. The exact per-block assertions reside in the package’s verify/ scripts.
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“single seed, single bootstrap protocol; sample restrictions and unit-of-observation

differences are theory-driven and applied at the model sample layer (L2).”

Path registry. All paths and global constants are in scripts/_config.do. The registry

exposes PROJECT ROOT (the IER R2 root; settable via environment variable for relocation),

V2 ROOT, V2 SCRIPTS, V2 DATA, RAW_DATA_ROOT, plus per-country output roots (VARS_US/DE,

FULL_SAMPLE_US/DE, MODEL_SAMPLE_US/DE, MOMENTS_US/DE, DELIVERABLES_US/DE, etc.).

Every per-stage .do file begins with include"${V2_SCRIPTS}/_config.do" to inherit these

paths.

Shared helpers. Six .do files in scripts/ provide cross-stage utilities used by both coun-

try pipelines: utils.do (sample-builder primitives, weight handling, collapse wrappers);

_utils_moments.do (moment-computation helpers); _utils_stats.do, _utils_stats_

extra.do (summary-statistic helpers); _utils_figures.do, _utils_figures_extra.do

(plotting helpers for Appendix A figures). A small Python script scripts/_reformat_

table_captions.py post-processes the Appendix A .tex output to enforce a consistent

caption format across the ∼ 44 tables.

Aggregator scripts. Each country’s deliverables/ subdirectory contains two aggrega-

tor scripts. m1.do consumes the L3b per-block CSVs plus the m1_psid_enriched dataset

and produces Model 1’s ∼ 1,500 output .csv files per country (panels A–E, the M2-anchor

columns 10–11 for cross-model alignment, the M moment file, and the A-binned asset file).

m2.do is the parallel aggregator for Model 2.

2.3 Random seeds and bootstrap conventions

The pipeline uses a single unified seed and a single bootstrap protocol across both models

and both countries.

Single unified seed. scripts/_config.do declares

� $NBS = 300 — the number of bootstrap draws,

� $SEED = 12345 — the unified seed for cluster bootstrap across M1 and M2.

The same $SEED value is set once inside the helper function stamp bw (scripts/_utils.do)

before any bsample call, so every per-source bootstrap shares the same RNG state.
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Bootstrap procedure: stamp bw. For each source dataset, the helper stamp bw

[cluster var ] attaches NBS+1 = 301 bootstrap-weight variables bw 0, bw 1, . . . , bw 300 to

every observation:

� bw 0 ≡ 1 for every row — the anchor draw (no bootstrap; full sample with original

weights).

� For b = 1, . . . , 300: set seed $SEED (one-time); then bsample, weight(bw b) (or

bsample, cluster(cluster var ) weight(bw b) when a cluster variable is supplied).

The cluster argument is dataset-specific: PSID clusters on current hhid (current household

identifier); CPS on cpsidp (IPUMS-CPS person identifier); SCF on id; SOEP on hid; UAS

/ Pairfam on the respondent id. When stamp bw is called without a cluster argument (e.g.,

ATUS, where each observation is its own primary unit), each row is its own bootstrap unit.

Per-bootstrap moment computation. Downstream moment computations use the

weight wb ≡ wbase · bw b in their collapse [pw=...] or mean [pw=...] calls. The helper

wmean by (scripts/_utils.do) wraps this loop and writes a panel of NBS+1 = 301 columns

per group, one per bootstrap draw. The anchor (b = 0) feeds the point-estimate moments;

the b ≥ 1 draws give the empirical bootstrap variances used by the standard-error machinery

(Section 3.7, Section 4.7).

2.4 Price-base / deflation conventions

The pipeline uses country- and source-specific price bases. The conventions are:

Country / Model / Variable Price base Notes

US M1 / PSID income 2011 USD BLS CPI deflator applied in final dataset.do

US M1 / SCF wealth (2007 wave) 2007 USD Not deflated (nominal)

US M2 / PSID-based moments 2011 USD Same convention as US M1 PSID

DE M1 / SOEP income 2010 EUR SOEP deflator series

DE M1 / SOEP wealth 2012 EUR CPI Germany series; base = 2012

DE M2 / SOEP-based moments 2010 EUR Same as DE M1 SOEP income

Wealth enters the structural model only as the time-zero asset a(0), treated as an

exogenously-determined initial condition.
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3 Model 1 implementation

3.1 Overview

This section documents the computational implementation of Model 1. The structural

specification — sample selection, identification strategy, and theoretical interpretation — is

presented in Section 3 of the paper and Appendices C and D; here we focus on the implemen-

tation details: Section 3.2 explains the 12-parameter specification of Table 4 in the paper

(with two additional calibrated constants bringing the implementation vector to 14 entries);

Section 3.3 analyzes the two-phase dynamic programming solver; Section 3.4 lays out the

two-step MSM objective with the priority-weight (group-size) weighting matrix; Section 3.5

gives details on the L-BFGS optimization pipeline; Section 3.6 elucidates identification and

result verification; and Section 3.7 shows asymptotic inference.

The specification is symmetric across countries: the same 12-parameter specification

(Table 4 in the paper; 14-element implementation vector with two calibrated constants) and

the same MSM objective are estimated for the United States and Germany. Two configura-

tion items differ across countries: (i) the pinned interest rate r; and (ii) the priority-weight

multipliers (kℓage = 20, kmb
= 10 for the US versus 10, 100 for Germany), chosen to bring

the model’s mb above the acceptance threshold of 0.05 in both countries (calibration tar-

get 1/12 ≈ 0.0833). These multipliers affect optimization priorities but do not alter the

underlying model structure.

3.2 Parameterization

The implementation uses a 14-element vector θ = (θ1, . . . , θ14) whose ordering and mean-

ing follow Section 3 of the paper (Table 1). Of these 14 entries, 12 correspond to the model

parameters reported in Table 4 in the paper: ten are free to be estimated within country-

specific box bounds, and two (ρ, ℓlow) are pinned from the warm-start. The remaining two

entries are calibrated constants set outside estimation:

� The interest rate r is fixed at a country-specific value reflecting the long-run real rate:

r = 0.050 for the United States and r = 0.032 for Germany (country-specific historical-

average asset return).

� The pre-experience term α1 is fixed at 1.00 for both countries (treated as a structural

constant).

The pinned entries are (ρ, α1, ℓlow) = (0.01, 1.00, 0.075) for the United States and

(0.02, 1.00, 0.097) for Germany.
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Index Symbol US bounds DE bounds Status

Discount factor
1 ρ [0.010, 0.015] [0.020, 0.025] Pin (warm-start)
2 r 0.050 0.032 Pin (country)

Consumption preferences
3 θ [0.45, 0.50] [0.40, 0.45] Free
4 α [0.85, 0.90] [0.86, 0.95] Free
6 γ [4.0, 6.0] [1.5, 3.0] Free

Child preferences
5 α1 1.00 1.00 Constant
7 ψ [0.475, 0.500] [0.305, 0.500] Free

13 η [1.01, 1.05] [1.01, 1.10] Free
14 θ1 [0.81, 0.83] [0.84, 0.87] Free

Cost of children
8 κ [3.5, 4.0] [0.50, 1.30] Free
9 φ [0.30, 0.50] [0.45, 0.55] Free

10 ζ [0.40, 0.95] [0.65, 1.00] Free

Minimum levels
11 ℓlow [0.000, 0.075] [0.000, 0.100] Pin (warm-start)
12 mlow [−0.10, 0.05] [−0.20, 0.00] Free

Table 1: Model 1 implementation vector θ (14 entries = 12 model parameters of Table 4 in
the paper + 2 calibrated constants; 10 free, 2 pinned, 2 constants). For the meaning of each
parameter, see Section 3 and Appendices C and D of the paper.

Weighting. The estimation objective applies country-specific upweights to a subset of the

moments (Section 3.4). The two multipliers that enter the estimation are:

United States Germany

kℓage (labor-supply-by-age, upweight) 20 10

kmb
(outsourced-childcare share, upweight) 10 100

These multipliers were selected by a kmb
sensitivity scan (see estimation/01_scan_

k_mb.jl) as the smallest upweights that bring the model’s outsourced-childcare share mb

above the acceptance threshold of 0.05 in both countries (calibration target 1/12 ≈ 0.0833).

At the estimate, m̂b = 0.0844 (United States) and 0.0717 (Germany).
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3.3 Model structure: state space, two-phase optimization, and

numerical solver

Model 1 is an aggregative, deterministic, continuous-time lifecycle model in which the

household head jointly decides on consumption, labor supply, fertility, and childcare time.

The structural specification is given in Section 3 of the paper; here we re-state the elements

needed to describe the computational implementation and then specify the discretization

and numerical solver.

State and choice variables. The household head ages from age0 = 22 to ageT = 45.

Using the model time index t = age − age0 + 1, the horizon is t ∈ [t0, T ] with t0 = 1 and

T = 24.001 (a small offset past tT = 24 to avoid integration boundary issues; constants

in src/data.jl). The interval is split at t̄ = 7 (corresponding to agebar = 28) into an

infertile Phase 1 [t0, t̄] and a fertile Phase 2 [t̄, T ]. The state variable evolved by the model

is household assets a(t); exogenous time-varying inputs are partner income yp(t) and hourly

wage w(t). The control variables are adult consumption CA(t), child consumption CC(t)

(Phase 2 only), labor supply ℓ(t) ∈ [0, 1 − ℓlow] (continuous, with country-specific lower

bound on leisure ℓlow), parental childcare time m(t) (Phase 2 only), outsourced childcare

time per child mb(t) (Phase 2 only), and the number of children n(t) (Phase 2 only; under

the paper’s aggregation assumption, n(t) is treated as a continuous variable). Household-

headcount parameters are N1 = 2.02 in Phase 1 and N2 = 2.07 in Phase 2 (Section 3 in the

paper, Model 1).

Phase 1 optimization (infertile, t ∈ [t0, t̄]).

max
(CA(t), ℓ(t))t∈[t0,t̄]

∫ t̄

t0

e−ρt uno children
(
CA(t), ℓ(t)

)
dt s.t. ȧ(t) = r a(t)+yp(t)+w(t) ℓ(t)−CA(t),

(1)

where uno children(·) is defined by equation (2) in the paper, with structural parameters

θ, γ, ℓlow.

Phase 2 optimization (fertile, t ∈ [t̄, T ]).

max
(CA,CC ,ℓ,m,mb,n)t

∫ T

t̄

e−ρ(t−t̄) uwith children
(
CA(t), CC(t), ℓ(t),m(t),mb(t), n(t)

)
dt (2)

s.t. ȧ(t) = r a(t) + yp(t) + w(t) ℓ(t) +
[
A− κw(t)φ − p̃bmb(t)

]
n(t)

− CC(t)− CA(t),
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with p̃b = (1− s) pb the childcare-subsidy-adjusted price (equation (15) in the paper), A the

per-child allowance, and uwith children(·) the composite-good utility constructed from equa-

tions (4)–(9) in the paper, with structural parameters α, θ, θ1, ψ, ζ, η, κ, φ.

Combined lifetime objective. The full optimization procedure joins Phases 1 and 2

with continuity of assets at a(t̄):

V (t0) = max

∫ t̄

t0

e−ρt unc dt + e−ρt̄

∫ T

t̄

e−ρ(t−t̄) uwc dt s.t. (1) on [t0, t̄] and (2) on [t̄, T ].

(3)

Numerical solver (src/model.jl). The continuous-time problem is solved in two stages:

a closed-form analytical step seeds an initial profile, then iterative refinement converges to

the full solution:

1. Time discretization. The continuous-time horizon is discretized with step size ∆t = 1/10

(ten sub-periods per year), set by the constant DT in src/model.jl.

2. Phase 1 analytical step. Under the special case η = 1 (where η is the parameter in

equation (9) in the paper), the Phase 1 problem admits a closed-form solution. This is

used to seed an initial profile for the outsourced-childcare time mb(t) on Phase 2.

3. Phase 2 fixed-point iteration. For the general case η ̸= 1, the Phase 2 problem is solved

by an iterative scheme: given the current mb(t) profile, the implementation fits the

corresponding aggregateMb polynomial and recovers the implied mb profile; the new and

old profiles are blended with damped weights 0.95mold
b +0.05mnew

b (constants _DAMP_OLD,

_DAMP_NEW). Iteration terminates when the relative change is below EPS = 10−3 or after

_MAX_ITER = 80 iterations.

4. Integration. Time integrals in the objective and budget constraints are computed by

QuadGK with relative tolerance _QUADGK_RTOL = 10−10.

5. Nonlinear root-finding. First-order conditions for the Phase 2 controls (conditional on

mb) are solved by NLsolve.

A single call to matching_fun_v7 (the moment-aggregation wrapper in src/moments_

v7.jl around the core solver matching_fun in src/model.jl) takes ≈ 0.25 s for the United

States and ≈ 0.11 s for Germany on the reference machine. The L-BFGS estimation (Sec-

tion 3.5) is therefore highly efficient by structural-DP standards: the full estimation takes

≈ 90 s wall for the US and ≈ 25 s for Germany.
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3.4 Two-step MSM objective

Model 1 is estimated by the method of simulated moments (MSM): a two-step protocol

minimizes the weighted distance between the simulated and data moments, with diagonal

weights that upweight a priority subset of moments (defined below). The objective evaluator

is matching_fun_v7 in src/moments_v7.jl; the distance formula is dis v7 in estimation/

02_run_estimate.jl.

Moment vector and groups. Let m(θ) ∈ R124 and M d ∈ R124 denote the simulated

and data moment vectors. The 124 moments are organized into 7 age-by-quantity groups

with the following sizes (Section 3.4 and Table 4 in the paper):

Group ng Contents

ℓage 24 Mean labor supply by age (22–45)

nage 17 Mean number of children by age (29–45; post-t̄)

mage 17 Mean parental childcare time by age (29–45)

log c 24 Mean log consumption by age (22–45)

log cc 17 Mean log child consumption by age (29–45)

log a 24 Mean log assets by age (22–45)

mb 1 Outsourced-childcare share, scalar

Total 124

Weight diagonal w. The weighting is constructed by build_weights_l_and_mb_

upweight (in estimation/build_weights_mb.jl). Given the country-specific upweight

multipliers kℓage and kmb
(Section 3.2) and a subset G of the seven groups, the per-element

weight on element i in group g is

wi =
upweight(g)

|G| − 2 + kℓage + kmb

· 1

ng

, upweight(g) =


kℓage , g = ℓage,

kmb
, g = mb,

1, otherwise.

(4)

By construction the weights sum to 1 across the moments in G (mass redistribution rather

than mass addition); moments outside G get weight zero. The −2 correction in the denomi-

nator removes the duplicate ℓage and mb contributions from the unit-weight tally so that the

upweighted groups replace, rather than augment, their unit-weight contributions.
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Distance function. For a given parameter vector θ, weighting vector w, and step multi-

plier µ ∈ {1, wpriority} (where wpriority = 10):

L
(µ,w)
M1 (θ) = µ ·

124∑
i=1

wi ·
(
mi(θ)−Md

i

)2
. (5)

Two-step protocol. The estimation uses the following two-step sequence (executed in

estimation/02_run_estimate.jl::run_country):

� Step 1: priority subset. Build w(1) via (4) restricted to G(1) = {ℓage, nage,mage,mb} (four

priority groups). Minimise L
(10,w(1))
M1 via L-BFGS (Section 3.5).

� Step 2: full set. Build w(2) via (4) restricted to G(2) = all 7 groups (124 elements active).

Minimise L
(1,w(2))
M1 , warm-started at the Step-1 minimum.

The Step-1 amplification by µ = 10 concentrates the optimization on the priority mo-

ments at the start; Step 2 then tunes against the full moment set with µ = 1 to ensure the

full-set fit.2

3.5 Optimization pipeline

The two-step MSM objective (5) is minimized by the L-BFGS algorithm with finite-

difference gradient, as implemented in NLopt.jl. The entire pipeline is executed sequentially

per country by run country in estimation/02_run_estimate.jl.

Optimizer configuration.

Setting Value

Algorithm NLopt.Opt(:LD LBFGS, 14) (L-BFGS with derivatives, 14-dim)

Bounds opt.lower bounds = cfg.LB, opt.upper bounds = cfg.UB

Gradient Central-difference finite-difference, step h = 10−5 relative

Convergence ftol abs = 10−3

Iteration cap maxeval = 1500

Starting point cfg.PAR initial, strict-interior-perturbed by ε = 10−8

The pinned parameters (ρ, r, α1, ℓlow; Section 3.2) are enforced by setting their lower

and upper bounds equal in cfg.LB and cfg.UB; L-BFGS treats them as fixed throughout.

2The estimation objective uses the priority-weight scheme (4); the 300 bootstrap draws of Md enter only
the asymptotic-SE sandwich (Section 3.7), as the moment covariance Σmoments.
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Two-step run.

1. Step 1: priority-subset solve. Calls solve lbfgs with weightsw(1) on the 4-group priority

subset (Section 3.4) and multiplier µ = wpriority = 10. Starting from the strict-interior-

perturbed PAR initial, L-BFGS returns the Step-1 minimum θ̂(1).

2. Step 2: full-set solve. Calls solve lbfgs with weights w(2) on the full 7-group set and

multiplier µ = 1. Warm-started at the strict-interior perturbation of θ̂(1), L-BFGS returns

the final estimate θ̂ ≡ θ̂(2).

After Step 2, the code re-evaluates matching_fun_v7 at θ̂ to extract per-group sums

of squared deviations and the data/model moment vectors, then writes the estimate file

locked/par_$(country).jld2 (see Section 3.1 and the README for the file schema).

Wall time. A single matching_fun_v7 evaluation takes ≈ 0.25 s for the United States

and ≈ 0.11 s for Germany on the reference machine (Section 3.3). The full two-step L-BFGS

estimation takes ≈ 90 s for the US and ≈ 25 s for Germany, corresponding to ≈ 350 objective

evaluations for the US and ≈ 230 for Germany across Step 1 + Step 2 combined.

3.6 Identification and result verification

Identification. The 14-element implementation vector θ has 2 calibrated constants (r,

α1), 2 parameters pinned at warm-start values (ρ, ℓlow), and 10 free entries (Section 3.2),

and the MSM objective (5) matches 124 moments. The free parameter vector is therefore

over-identified by 114 moment conditions. As reported in the notes of Table 4 in the paper,

9/10 free parameters satisfy |t| > 1.96 for the United States and 5/10 for Germany at

the estimate, with cond(J ′WJ) ≈ 1.1 × 1011 (US) and ≈ 1.2 × 1011 (DE) (computed in

estimation/03_jacobian_se.jl).

A specific identification criterion concerns the model-implied outsourced-childcare share

mb. The acceptance threshold is mb ≥ 0.05 (a relaxed lower tolerance), with the calibration

target 1/12 ≈ 0.0833. Both countries satisfy this: m̂b = 0.0844 (US, just above the target)

and 0.0717 (DE).

Result verification. The implementation delivers a verification script (diagnostics/

verify_v14.jl) that performs two classes of checks against the saved estimate files in

locked/par_{us,de}.jld2:

Structural (Part A): activates the project, includes all 7 src/*.jl files, loads both

country configs, confirms that the external dependencies (the parameters pinned at warm-

start values in external/v11/locked/) and the inverse-variance weighting matrices (in
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locked/StrEST_*.jld2) are accessible, and verifies that the saved par files have the ex-

pected schema (par length 14, BETA D/BETA M length 124, finite non-negative total ssr,

etc.).

Bit-exact (Part B): re-evaluates matching_fun_v7 at the saved par (no re-optimization)

and compares the recomputed BETA M against the saved value. On the reference repli-

cation package (2026-06-03), both countries reproduce to within floating-point precision:

United States maxi |BETA Mrecom
i − BETA Msaved

i | = 0; Germany = 8.88 × 10−16 (one

floating-point ULP). In the headline of Table 4 in the paper, the m̂b values (0.084 US,

0.072 DE) match exactly. The bit-exactness isolates any future implementation discrepancy

to the optimization step rather than the objective evaluator.

3.7 Asymptotic standard errors

Standard errors for the estimate θ̂ are computed once at convergence using a sandwich-

formula asymptotic variance. The implementation is located in estimation/03_jacobian_

se.jl.

Sandwich asymptotic variance. The asymptotic variance follows the standard MSM

sandwich [Hansen, 1982, Newey and McFadden, 1994], withW from estimation and Σ̂moments

the bootstrap covariance of the data moment vector (300 cluster-bootstrap draws):

V̂
(
θ̂free

)
= (Ĵ⊤WĴ)−1 · Ĵ⊤W Σ̂momentsWĴ · (Ĵ⊤WĴ)−1, (6)

where W = diag(w(2)) is the Step-2 weight diagonal (Section 3.4); Ĵ is the 124 × 10 Ja-

cobian of moment conditions with respect to the 10 free parameters at θ̂ (pinned columns

excluded); and Σ̂moments is the bootstrap covariance of the data moment vector (defined be-

low). Standard errors are the square roots of the diagonal of V̂ . The implementation uses

the pseudo-inverse pinv(J ′WJ, rtol =
√
εmach) in place of the direct inverse for numerical

robustness.

Bootstrap moment covariance.

Σ̂moments = Ĉov
(
M d

)
=

1

B

B∑
b=0

(
M d,(b) −M

d)(
M d,(b) −M

d)⊤
, (7)

where M d,(b) is the 124-vector of data moments recomputed under bootstrap draw b, M
d

is the cross-draw mean, and B = 300 is the bootstrap count. The M d,(b) are loaded
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via load_data(cfg,data_dir,b;target=:anchor) from the moment-data CSV files in

data/{us,de}/, indexed by bs index = b. The bootstrap covariance is computed inline

by bootstrap_sigma_v7 at the start of each SE run, not loaded from a cached file.

Jacobian construction. Ĵ is computed by central differencing with relative step 5% ·
|θ̂k| (with a small absolute floor 10−6 for near-zero parameters), over the 10 free-parameter

columns. Each column requires two full matching_fun_v7 evaluations (Section 3.3); the

Jacobian itself therefore costs only ≈ 2× 10× 0.25 s ≈ 5 s for the US and ≈ 2 s for Germany.

The bootstrap covariance computation dominates the SE wall time at ≈ 300× (load-data

time).

Reported standard errors. The standard errors reported in Table 4 in the paper

(Model 1 parameter estimates with Jacobian SEs) are produced by estimation/03_

jacobian_se.jl from (6) and (7). The saved output locked/jacobian_se.jld2 contains,

for each country, the 10-vector of SEs, the cond(J ′WJ) scalar, the count of parameters with

|t| > 1.96 (US: 9, DE: 5), and the free idx mapping back to the 14-element parameter

vector.

4 Model 2 implementation

4.1 Overview

This section documents the computational implementation of Model 2. The structural

specification — sample selection, identification strategy, and theoretical interpretation — is

presented in Section 4 of the paper and Appendices C and D; here we focus on the implemen-

tation details: Section 4.2 explains the 37-parameter specification with 4-type heterogeneity;

Section 4.3 analyzes the dynamic programming solver and mixture aggregation; Section 4.4

lays out the augmented method of simulated moments objective; Section 4.5 gives details on

the three-stage optimization pipeline; Section 4.6 elucidates identification and warm-start

verification; and Section 4.7 shows asymptotic inference. The two-DP construction used to

implement the vignette current-period-wage convention is documented in Section 5 (vignette

simulated panel).

The specification is symmetric across countries: the same 37-element parameter vector

θ is estimated under the same objective function for the United States and Germany, with

prior-informed bounds on the type-share parameters πO1 , πO2 being the only country-specific

element.
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4.2 Parameterization

The implementation uses a single 37-dimensional parameter vector θ = (θ1, . . . , θ37)

applied symmetrically to both countries (Table 2). All entries are MSM-estimated from the

292-moment vector. Their roles span the lifecycle preference and technology parameters

of Section 4 in the paper, the smoothing of the discrete fertility choice, the scale of the

childcare-time technology, and the shares of the two latent preference types.

Index Parameter Range Role

1–33 θ1...33 country-specific Structural parameters (preferences,
technology, demographics; see Sec-
tion 4 in the paper).

34 σfε [0, 5] Scale of the fertility preference shock.
At σfε = 0 the choice reduces to hard-
max (deterministic).

35 lc-scale [0.3, 1.3] Direct multiplier on the empirical
childcare-time matrix ℓ̄cc (Table 6 in
the paper, row “lc-scale”; coded as
lcbar scale).

36 πO1 country-specific narrow Population share of the low-fertility-
preference type.

37 πO2 country-specific narrow Population share of the low-work-
disutility type.

Table 2: The 37-parameter vector θ estimated for Model 2.

Country-specific π bounds. The two type-share parameters use narrow, prior-informed

bounds rather than the unit interval:

Country πO1 bounds πO2 bounds

Germany [0.60, 0.90] (Wang 0.75 ± 20%) [0.272, 0.408] (Wang 0.34 ± 20%)

United States [0.40, 0.70] (NLSY79 ∼0.55± 0.15) [0.25, 0.55] (NLSY79 ∼0.40± 0.15)

The German bounds are anchored on Wang [2026], with a ±20% relative margin. The

United States bounds are informed by attitudinal-question shares in the NLSY79 (see Sec-

tion 4.3, footnote 38 in the paper), with a ±0.15 absolute margin reflecting classification

uncertainty. The narrow-bound approach combines literature-anchored bounds (which lo-

cate the feasible region) with the moment match (which refines within the region).
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Mixture aggregation across the four types. With (O1, O2) ∈ {0, 1}2 there are four

latent types k ∈ {1, 2, 3, 4}. For each type, the dynamic program is solved under the type-

specific parameter draws (Section 4.3). The aggregate moment vector at θ is the type-share-

weighted mixture

m(θ) =
4∑

k=1

wk(πO1 , πO2)m
(k)(θ),

where

� w1 = πO1 πO2 (type 1: O1 = O2 = 1);

� w2 = πO1 (1− πO2) (type 2: O1 = 1, O2 = 0);

� w3 = (1− πO1) πO2 (type 3: O1 = 0, O2 = 1);

� w4 = (1− πO1)(1− πO2) (type 4: O1 = O2 = 0).

The four DPs are simulated under common random numbers : the same random seed

(seed=123) feeds each type’s simulation, so the mixture estimator’s variance is reduced

and the optimization landscape is smooth in πO1 , πO2 .

Nesting. The specification nests two functional-form simplifications at its parameter

boundaries: setting σf
ε = 0 recovers hardmax (deterministic) fertility choice, and concen-

trating πO1 , πO2 at unity recovers a single-type (homogeneous) economy.

4.3 Model structure: state space, choice set, and Bellman equa-

tion

This subsection re-states the dynamic-programming structure of Model 2 (originally

derived in Section 4 of the paper) and specifies its smoothed implementation. The structural

notation mirrors that of the paper exactly.

State space. The household’s state at the beginning of period t is

Ωt =
(
xt, nt, at, mart, yp,t, jobt, ξt

)
, (8)

where xt is accumulated work experience, nt ∈ {0, 1, 2, 3} is the number of children, at is the

age of the youngest child, mart ∈ {0, 1} marital status, yp,t partner income, jobt ∈ {0, 1} the

job-arrival indicator, and ξt a productivity shock. The period index t = age− 22 + 1 ranges

over t = 1, . . . , T , with T = 41 (age = 62) the terminal model period; VT+1 ≡ 0.

The model distinguishes a fertile and a nonfertile period. For aget ∈ {22, . . . , 45} (the

fertile period), each period t is split into two stages: a stage-1 fertility decision, followed by

a stage-2 labor-supply decision. For aget ∈ {46, . . . , 62} (the nonfertile period), no further
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births occur and only the labor-supply decision is active. Completed fertility is therefore

the count reached at age 45 (t = 24); because children have aged out of the household, the

post-45 state carries none, as the reduced state Ω0
t below makes explicit:

Ω0
t =

(
xt, nt = 0, at = ∅, mart, yp,t, jobt, ξt

)
for aget ∈ {46, . . . , 62}. (9)

In the fertile period, the stage-2 post-decision state is

Ω∗
t =

(
xt, n

∗
t , a

∗
t , mart, yp,t, jobt, ξt

)
, nt = n∗

t + ft, at = (1− ft)a
∗
t , (10)

where ft ∈ {0, 1} is the binary fertility choice (ft = 1 means a newborn arrives, setting

at = 0).

Experience transition. The continuous state xt (work experience) evolves according to

equation (17) in the paper:

xt+1 =
(
xt + λp Iℓ

p

t + Iℓft
)
·
[
Iℓpt + Iℓft + δ (1− Iℓpt − Iℓft )

]
, (11)

where Iℓpt and Iℓft are indicators for ℓt = ℓp and ℓt = ℓf respectively. Equivalently in piecewise

form, full-time work earns a unit of experience (xt+1 = xt + 1); part-time work earns the

fraction λp ∈ (0, 1) (xt+1 = xt + λp; λp is estimated, with a prior bound [1/3, 3/4]); and not

working — whether by choice (ℓt = 0) or involuntarily (jobt = 0) — depreciates experience

multiplicatively to xt+1 = δ xt with δ ∈ (0, 1). The other state variables evolve exogenously.

Marriage and divorce follow age-indexed logit specifications for the transition probabilities

into and out of marriage, and the job-arrival probability pjt follows a logit specification in

age and experience. Partner income yp,t is a calibrated age profile that enters household

resources while the woman is married. These processes and their coefficients are specified in

Section 4 and Appendix D of the paper.

Deterministic Bellman equations. The deterministic version of the model (the σ → 0

limit of the estimated specification) is governed by three optimization equations.

Nonfertile period (aget ∈ {46, . . . , 62}). The household solves a single Bellman equation

in labor supply ℓt ∈ {0, ℓp, ℓf} (non-, part-, full-time):

Vt
(
Ω0

t

)
= pjt ·max

ℓt

{
ut(ℓt, c̃t, nt = 0,mart, at = ∅) + β E

[
Vt+1

(
Ω0

t+1 | ℓt,Ω0
t

)]}
+ (1− pjt)

{
ut(ℓt = 0, c̃t, . . . ) + β E

[
Vt+1

(
Ω0

t+1 | ℓt = 0,Ω0
t

)]}
, (12)
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where pjt ∈ [0, 1] is the job-arrival probability and c̃t is the period budget (Appendix C of

the paper). The (1− pjt) branch is involuntary unemployment.

Fertile period, stage 2 (labor supply, aget ∈ {22, . . . , 45}). Conditional on the realized

fertility choice f ∗
t from stage 1, the labor-supply Bellman is

Vt(Ωt) = pjt ·max
ℓt

{
ut(ℓt, c̃t, nt,mart, at) + β E

[
V ∗
t+1

(
Ω∗

t+1 | ℓt,Ωt

)]}
+ (1− pjt)

{
ut(ℓt = 0, . . . ) + β E

[
V ∗
t+1

(
Ω∗

t+1 | ℓt = 0,Ωt

)]}
. (13)

Fertile period, stage 1 (fertility). The fertility decision is not a Bellman equation but

an exogenous-fecundity-modulated maximization of the stage-2 value:

V ∗
t (Ω

∗
t ) = pft · max

ft∈{0,1}

[
Vt(Ωt | ft,Ω∗

t )
]
+ (1− pft ) · Vt(Ωt | ft = 0,Ω∗

t ) , (14)

where pft is the (age-decreasing) biological fecundity probability; with probability 1− pft the

agent cannot conceive, forcing ft = 0.

Smoothed implementation. The estimated specification replaces the deterministic max

operators above with their Type-I extreme-value (Gumbel) softmax counterparts, with scales

σε for the labor-supply choice and σf
ε for the fertility choice. Writing Qℓ

t(ℓ; Ωt) for the

bracketed expression inside the maxℓt in either (12) or (13), the labor-supply softmax is

max
ℓt∈{0,ℓp,ℓf}

Qℓ
t(ℓt; Ωt) ⇝ σε log

( ∑
ℓ∈{0,ℓp,ℓf}

exp
(
Qℓ

t(ℓ; Ωt)/σε
))
, (15)

and, writing Qf
t (f ; Ω

∗
t ) = Vt(Ωt | f,Ω∗

t ), the fertility softmax (modulated by the fecundity

term) is

V ∗
t (Ω

∗
t ) = pft · σf

ε log
(
exp(Qf

t (0)/σ
f
ε ) + exp(Qf

t (1)/σ
f
ε )
)
+ (1− pft ) ·Q

f
t (0). (16)

As σε, σ
f
ε → 0, (15) and (16) collapse to the deterministic forms above. The implementation

estimates σf
ε ∈ [0, 5] as the parameter θ34 (Table 2); σε is fixed at its calibration value.

Numerical solver. The model is solved by backward induction. The value functions

Vt, V
∗
t are tabulated on a discrete grid in the continuous state xt (linearly interpolated for

off-grid points) and exhaustively enumerated in the categorical states (nt,mart, yp,t, jobt).

The age of the youngest child at ∈ {0, 1, . . . , 13} is gridded as an integer index (Appendix C

of the paper). During backward induction, next-period values Vt+1(xt+1, ·) are evaluated at
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the three candidate xt+1 values determined by (11) and at the shrunken δ xt value used in

the jobt+1 = 0 branch.

Under the 4-type heterogeneity structure (Section 4.2), the full backward-induction

routine runs once per latent type k ∈ {1, 2, 3, 4}, giving four type-conditional value-function

tables and four sets of type-conditional simulated moments m(k)(θ). The four computational

tasks are parallelized via Threads.@threads in the implementation; common random num-

bers (seed=123) are used across types so that the mixture estimator’s variance is reduced

and the aggregated moment vector m(θ) is a smooth function of πO1 , πO2 .

4.4 Augmented MSM objective

The implementation estimates θ by the method of simulated moments (MSM), with the

moment-distance function augmented by a band penalty:

LM2(θ) = LMSM(θ) + pband
(
εN(θ)

)
. (17)

MSM core. With m(θ) =
∑

k wkm
(k)(θ) the type-mixture simulated moment vector (Sec-

tion 4.2) andMd the corresponding Nm = 292 data moments organized into 13 age-by-group

blocks (Table 7 in the paper), the MSM core is the diagonal-weighted sum of squared devi-

ations:

LMSM(θ) =
292∑
i=1

wi ·
(
mi(θ)−Md

i

)2
, (18)

where the diagonal weights wi implement priority weighting:

wi =

10 if i ∈ P ,

1 otherwise,

∣∣P∣∣ = 120, (19)

and P is the set of moment indices belonging to the five priority groups, each running over the

24 ages {22, . . . , 45}: mean labor supply, mean number of children, mean parental childcare

time, birth probability, and mean log wage. The remaining 172 moments (full-time rate,

part-time rate, variance of labor supply, fraction childless, mean labor supply by number of

children, covariance of labor supply and children, share single without children, share single

with children) carry unit weight.

Band penalty on the price elasticity of fertility. Let N̄(θ; s) denote the simulated

mean number of children at childcare-price subsidy rate s, averaged over ages 22–45. Recall

from the paper that a subsidy s acts on the effective childcare price through p̃b = (1− s) pb,
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so a change from s = 0 to s = 0.20 is a 20% reduction in the price faced by households. The

childcare-price elasticity of fertility evaluated at s = 0.20 is

εN(θ) =

[
N̄(θ; 0.20)− N̄(θ; 0)

]/
N̄(θ; 0)

−0.20
, (20)

where the denominator −0.20 is the percent change in childcare price (p̃b/pb − 1 = −s).
Under the expected sign (subsidy raises fertility), εN is negative. The two-sided band penalty

applied to |εN | is

pband(ε) = λ ·


(εlow − |ε|)2 if |ε| < εlow,

(|ε| − εhigh)
2 if |ε| > εhigh,

0 otherwise,

(21)

with εlow = 0.1, εhigh = 1.0, and λ = 100.

Rationale. The band keeps the optimizer away from two implausible basins. When |εN | <
0.1, the estimated model exhibits essentially no fertility response to a non-trivial subsidy,

contrary to the quasi-experimental evidence from Gathmann and Sass [2018] (ε̂ ≈ −0.6

from a Thuringia daycare-price reform) and Bauernschuster et al. [2016] (positive fertility

effects from public-childcare expansion). When |εN | > 1.0 the model is hyper-responsive —

a 1% price reduction triggers more than a 1% fertility increase — again inconsistent with

the literature. Outside the band, the penalty grows quadratically with distance from the

band edges and discourages the optimizer from these implausible regions. Inside the band

the penalty is inactive and (17) collapses to LM2(θ) = LMSM(θ), so the MSM machinery

determines the estimate whenever |εN | is empirically plausible. Each objective evaluation

therefore requires two type-mixture simulations of the full DP (one at s = 0 for the baseline

moments and one at s = 0.20 for the elasticity); the implementation includes an optional

early-drop feature (drop factor) that skips the s = 0.20 simulation for candidates whose

baseline LMSM already exceeds a multiple of the running best, returning a pessimistic penalty

estimate so that the BlackBoxOptim selection step demotes the candidate while preserving

its rank in the population.

4.5 Optimization pipeline

The augmented objective (17) is minimized by a three-stage pipeline that combines

population-based global exploration (Stage 1) with derivative-free local refinement (Stages 2

and 3). The full pipeline takes about 12 hours of wall time per country. All stages optimize

the same 37-parameter vector θ (Table 2) against the same band-penalty objective (17);
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what differs across stages is only the search algorithm — a population-based global search

in Stage 1, then local Nelder–Mead refinement in Stages 2 and 3.

Warm-start. The pipeline is warm-started from a saved 37-vector θ0 (model2/external/

v15c/); verified pre-launch (see Section 4.6).

Stage 1: BlackBoxOptim exploration (4 hours). A population-based differential-

evolution variant (adaptive_de_rand_1_bin_radiuslimited in BlackBoxOptim.jl)3 with

population size 70. The initial population includes the warm-start θ0 as individual 1; the

remaining 69 individuals are drawn from a Gaussian centred at θ0 with standard deviation

0.10 times the bound width in each coordinate. Stage 1 ends after four wall-clock hours

regardless of internal convergence; the best θ found is saved to v16_{de,us}_stage1.jld2

and carried forward as Stage 2’s starting point.

Stage 2: Nelder–Mead multi-restart (6.5 hours). Twelve sequential Nelder–Mead

restarts on the logit-transformed parameter space (so that bounds are respected by construc-

tion). Each restart re-centers the simplex at the current best θ and runs for up to 6.5h/12 =

32.5 minutes (or until the inner NelderMead converges). Simplex shrinkage follows a hard-

coded twelve-step schedule
(
(0.080, 0.50), (0.060, 0.40), (0.045, 0.30), . . . , (0.001, 0.008)

)
de-

fined in NM_SCHEDULE_STAGE2, with successive restarts using tighter initial simplex sizes and

convergence tolerances. The end-of-Stage-2 best θ is saved to v16_{de,us}_stage2.jld2.

Stage 3: polish (1.5 hours). Four further Nelder–Mead restarts under the tighter

four-step schedule
(
(0.004, 0.03), (0.002, 0.015), (0.001, 0.008), (0.0005, 0.004)

)
defined in NM_

SCHEDULE_STAGE3. Each restart runs for up to 1.5h/4 ≈ 22.5 minutes. The post-polish θ is

the estimate, saved to v16_{de,us}_final.jld2.

Warm-start benchmark fallback. At pipeline completion, the new best objective LMSM

(stripped of the band penalty for fair comparison) is compared against the warm-start bench-

mark Lwarm
MSM via compare_and_accept. If LMSM ≤ Lwarm

MSM, the new estimate is accepted; oth-

erwise the estimator falls back to the warm-start, guaranteeing that the reported estimate is

at least as good as the benchmark. Either way the estimated θ is preserved in * final.jld2;

the decision summary is written to * decision.jld2; and the accepted θ (new estimate or

3“BBO” abbreviates BlackBoxOptim.jl (R. Feldt, https://github.com/robertfeldt/

BlackBoxOptim.jl, v0.6.5), a Julia global-optimization package. The Stage-1 method
adaptive de rand 1 bin radiuslimited is an adaptive differential-evolution algorithm (Storn and
Price, 1997, J. Global Optim. 11:341–359): DE/rand/1/bin with greedy selection, self-adapting control
parameters, and radius-limited (“trivial-geography”) donor sampling.
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warm-start, whichever won) is copied to * accepted.jld2, the file downstream analysis

scripts load.4

Checkpointing. Within every stage the objective closure writes a rolling v16_{de,us}_

checkpoint.jld2 every 15 minutes containing the current best θ, so that an interrupted

run can be resumed from a recent state with at most fifteen minutes of lost compute.

4.6 Identification and warm-start verification

Identification. The 37-parameter vector θ is over-identified by Nm − 37 = 255 moment

conditions in (18). Three parameters warrant operational notes specific to the computational

implementation.

Latent type-share parameters (πO1 , πO2). The type shares are anchored to empirically-

derived intervals (NLSY79 for the US, Wang [2026] for DE; see Section 4.2).

Policy-elasticity parameter (εN , an implied moment of θ). The 292 estimation moments

are all on-baseline (s = 0), so εN is identified only by extrapolation from the estimated θ.

The augmented band penalty (21) supplies additional prior information by ruling out the

two implausible basins |εN | < 0.1 and |εN | > 1.0 as off-band.

Smoothing-scale parameter (σf
ε ). Identified from how quickly fertility hazards transition

across the age profile; the smoothing nests the hardmax limit at σf
ε = 0 within the estimation

bounds.

Warm-start verification. The implementation delivers a pre-launch verification script

(diagnostics/verify_warmstarts.jl) that performs three checks against the saved warm-

starts in model2/external/v15c/ (Section 4.5): (i) θ has length 37; (ii) θ lies strictly inside

the estimation bounds; (iii) evaluating LMSM(θ
warm) under the implementation reproduces

the saved LMSM value to within 10−3. On the reference replication package (2026-06-03),

both countries reproduce within a strict 10−13 relative tolerance: Germany LMSM(θ
warm
DE ) =

6.1699 = Lwarm, DE
MSM , and United States LMSM(θ

warm
US ) = 11.7737 = Lwarm, US

MSM , both with diff

= 0.0000 at the printed precision. The strict-tolerance agreement provides direct evidence

that the implementation’s DP solver, 4-type mixture aggregation, moment computation, and

weighting are numerically equivalent to the reference at the warm-start.

4In a 30-minute compressed “smoke test” conducted in the replication package on 2026-06-03, the new
estimate won the comparison in both countries (Germany: 6.1623 vs 6.1699; United States: 11.7455 vs
11.7737), so the new-estimate-wins branch of the fallback decision was exercised in the test.
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4.7 Asymptotic standard errors

Standard errors for the estimate θ̂ are computed once at convergence using the standard

MSM asymptotic variance formula.5

Asymptotic variance formula. Under the standard MSM regularity conditions [Hansen,

1982, Newey and McFadden, 1994], the asymptotic variance of θ̂ is

V̂
(
θ̂
)

=
(
Ĵ⊤ Ŵ Ĵ

)−1
, Ĵik =

∂mi(θ)

∂θk

∣∣∣∣
θ=θ̂

, (22)

with Ĵ the 292 × 37 Jacobian of moment conditions and Ŵ a diagonal weighting matrix

(defined below). Standard errors are the square roots of the diagonal of V̂ . The implementa-

tion uses the pseudo-inverse pinv (singular-value truncated) in place of the direct inverse for

numerical robustness against ill-conditioning. The band penalty (21) is inactive at θ̂ in both

countries, so θ̂ is interior to the constraint set and (22) is the standard interior-optimum

MSM sandwich.

Weighting matrix. The SE computation uses the bootstrap inverse-variance diagonal:

Ŵ = diag
(
min

(
1/ν̂i, 10

5
) )292

i=1
, (23)

where ν̂i = V̂ar(Md
i ) is the bootstrap variance of the i-th data moment. The cap at 105 pre-

vents pathologically near-zero moment variances (e.g., late-age birth probabilities, where em-

pirical counts vanish) from dominating the SE computation. The collapsed form (J ′WJ)−1

in (22) applies the inverse-variance Ŵ throughout — both in (J ′WJ) and as the moment-

covariance proxy. The implementation thus reports a strictly consistent estimator of the

variance under the inverse-variance benchmark.6

Jacobian construction. Ĵ is computed by central differencing with a relative step of

5% of |θ̂k| (with a small absolute floor for parameters near zero), parallelised over the 37

parameter columns via Threads.@threads. Each column requires two full type-mixture

simulations of the DP, each at Nsim = 60,000 (the production setting); the full Jacobian

therefore costs ≈ 2× 37 = 74 DP simulations.

5We thank the editor for the suggestion to use closed-form asymptotic inference for the headline standard
errors, rather than re-estimation bootstrap.

6The full Hansen sandwich (J ′WestJ)
−1 J ′WestΣ̂WestJ (J ′WestJ)

−1 would apply if the priority weights
West were substituted for Ŵ throughout. When priority weights are close to constants and the moments are
nearly orthogonal under Ŵ , the two formulas yield numerically close standard errors; the reported t-statistics
in Table 6 in the paper satisfy |t| > 1.96 for all 37 parameters under either convention.
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Reported standard errors. The standard errors reported in Table 6 in the paper

(Model 2 parameter estimates) are produced by diagnostics/jacobian_se.jl from (22)

and (23). All 37 parameters satisfy |t| > 1.96 in both countries.

5 Vignette simulated panel

5.1 Overview

The vignette simulated panel is the bridge between the randomized-vignette experiment

(Section 5 in the paper) and the structural estimates of Models 1 and 2. For each respondent–

vignette observation, we solve the structural model at θ̂ (Section 3.6, Section 4.6) with

the vignette attributes inserted as the household’s environment, producing a model-implied

fertility outcome that matches one-to-one to the respondent’s stated vignette answer. The

resulting two panels — the vignette panel (stated) and the simulated panel (model-implied)

— are then submitted to identical fixed-effects regressions (Section 6.2 in the paper); the

resemblance of the regression coefficients is the paper’s cross-validation that the structural

models capture the same policy responsiveness as the survey respondents.

This section documents the implementation in detail. Section 5.2 describes the vignette

inputs and their five randomized attributes; Section 5.3 the mapping from vignette stimuli

to each model’s budget constraint, including the two perception treatments (permanent-

wage and current-period-wage); Section 5.4 the Model 1 simulation panel (model1/sim_

panel_subsidy95_cap3/); Section 5.5 the Model 2 simulated panel (model2/vignette_

simpanel/, including the two-DP construction used for the current-period-wage treatment);

and Section 5.6 the cross-validation comparison and the interpretation of vignette-anchored

versus model-anchored elasticities.

5.2 Vignette inputs

Each vignette describes a hypothetical household environment, and the respondent

states a desired number of children for it. The vignette data are drawn from two country-

specific surveys:
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Country Source survey Survey eligibility Simulation-panel cells

United States UAS-27 (USC Understanding Amer-

ica Study)

age 18–50 3,056

Germany Pairfam (satellite of German Family

Panel, 2014 module)

age 18–50 1,128

The simulated panel restricts to the analysis sample of female participants aged 22–

42, matching the structural model’s fertility horizon (Section 6.2 table notes in the paper).

The cell counts are respondent–vignette observations: because each participant typically

answered a small number of vignettes, the total number of cells is approximately the num-

ber of analysis-sample respondents multiplied by the number of vignettes each respondent

answered.

Randomized attributes (per vignette). Each vignette is characterized by five random-

ized numerical attributes (Section 5.1 in the paper):

� we — the household head’s hourly net wage;

� hp,e — the partner’s working hours;

� wp,e — the partner’s hourly net wage (so that partner labor income yp,e = hp,e · wp,e is a

derived quantity);

� se ∈ {costly, subsidized} — the availability of subsidized childcare;

� Ae — the child allowance per child.

Randomization design. The five attributes are drawn independently per vignette, so that

the policy stimuli (Ae, se) and personal-characteristics stimulus (yp,e) are by construction

orthogonal to the wage stimulus we. This orthogonality has an important consequence for

the simulated panel: the non-wage policy responses are cleanly identified, independent of

the wage uncertainty, so their sign and direction are the same under either wage-perception

treatment (permanent or current-period; see Section 5.3), while their precise magnitude is

somewhat treatment-sensitive.

Data access. The data are accessible from the data providers free of cost for registered

users. For replication, point the package’s data-build scripts at locally-obtained copies; the

respective Data Usage Agreements (DUAs) and acquisition procedures are documented in

Section 2 and in IER_R2_Replication/docs/DATA_PROVENANCE.md.
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5.3 Construction of synthetic (simulated) panel

For each respondent–vignette observation, the structural model is solved again at θ̂,

replacing selected exogenous variables with vignette stimuli while holding all structural pa-

rameters fixed at their estimated values (Model 1: Section 3.6; Model 2: Section 4.6).

Attribute-to-environment mapping. The five randomized attributes (Section 5.2) en-

ter the structural budget constraints (for Model 1, equations (3) and (14) in the paper, the

without- and with-children budgets; for Model 2, the period budget c̃t defined in Appendix C)

one-to-one:

Vignette attribute Model variable Override formula

we (hourly wage) w(t) (wage path / process) M1: w(t) := we; M2: ϕ0 := logwe,

ϕ1 = ϕ2 = 0

hp,e · wp,e (partner) yp(t) (partner income) M1: yp(t) := hp,e · wp,e; M2: yp,t :=

12 · hp,e · wp,e (annualized)

Ae (allowance) A (per-child allowance) M1: A := Ae; M2: A := 12 ·Ae (annu-

alized)

se (vignette childcare) s (subsidy rate) s = 0.95 if subsidized; s = 0 if costly

p̃b (effective price) p̃b = (1− s) · pb in both models

For Model 2, the wage substitution sets only the deterministic component of the log-

wage process wt = exp(ϕ0 + ϕ1xt + ϕ2x
2
t + ξt). The idiosyncratic productivity shocks ξt are

drawn independently from a discretized normal process at each period and are unaffected

by the vignette wage assignment.

Respondent state and timing. The model is initialized at the respondent’s observed

state. The model period index is t0 = age−21 (so age 22 maps to t0 = 1 and age 42 maps to

t0 = 21). Model 2 additionally fixes the initial endogenous state at the respondent’s observed

values: n0 = min(observed children, 3), marital status as observed, experience x0 = age−22,

and age-of-youngest-child fixed at 3 for every respondent. Model 1’s aggregative formulation

takes only the wage and partner-income paths for state initialization.

Two perception treatments. The vignette instrument leaves it open whether we is a

permanent or a temporary feature of the household’s environment (Section 2.2 in the paper,

footnote on temporary-vs-permanent). The simulated panel reports both interpretations:

� Permanent-wage treatment : the wage substitution applies for all t ≥ t0 (the rest of the

household’s lifecycle).
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� Current-period-wage treatment : the wage substitution applies only at the respondent’s

own period t0; from t0 + 1 onward the model’s estimated wage process resumes.

The non-wage stimuli (Ae, se, yp,e) are applied identically across both treatments: only

the wage substitution differs.

The two treatments span the natural range of how forward-looking agents might inter-

pret the vignette stimulus. Their model-side implementations differ between Models 1 and 2:

Model 1 (deterministic) applies the substitution directly to the wage path (Section 5.4), while

Model 2 (forward-looking DP) requires a two-DP construction for the current-period-wage

case to maintain internal consistency of the agent’s beliefs (Section 5.5).

5.4 Model 1 simulated panel

The Model 1 simulated panel is implemented in model1/sim_panel_subsidy95_cap3/

simulate_panel_{us,de}.jl. The folder name encodes two convention choices that match

Model 2’s discrete state structure: subsidy95 (the subsidized-childcare case uses s = 0.95,

leaving a 5% effective price) and cap3 (the number of children is capped per-age at min(n, 3),

mirroring Model 2’s discrete state ceiling n ∈ {0, 1, 2, 3+}).

Construction. Because Model 1 is deterministic (Section 3.3), the vignette substitutions

(Section 5.3) are applied directly to the wage and partner-income paths w(t), yp(t) and to

the allowance/subsidy scalars A, p̃b. For each respondent–vignette observation, the script

solves again the two-phase optimization ((1), (2)) at θ̂M1 under three environments per cell

(baseline, permanent-wage substitution, current-period-wage substitution) and records the

resulting time-average of n(t) over the fertile period.

Canonical output: Nperm at vignette age a∗. The canonical Model 1 output is the

permanent-wage panel value evaluated at the respondent’s own age a∗.7 The reason for the

“at the respondent’s age” choice is that the respondent’s stated answer reflects their life

situation, so the model-predicted counterpart should be evaluated at the same temporal

position.

Parallel work-sharding. The per-cell solving is fully independent across vignettes (no

cross-cell dependencies in the DP), so the workload can be sharded freely. The implemen-

tation work-shards via a simple offset-and-stride scheme: nine batch scripts run_{de,us}_

7In the simpanel output schema this is N_perm_at_age (column 19 of the per-cell output, with position

indexing the respondent and N HE[position, 3] the env-3 = permanent-wage value at age a∗).
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w[1..9].log each process every ninth vignette (offset = w, stride = 9) starting at off-

set w ∈ {1, . . . , 9}, producing nine partial CSVs outputs/{DE,US}_simpanel_w[1..9].csv

(≈ 126 rows each for DE, ≈ 340 for US). The merge step merge partials.jl concatenates

these into the canonical panel outputs/{DE,US}_simpanel.csv (all rows merged).

Outputs. The merged panel outputs/{DE,US}_simpanel.csv feeds analysis/build_

regression_input.jl which assembles the fixed-effects regression input outputs/{DE,US}_

regression_input.csv (joining stated vignette responses with model-predicted counter-

parts). Downstream artifacts include outputs/Table_H1_dist_2x2_v14.csv (the 2×2 dis-

tribution of children counts under each treatment) and outputs/Table_H2_fe_regression.

tex (the FE regression table in paper-ready LaTeX). Per-batch run logs are in run_{de,

us}_w*.log for traceability.

5.5 Model 2 simulated panel

The Model 2 simulated panel is implemented in model2/vignette_simpanel/ (see

model2/vignette_simpanel/README.md for the package layout). It reuses the same Model 2

dynamic-programming solver (Section 4.3), evaluated at the estimated parameters θ̂M2 (Sec-

tion 4.6). The vignette stimuli are then inserted into the model before each cell is solved.

Per-cell initialization. For each respondent–vignette observation, the dynamic pro-

gram is initialized at the respondent’s observed state: t0 = age − 21, n0 =

min(observed children, 3), marital status as observed, experience x0 = age − 22, and age-

of-youngest-child fixed at 3 for every respondent (a uniform choice that abstracts from the

small fraction of respondents with very young children at the time of the survey).

Wage-process substitution. The vignette wage we enters Model 2 by replacing the wage-

process intercept: ϕ0 := logwe with ϕ1 = ϕ2 = 0, so that the deterministic component of

wt = exp(ϕ0 + ϕ1xt + ϕ2x
2
t + ξt) equals we at every age. The transitory productivity shock

ξt ∼ N(0, σ2) continues to be drawn from its estimated distribution and discretized onto the

same fixed grid.

Permanent-wage treatment: single DP. Under the permanent-wage treatment, the

wage-process substitution applies for all t ≥ t0. The implementation solves again Model 2

once at the modified wage process, computes the value functions and optimal policies for all

model states Ωt, and simulates forward from Ωt0 to extract the cell’s predicted mean number

of children.
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Current-period-wage treatment: two-DP construction. The current-period-wage

treatment requires more care because Model 2 is forward-looking: at period t0, the agent’s

choice of labor supply and (in stage 1) fertility depends on the wage process she believes

applies for the rest of life. Naively “swapping the wage at t0 only” would have the agent

solve her t0 problem under the estimated wage process (the only one for which her belief is

internally consistent), which contradicts the vignette stimulus we ̸= w(estimated) at t0. The

implementation resolves this with a two-DP construction:

1. Solve DPPerm: the dynamic program under the permanent-wage substitution (determin-

istic component of wt = we for all t), producing policy functions πPerm(Ωt).

2. Solve DPN : the dynamic program under the estimated wage process (no substitution),

producing policy functions πN(Ωt).

3. Construct the agent’s effective policy by switching at t0 + 1:

πcur-period(Ωt) =

πPerm(Ωt), t = t0,

πN(Ωt), t ≥ t0 + 1.

At t0 the agent acts as if the wage is permanent (she uses πPerm, the policy of an agent

who believes the wage is permanent); from t0 +1 onward she acts under the estimated wage

process (she uses πN). The agent is näıve about the policy switch at t0+1 when making her

t0 decision — a behavioral assumption the construction makes explicit.

The non-wage stimuli (Ae, se, yp,e) are applied identically across both DPPerm and DPN ,

so the two policy functions differ only in their wage processes.

Outputs. The Model 2 simulated panel produces a per-cell CSV with both permanent-

wage and current-period-wage predicted children counts, ready for the same fixed-effects

regression as the Model 1 simulated panel and the stated-vignette panel (Section 5.6).

5.6 Cross-validation comparison and interpretation

The vignette simulated panel produces two stacked panels — the vignette panel (stated

nvig
i ) and the simulated panel (model-predicted nmodel

i ) — each indexed by respondent–

vignette observation i. The cross-validation compares them via parallel fixed-effects re-

gressions and via correlations.

Fixed-effects regression. For each panel p ∈ {vig,M1-P,M1-C,M2-P,M2-C} (where

P = permanent-wage, C = current-period-wage) and each country, the implementation runs
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the linear FE regression

n
(p)
i = β(p)

w ws
i + β(p)

y yp,i + β
(p)
C I{Ci = costly}+ β

(p)
A Ai + µ

(p)
i + ε

(p)
i , (24)

where µ
(p)
i is a respondent fixed effect that absorbs all time-invariant unobserved hetero-

geneity (and the overall intercept; no separate constant is included). The coefficients(
β
(p)
w , β

(p)
y , β

(p)
C , β

(p)
A

)
quantify each panel’s policy responsiveness; their resemblance across

p ∈ {vig,M1-P,M1-C,M2-P,M2-C} is the paper’s cross-validation that the structural mod-

els capture the same responsiveness as the stated-vignette respondents do.

The estimation runs in Stata via model1/sim_panel_subsidy95_cap3/analysis/fe_

regression.do (M1) and the parallel M2 script; results land in outputs/Table_H2_fe_

regression.tex ready for paper inclusion. The aggregated headline numbers appear in

Table 14 in the paper, which reports the FE regressions for all five panels (vignette + M1-

permanent + M1-current-period + M2-permanent + M2-current-period) side by side.

Per-respondent unit elasticities. A second cross-validation comparison (Section 6.3,

Table 15, and Figure 5 in the paper) computes per-respondent unit elasticities εX,i with

respect to the child allowance A and the daycare price pb, using the linear FE prediction at

two counterfactual policy values Xlow, Xhigh:

εX,i =

(
n̂i,high − n̂i,low

)
/n̂i,low(

Xhigh −Xlow

)
/Xlow

, X ∈ {A, pb}. (25)

Under the linear FE specification, this unit elasticity is invariant to the magnitude of the

policy change. Table 15 in the paper reports the cross-respondent mean and [min,max] of

{εX,i} for each of the five panels; Figure 5 displays the full distributions as overlaid density

histograms.

Interpretation: frictionless versus real-world-anchored. The two cross-validation

comparisons together support an interpretation in which the vignette panel approximates

a frictionless upper bound on policy responsiveness (respondents report a hypothetical op-

timum without conditioning on their actual state — existing children, assets, employment,

age), while the structural model panels provide real-world-anchored realistic estimates (the

dynamic program accounts for state-dependent choices, fertility timing, asset accumulation,

and lifetime budget constraints). The difference between the vignette response and the

structural prediction can be interpreted as the magnitude of fertility responsiveness that the

structural model dampens via state-dependent dynamics; symmetrically, the structural pre-
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diction provides a benchmark for what share of the stated response is achievable once internal

frictions are accounted for.

The empirical finding — that the structural panels’ policy elasticities lie in the same

range as the vignette panel’s (paper Table 15) — is the central cross-validation result. For

the specific numerical comparison (magnitudes and signs of β
(p)
w , β

(p)
C , β

(p)
A across the five

panels; cross-panel agreement on which policy is more cost-effective in each country; and the

explicit per-respondent unit-elasticity distributions), see Tables 13, 14, 15, and Figure 5 in

the paper.

6 Elasticity construction

6.1 Overview

The paper reports policy elasticities of fertility under three distinct constructions that

capture different aspects of policy responsiveness. Aggregate elasticities (Section 6.2, Sec-

tion 6.3; Table 16 in the paper) summarize the whole-economy response to a uniform policy

perturbation as a single scalar per (country, model); per-respondent unit elasticities (Ta-

ble 15 in the paper; the construction is documented in Section 5.6) give a distribution of

responses across respondents, one per (respondent, panel) cell; and vignette-FE-derived elas-

ticities (Section 6.4; Figure 5 in the paper) re-express the fixed-effects regression coefficients

of Section 5.6 as per-respondent elasticities for visual comparison across the five panels.

This section documents the implementation of the aggregate and vignette-FE-derived

elasticities, and references Section 5.6 for the per-respondent unit elasticities. Section 6.2

fixes the sign and perturbation conventions; Section 6.3 describes the per-model computation

of the aggregate elasticity (Model 1 via a dedicated post-estimation script; Model 2 via a

post-estimation perturbation of the policy variables); Section 6.4 the vignette-FE-derived

elasticity pipeline implemented in Stata; and Section 6.5 the cross-comparison reporting in

Tables 15 and 16, and Figure 5 in the paper.

6.2 Aggregate elasticity

The aggregate elasticity reports a single scalar per (country, model, policy stimulus,

outcome) cell, summarizing the whole-economy mean response to a uniform policy pertur-

bation. The aggregate elasticity uses a specific perturbation convention, documented for M1

in model1/policy_elasticity/aggregate_n_ls_v14.jl.
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Perturbation magnitudes. Each policy stimulus is perturbed by 20% (V = 0.20), with

the sign chosen so that the change moves in the fertility-raising direction:

� Allowance (A): A 7→ A · (1 + V ) = 1.20 · A (a 20% increase in the per-child allowance

relative to the country-specific baseline).

� Daycare price (pb): pb 7→ pb · (1−V ) = 0.80 · pb (a 20% decrease in the effective childcare

price, equivalent to a 20% subsidy applied to the country’s baseline pb).

Aggregation window. Each elasticity is computed from means over a model-specific

window. For Model 1, this is the Phase 2 (post-t̄) horizon ages 28–45 (18 ages; in code,

post = tbar:data length = 7:24). For Model 2, the analogous aggregation is over the

full simulated horizon ages 22–45 (24 ages, equivalently moment indices 25–48 of the M2

moment vector). Letting N̄ and L̄ denote the country-level means of the simulated fertility

and labor-supply profiles over the relevant window,

N̄ =
1

|T |
∑
t∈T

N(t), L̄ =
1

|T |
∑
t∈T

ℓ(t), (26)

where T = {28, . . . , 45} for Model 1 and T = {22, . . . , 45} for Model 2.

Sign-flip convention. Let N̄p denote the post-perturbation mean fertility and N̄ b the

baseline; define the elasticity

εNX = σX · N̄
p − N̄ b

N̄ b
· 1

vX
,

(
vA, σA

)
=
(
+V, +1

)
,

(
vpb , σpb

)
=
(
−V, −1

)
, (27)

where vX is the (signed) fractional change in policy X and σX is the reporting sign-flip.

For the allowance policy stimulus the sign-flip is unity (σA = +1), so εNA is the standard

partial elasticity. For the childcare-price policy stimulus the sign-flip is −1, so εNpb is the

subsidy-direction elasticity (positive when the subsidy raises fertility). Analogous formulas

with L̄ in place of N̄ define the labor-supply elasticities εLX (eps LS in the saved output).

6.3 Computation per model

The aggregate elasticity is computed by re-running the structural model at the country’s

estimated θ̂ under a perturbed environment and comparing the resulting moment means to

the baseline.

Model 1 (aggregate n ls v14.jl). For each country and each policy stimulus X ∈
{A, pb}, the script:
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1. Loads the estimate θ̂ from model1/locked/par_$(country).jld2 and the country config

with the bound widening (cfg.LB[10] = 0.40 for the US).

2. Calls matching_fun(par,d,W,cfg;allowance=A_b,pb_value=p_b_b) at the base-

line values (Ab, p
b
b) to obtain the baseline fertility and labor-supply profiles

out base.model.nmodel, out base.model.lmodel.

3. Calls matching fun again under the perturbed environment: (Ab(1 + V ), pbb) for the

allowance, or (Ab, p
b
b(1− V )) for the daycare price, to obtain the perturbed profiles.

4. Aggregates each profile over the Phase 2 window T = {28, . . . , 45} to obtain

N̄ b, N̄p, L̄b, L̄p.

5. Applies the sign-flip formula (27) (and its L̄ counterpart) to obtain εNX and εLX .

The results are saved to model1/policy_elasticity/outputs/M1_aggregate_

elasticity_v14.jld2 as a 2×2 nested dictionary indexed by (country×policy stimulus) ∈
{US,DE} × {A, pb}, each entry storing (N̄ b, N̄p, L̄b, L̄p, εNX , ε

L
X , v).

Model 2. The dedicated M2 aggregate-elasticity script is model2/analysis/policy_

elasticity_table10.jl. It defines inline with_all(env,A_new) and with_sub(env,s_

new) helpers that return a copy of the country CountryEnv struct with the All or sub field

replaced; the elasticity is then obtained by calling solve_model_moments_v16(theta,with_

all(env_base,1.2*env_base.All)) (allowance, 20% increase) or solve_model_moments_

v16(theta,with_sub(env_base,0.20)) (subsidy) and aggregating the fertility moments

mm[25:48] over ages 22–45 to form the elasticity of mean cumulative fertility, evaluated

once at θ̂M2 from the estimate and reported in Table 16 in the paper.

Equivalent reporting. Despite the very different computational machinery (Section 3.3

continuous-time analytical seed plus fixed-point iteration; Section 4.3 discrete-time backward

induction over the 4-type heterogeneity mixture), the resulting elasticities
(
εNA , ε

N
pb
, εLA, ε

L
pb

)
are directly comparable across the two models and across the two countries; the cross-

comparison is reported in Table 16 in the paper (Section 6.5).

6.4 Vignette-FE-derived elasticities

To compare policy responsiveness across the five panels (vignette,M1-P ,M1-C,M2-P ,

M2-C; see Section 5.6), the implementation re-applies the per-respondent unit-elasticity for-

mula (25) from each panel’s own fixed-effects regression predictions, producing a distribu-

tion of per-respondent elasticities for each (panel, country) cell. The implementation is in

elasticity/scripts/run_elasticity.do (Stata).
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Panels and inputs. The script processes 10 input .dta files (5 panels × 2 countries):

Panel ID Source Country

vignette_{us,de} stated-vignette responses (UAS, Pairfam) US, DE

M1_{us,de}_perm Model 1 permanent-wage simpanel US, DE

M1_{us,de}_naive Model 1 current-period-wage simpanel US, DE

M2_{us,de}_perm Model 2 permanent-wage simpanel US, DE

M2_{us,de}_naive Model 2 current-period-wage simpanel US, DE

Each input panel is restricted to female respondents aged 22–42. The panel structure is

xtset id sid (respondent id, vignette sid within respondent).

Fixed-effects specification. For each panel, the script runs the 4-regressor FE regression

xtreg r_children s_wage s_y_partner s_c_transfer s_costly_care, fe vce(cluster id)

where the four stimuli are the vignette environment (Section 5.2) and clustering at the

respondent level accounts for within-respondent dependence across vignettes. This is exactly

the regression specification of equation (24).

Counterfactual policy values. The two policy counterfactuals take the values used in

Table 15 in the paper:

� Child allowance A: $200 vs $400 per month (US); e250 vs e500 per month (Germany).

� Daycare price pb (via s_costly_care): 0.05 (subsidized, matching the 95%-subsidy

strength used in the paper’s Section 6.1 simpanel construction; Section 5.4) vs 1.0 (costly).

Per-respondent elasticity formula. For each respondent i and each policy stimulusX ∈
{A, pb}, the FE-predicted children counts at the two counterfactual policy values Xlow, Xhigh

give

n̂i,high = α̂i + β̂X ·Xhigh + (other stimuli at base),

n̂i,low = α̂i + β̂X ·Xlow + (other stimuli at base),

where α̂i is the respondent fixed effect from the panel’s FE regression. The per-respondent

unit elasticity is then (25) of Section 5.6.8

8Under the linear FE specification, the per-respondent unit elasticity is invariant to the magnitude of
the policy change (only the direction of Xhigh−Xlow matters). The script header verifies this empirically by
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Outputs. The script writes per-panel .csv and .dta files to elasticity/outputs/ (one

file per panel × country × {naive, perm}). These ten distributions then feed outputs/fig_

elasticity_histograms.pdf (Figure 5 in the paper), which overlays the five per-country

distributions in a 2× 2 grid (US transfer / US daycare / DE transfer / DE daycare).

6.5 Cross-comparison and reporting

The three elasticity constructions documented in Section 6.2, Section 6.3, and Section 6.4

feed into three paper-side reporting artifacts that together constitute the paper’s cross-

validation of policy responsiveness.

Table 15 in the paper (per-respondent unit elasticities). For each of the five panels

and both policy stimuli X ∈ {A, pb}, Table 15 reports the cross-respondent mean of the per-

respondent unit elasticity {εX,i}Ni=1 together with the [min,max] range over the indicated

sample (female participants, age 22–42).

Table 16 in the paper (aggregate elasticities). Table 16 reports a single εNX per

(country, model, policy stimulus) cell, computed under the sign-flip convention of (27).

For Model 1 the cells come from M1_aggregate_elasticity_v14.jld2 (Section 6.3); for

Model 2 they come from analogous model2/analysis/ scripts applied at the estimate. The

aggregation window differs across models (Phase 2 ages 28–45 for M1, full horizon 22–45 for

M2); Table 16 reports both sets side-by-side.

Figure 5 in the paper (overlaid histograms). Figure 5 displays the full {εX,i} distri-

butions from Section 6.4 as overlaid density histograms in a 2 × 2 grid: rows are countries

(US, Germany), columns are policy stimuli (A, pb). Each subplot superimposes the five

panels’ distributions on per-column x-axis ranges ([−0.20,+0.40] for the allowance columns,

[−1.30,+0.20] for the daycare-price columns) with a dashed line at ε = 0; the legend iden-

tifies the five panels (vig, M1 P, M1 C, M2 P, M2 C ).

Interpretation across modeling lenses. The three reporting artifacts share a common

interpretive frame: the vignette panel provides a frictionless upper bound on policy respon-

siveness (Section 6.3 in the paper and Section 5.6); the two structural panels dampen this

response through their respective state-dependent dynamics (M1 via the continuous-time

computing the daycare-price elasticity at scostly care ∈ {0.5, 0.05} vs 1.0: the two distributions agree to ma-
chine precision. The scostly care = 0.05 version is retained for consistency with the 95%-subsidy construction
of the simulated panel.
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aggregative formulation, Section 3.3; M2 via the discrete-time DP with 4-type heterogeneity,

Section 4.3). The empirical finding of the paper — that for Germany the three approaches

are consistent and the daycare subsidy is the more cost-effective policy, while for the United

States cost-effectiveness depends on which modeling lens is applied — emerges from the

side-by-side comparison of these elasticities (Sections 6 and 7 in the paper).

The cost-effectiveness conclusion is anchored in a back-of-the-envelope calculation: a

$100 (e100) per-month-per-child policy yields an annual fiscal cost of 0.07%–0.24% of GDP

across the two countries and two models, within a feasible budget envelope. The within-

this-envelope ranking of the two policy stimuli is the empirical pay-off of the cross-validation

work in Section 5 and Section 6.

7 Replication guide

7.1 Overview

This section orients a replicator to the IER_R2_Replication/ package and points to the

in-package documentation files that hold the operational details. The Online Computational

Appendix (this document) explains the scientific content of each sub-pipeline (Section 2–

Section 6); IER_R2_Replication/ contains the runnable code, cleaned data, and operational

documentation. The two are designed to be read together.

Section 7.2 sketches the package layout and the sub-package responsibili-

ties. Section 7.3 documents the software and hardware requirements (pinned via

Project.toml/Manifest.toml for the Julia components, Stata 17 for the data pipeline).

Section 7.4 summarizes raw-data access (PSID, SOEP, UAS, Pairfam, etc. are restricted-

access; DUAs and acquisition procedures reside in IER_R2_Replication/docs/DATA_

PROVENANCE.md). Section 7.5 describes the build order from raw microdata to paper out-

puts. Section 7.6 maps each paper-side table and figure to the script that produces it (the

canonical full version is located in IER_R2_Replication/docs/FILE_MAP.md).

7.2 Package structure

The replication package has the following top-level layout:

IER_R2_Replication/

|-- README.md <- top-level orientation

|-- docs/ <- operational documentation

| |-- VERSION_LOCK.md <- canonical version pointers per component
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| |-- FILE_MAP.md <- paper Table/Figure -> script (full)

| |-- RUNTIME.md <- hardware, software, wall times

| |-- DATA_PROVENANCE.md <- raw-data sources + DUAs

| ‘-- TASK.md <- internal migration plan

|-- data_processing/ <- Stata data pipeline

|-- data/ <- cleaned model-ready inputs (shipped per scope choice)

| |-- us/ de/ (deliverables/, moments/, summary_stats/, ...)

|-- model1/ <- Model 1 (estimate) - self-contained (see Section 2)

| |-- README.md

| |-- src/ configs/ data/ estimation/ diagnostics/ locked/

| |-- external/v11/locked/par_*.jld2

| ‘-- policy_lifecycle/ policy_elasticity/ sim_panel_subsidy95_cap3/

| elasticity_vig_m1/

|-- model2/ <- Model 2 (estimate) - self-contained (see Section 3)

| |-- README.md

| |-- src/ environments/ estimation/ diagnostics/ scripts/ results/

| |-- analysis/ external/{v15c,v11}/

| ‘-- vignette_simpanel/ <- M2 vignette simulated panel (see Section 4)

|-- elasticity/ <- Cross-model elasticity Stata pipeline

| (see Section 5)

|-- figures/ tables/ <- Paper-ready outputs

‘-- tests/ <- Smoke + bit-exact tests

Sub-package convention. Each of model1/, model2/, data_processing/, and

elasticity/ is a self-contained unit with its own README.md (replicator-facing), an en-

vironment file (Project.toml for Julia sub-packages, conventions for Stata), and its own

external/ for cross-version dependencies. The sub-packages can be exercised independently:

a replicator interested only in re-estimating Model 1 can ignore the others. Cross-package

references (e.g., the cross-model Figure 7 generator in model1/policy_lifecycle/ that

consumes Model 2 outputs) are explicit and few.

7.3 Software and hardware requirements

The package is pinned to specific software versions to ensure reproducibility of the

numerical results.

Software.
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� Julia 1.12.5 for the structural-model sub-packages (model1/, model2/, and the simu-

lated panels). Each sub-package provides a Project.toml and a Manifest.toml that

pin all transitive package versions (243 packages for model1/, 229 for model2/). Use

julia --project=. -e ’using Pkg; Pkg.instantiate()’ to materialise the locked

environment.

� Stata 17 (or compatible) for the data pipeline (data_processing/; ∼ 25 .do files) and

for the cross-model elasticity pipeline (elasticity/; run elasticity.do).

� Python 3.10+ (with matplotlib, numpy, pandas) for three small post-processors:

model1/elasticity_vig_m1/plot_fig5_histograms.py (Figure 5 in the paper),

literature/plot_fig_lit_forest.py (Figure 6 in the paper), and data_processing/

scripts/_reformat_table_captions.py (Appendix A caption-formatter).

Reference hardware. The wall-time figures cited throughout (Section 3.5, Section 4.5)

are measured on a 10-core Apple Silicon machine. The package runs on any x86 64 or ARM

Linux/macOS host that supports Julia 1.12 and Stata 17. Memory: ≤ 4 GB peak per

country for the Julia components.

For the canonical reference-machine spec, per-stage wall times, and the bootstrap-

precompile guidance, see IER_R2_Replication/docs/RUNTIME.md.

7.4 Raw-data access

The package delivers cleaned, model-ready data in data/{us,de}/ but does not deliver

the raw survey microdata. The raw surveys are restricted-access; the package’s data-pipeline

scripts (data_processing/) expect raw files in a separate data_raw/ directory that the

replicator populates after obtaining the DUAs:

Survey Country Used by Access

PSID US M1, M2 Free; registration only

SCF (2007 wave) US M1 (wealth) Public

CPS US M1 (labor) Public

ATUS US M1, M2 (time use) Public

NLSY79 US M2 (π priors) Registration only

UAS-27 US Vignette Registration + IRB

SOEP DE M1, M2 DUA + institutional

Pairfam (2014 satellite module) DE Vignette DUA

DUA application typically takes weeks (SOEP and Pairfam being the slowest, ∼ 4–8

weeks); UAS approval is usually fast for academic affiliates. The exact filename require-
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ments, expected raw formats, and per-source acquisition procedure are documented in IER_

R2_Replication/docs/DATA_PROVENANCE.md. The cleaned data shipped with the package

allows a replicator to verify all downstream Julia/Stata results using make from-cleaned

(skipping the Stata data pipeline); running make all against the raw data confirms the

cleaned data was generated correctly and exercises the entire build. A consequence is that

Stage 1 itself — the construction of the cleaned data from the raw microdata — is auditable

only by replicators with DUA access; replicators without DUAs verify Stages 2–5 against

the shipped cleaned data and take Stage 1’s correctness on trust.

7.5 Build order

A full cold build of our replication package proceeds in five stages. Stages 2a and 2b

are independent and can run in parallel.

Stage Component Output Reference wall

1 data_processing/

(Stata, ∼ 25 .do files)

data/{us,de}/deliverables/*.

csv

∼ 1–3 h

2a model1/estimation/

02_run_estimate.jl

(Julia)

model1/locked/par_{us,de}.

jld2

∼ 2 min

2b model2/scripts/run_

v16_parallel.sh (Ju-

lia, parallel)

model2/results/v16_{de,us}_

accepted.jld2

∼ 12 h

3 model1/sim_panel_

subsidy95_cap3/ +

model2/vignette_

simpanel/ (Julia)

simpanel CSVs ∼ 30 min

4 elasticity/scripts/

run_elasticity.do

(Stata)

per-panel elasticity files ∼ 5 min

5 figure + table genera-

tors (Julia + Python)

figures/Fig*.pdf, tables/

Table*.tex

∼ 30 min

Stage 2a re-estimates M1 from the shipped warm-start (model1/estimation/02_run_

estimate.jl); the warm-start is itself the estimate, so NLopt converges to it within a

few iterations (within FTOL ABS = 10−3). Replicators who want to re-estimate M1 from a

different (e.g., cold) starting point edit the warm-start specification in that script.

42



A skip-Stage-1 path uses the shipped cleaned data and starts at Stage 2a/2b, which

is the recommended path for downstream verification. A skip-Stage-2 path uses the saved

model{1,2} estimates and starts at Stage 3, which is the fastest end-to-end re-build of the

paper outputs from estimates forward (a few hours total). Verification scripts in model{1,

2}/diagnostics/ confirm bit-exact reproduction at the saved θ̂ (Section 3.6, Section 4.6).

7.6 Mapping paper outputs to scripts

The condensed mapping from paper outputs to producing scripts is:

Paper output Producing script

Figure 2 (Model 1 fit, 2×3 with 5-yr bins) model1/estimation/plot_fig2_combined.jl

Figure 3 (Model 2 fit, 2×3 with 5-yr bins) model2/analysis/gen_fig_paper_v16_3panel.

jl

Figure 5 (elasticity histograms, 2×2) model1/elasticity_vig_m1/plot_fig5_

histograms.py

Figure 6 (literature forest plot) literature/plot_fig_lit_forest.py

Figure 7 (combined N profile, M1+M2) model1/policy_lifecycle/plot_section7_

combined_N.jl

Table 4 (M1 parameter estimates + SEs) model1/locked/par_{us,de}.jld2 +

jacobian se.jld2

Table 6 (M2 parameter estimates + SEs) model2/results/v16_{de,us}_accepted.jld2

Table 14 (FE regression: vignette + M1/M2 panels) model1/sim_panel_subsidy95_cap3/analysis/

fe_regression.do

+ model2/vignette_simpanel/src/run_fe_

regression.do

Table 15 (per-respondent unit elasticities) elasticity/scripts/run_elasticity.do

Table 16 (aggregate elasticities) model1/policy_elasticity/aggregate_n_ls_

v14.jl

+ model2/analysis/ (M2 counterpart)

The canonical full mapping (every \includegraphics{} and \input{table} in the

paper, with the exact source script, inputs, and output paths) is located in IER_R2_

Replication/docs/FILE_MAP.md. Replicators interested in regenerating a specific paper

output should start from FILE MAP.md.
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8 End-to-end verification run

This section reports a single end-to-end make all run that exercises the entire pipeline

documented in Section 7, from raw microdata to all paper-cited figures and tables. The

run serves two purposes: (i) it confirms that the IER_R2_Replication/ package is inter-

nally consistent and buildable in a single invocation, and (ii) it provides per-stage wall-time

references for a replicator budgeting compute time.

8.1 Run conditions

Date. The run was launched on 2026-06-04 at 11:32:29 local time and completed on 2026-

06-05 at 04:11:16 local time, for a total wall-clock of 16 h 39 min. The driver was the top-

level make all target (IER_R2_Replication/Makefile), with its full stdout/stderr captured

to /tmp/ier_makeall.log and exit status 0.

Hardware. 10-core Apple Silicon machine (M-series), 32 GB RAM, macOS 14. This

matches the reference specification cited throughout Section 7.3.

Software. Julia 1.12.5, Stata 17 (StataNow/StataMP), Python 3.10. Each Julia sub-

package was used at its pinned Manifest.toml version.

Raw-data state. All eight raw surveys (Section 7.4) were resolved to their on-disk loca-

tions via the data_raw/ symlink directory. The run therefore exercises the full Stage 1 Stata

pipeline rather than the make from-cleaned skip-Stage-1 path.

Snapshot. The numerics in this section reflect the package as of 2026-06-04. Replicators

verifying against a later package version should re-run make all and compare against the

regenerated log in IER_R2_Replication/docs/run_logs/.

44



8.2 Per-stage wall times

Stage Wall Component and notes

1 ∼ 4 min data pipeline (Stata): 11:32:29 → 11:36:44

2a < 1 min M1 re-estimation (Julia): converges from shipped warm-

start to the estimate within FTOL ABS = 10−3

2b 12 h 8 min M2 estimation (Julia, parallel): 11:36:44 → 23:44:23; DE

+ US in parallel, 4+4 threads on 10-core

3a-DE ∼ 6 min M1 sub=0.95 + per-age-cap simpanel: 1 128 cells in 367 s

3a-US ∼ 39 min M1 sub=0.95 + per-age-cap simpanel: 3 056 cells in

2 332 s

3b-DE 12.9 min M2 vignette simpanel: 1 128 cells in 775 s; mean realized

fertility 1.82

3b-US 38 min M2 vignette simpanel: 3 056 cells in 2 281 s; mean realized

fertility 2.02

4 ∼ 3 min cross-model per-respondent elasticity (Stata)

5 ∼ 30 min paper figures 2, 3, 5, 6, 7 + tables 6, 13–16

Total 16 h 39 min exit code 0

Stage 2b dominates total wall-clock. Within Stage 2b, M2 DE finished at 23:44:06 and

M2 US at 23:44:23, within 17 seconds of each other — consistent with the design intent

of the model2/scripts/run_v16_parallel.sh dispatcher (Section 4.5). Stages 2a and 2b

run in parallel in principle; in this run Stage 2a executed in a few seconds at the start of

Stage 2b’s wall, so its time is folded into Stage 2b.

8.3 Output artifacts produced

The run produced the full set of paper-cited artifacts from raw microdata:

Estimation outputs (Stage 2).

� model1/locked/par_{us,de}.jld2 — M1 estimate, re-verified against the shipped es-

timate at a strict 10−13 relative tolerance.

� model2/results/{DE,US}/v16_{de,us}_accepted.jld2 — the canonical M2 accep-

tance artifacts referenced by paper Table 6; produced freshly by Stage 2b.

� model2/results/{DE,US}/v16_{de,us}_{final,decision}.jld2 — companion files

documenting the optimizer trajectory and the accept-vs-reject decision.

Simulation panels (Stage 3).
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� model1/sim_panel_subsidy95_cap3/outputs/ — M1 vignette simulated panel under

the sub = 0.95 + per-age min(n, 3) cap protocol of Section 5.4.

� model2/vignette_simpanel/results/sim_panel_{de,us}.csv — the M2 vignette

simulated panel.

Figures in the paper (Stage 5). All written to figures/:

� fig_model1_fit_combined_v14.pdf — Figure 2 in the paper.

� fig_model2_fit_combined_v16.pdf — Figure 3 in the paper.

� fig_elasticity_histograms.pdf — Figure 5 in the paper.

� fig_lit_forest.pdf — Figure 6 in the paper.

� fig_policy_N_combined_v14v16.pdf — Figure 7 in the paper.

Paper Figures 1 (vignette-survey illustration, a static PDF screenshot) and 4 (out-of-sample

validation diagram, built inline as TikZ) are not code-generated and are not part of the

make-pipeline verification set.

Tables in the paper (Stage 5). Tables 6 (Model 2 parameter estimates), 13 (construction

consistency) and 14 (FE regression), 15 (per-respondent unit elasticities), and 16 (aggregate

elasticities) were regenerated via the script set documented in Section 7.6.

8.4 Sanity-check numerics

A small set of headline numerics from the run, useful as a sanity-check anchor for

replicators:

M2 vignette-panel realized fertility (Stage 3b). Mean simulated completed fertility

across all vignette cells (wage, partner income, allowance, and childcare) is 1.82 in DE and

2.02 in US — consistent with the realized vignette moments documented in Section 5.

Table 16 in the paper (M1 rows). Generated at Stage 5 by model1/policy_

elasticity/aggregate_n_ls_v14.jl.

εN̄ εLS

Policy Paper Package Paper Package

US Allowance (+20%) +0.013 +0.013 +0.021 +0.021

US Subsidy (price − 20%) +1.262 +1.262 +0.016 +0.016

DE Allowance (+20%) +0.054 +0.054 +0.101 +0.101

DE Subsidy (price − 20%) +1.326 +1.326 +0.114 +0.114
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Table 16 in the paper (M2 rows). Generated at Stage 5 by model2/analysis/policy_

elasticity_table10.jl. The aggregation is the same elasticity-of-mean-cumulative-

fertility formula εN̄ = (N̄policy − N̄base)/N̄base/0.20 that defines the M2 internal MSM

band-penalty εN(θ) (model2/estimation/v16_common.jl lines 136–137), with N̄ =
1
24

∑45
a=22N(a).

Policy Paper εN̄ Package εN̄

US Allowance (+20%) +0.266 +0.2662

US Subsidy (sub 0 → 0.20) +0.174 +0.1736

DE Allowance (+20%) +0.348 +0.3479

DE Subsidy (sub 0 → 0.20) +0.835 +0.8351

All eight M1 cells and all four M2 cells of Table 16 in the paper reproduce to three

decimal places.

8.5 Reproducing this run

To re-run the verification end-to-end:

1. Populate IER_R2_Replication/data_raw/ with the eight raw surveys per docs/DATA_

PROVENANCE.md.

2. From IER_R2_Replication/, run make all.

3. On the reference hardware, expect total wall-clock of ∼ 16–18 h (dominated by Stage 2b’s

∼ 12 h M2 estimation). Faster downstream-only verification is available via make

from-estimates (skips Stages 1 and 2; runs in a few hours) or make from-cleaned

(skips Stage 1 only; runs in ∼ 13–14 h).

The full log of the run described in this section is preserved at IER_R2_Replication/

docs/run_logs/make_all_2026_06_04.log for side-by-side comparison.
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