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Abstract

Using a model of maternal labor supply and investment in children, this paper synthesizes the findings

from three separate welfare reform experiments across six sites. The proposed model maps variation in

experimental design to parameters that define labor supply behavior, child care use, and the importance

of money and child care arrangements in the development of child skills. The estimation procedure, which

aggregates available evidence to identify the model’s key causal parameters, amounts to a structural meta-

analysis. Estimates suggest that while family resources and care arrangements play a quantitatively significant

role in shaping both academic and behavioral outcomes, the predicted effects do not exhibit persistence over

time. A number of counterfactuals underscore the utility of this model-based approach for understanding the

mechanisms behind treatment effects and the roles played by heterogeneity and selection in shaping impacts.

For example, although the experiments do not find any negative impacts on child skill development, the

estimated model forecasts that these same policy reforms do entail negative effects on behavioral skills when

applied to a representative sample of single mothers.
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1 Introduction

This paper uses an economic model of behavior to aggregate statistical information from multiple welfare

reform experiments. It follows the mission statement laid out by Frisch (1933) in the very first issue of Econo-

metrica: to coordinate the accumulation of empirical evidence for policy and prediction using a theoretical

framework.1 While traditional meta-analyses approach this problem by specifying the average treatment ef-

fect (ATE) as a global parameter of interest —using linear statistical models to construct a weighted average

estimate of this parameter —this paper instead combines data to identify the underlying parameters of an

economic model.

There are four main payoffs to taking a structural approach to meta-analysis. First, if the experimental

setting is well-suited to the application of economic theory, then a model can provide an organized comparative

interpretation of treatment effects across experiments. This is particularly true if treatment differences can

be modeled without the need for estimating additional parameters.2 Second, the model provides a mapping

between structural parameters to a broad class of counterfactual scenarios, and can therefore be used in cases

where the ATE itself does not define an explicit policy counterfactual of interest (Heckman, 1992; Heckman

and Vytlacil, 2005). Third, by allowing for and estimating the latent dimensions along which individuals select

into the experimental studies, the estimated model can forecast treatment impacts on broader populations of

interest. Finally, an economic model allows researchers to make normative statements about how treatments

(both observed and counterfactual) are valued by participants by applying the lens of revealed preference.

Using the structural approach, this paper studies the design of cash assistance and its effect on child

outcomes by combining individual-level panel data from four sources: from three experimental evaluations of

welfare-to-work programs in the United States, along with a representative sample of single mothers from the

Survey of Income and Program Participation (SIPP). The inclusion of the SIPP is not crucial but is useful

as its representative sampling frame provides a counterbalance to the highly selected experiment populations

where the sampling frame is comprised of new welfare applicants and ongoing recipients.

The three experiments: Connecticut Jobs First (CTJF), the Family Transition Program (FTP) in Florida,

and the Minnesota Family Investment Program (MFIP), were each conducted between 1994 and 1999 by the

Manpower Demonstration Research Corporation (MDRC). Publicly available reports provide many useful

site-specific details such as treatment components and sample design (Bloom et al., 2002, 2000; Miller et al.,

2000; Gennetian and Miller, 2000). Each experiment restructured the conditions of cash assistance for partici-

pants with the goal of increasing labor force attachment and financial independence. In varying combinations,

these experiments introduced (1) changes in benefit computation formulae; (2) mandatory employment and

job search services; (3) time-limited program participation; and (4) expanded access to childcare subsidies.

MDRC also collected at these sites a set of developmental indicators for school-aged children. This paper

develops a dynamic model of welfare particiption, labor supply, childcare use, and child investment that

provides an interpretation of each experiment’s treatment effects as behavioral responses to changes in indi-

vidual incentives. These changes induce variation in economic resources and childcare arrangements which in

1In his editorial introduction of the journal, Frisch (1933) wrote: “Statistical information is currently accumulating at an un-

precedented rate. But no amount of statistical information, however complete and exact, can by itself explain economic phenomena.

If we are not to get lost in the overwhelming, bewildering mass of statistical data that are now becoming available, we need the guid-

ance and help of a powerful theoretical framework. Without this no significant interpretation and coordination of our observations

will be possible.”
2Below we define this feature as well-articulated variation inside the model
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turn identifies the role of those inputs for skill development, as embodied by parameters of a skill formation

technology.

Estimation of the model proceeds in two stages, beginning with a maximum likelihood routine that

quantifies the model’s behavioral primitives and allows for time-varying latent heterogeneity in labor market

opportunities, along with permanent latent heterogeneity in individual preferences, labor market productivity,

and labor market risk. Estimates document rich patterns of selection across all of these latent dimensions.

Compared to the representative population, experimental populations at each site disproportionately select

types with lower labor market productivity, as well as individuals facing temporary negative labor market

shocks. The second stage of the procedure yields estimates of a technology of skill formation that maps

changes in household income and childcare arrangements to behavioral and academic skill outcomes. An

instrumental variables estimator uses only the variation in these inputs induced by random assignment, and

offers too little precision for meaningful calculations. On the other hand, a model-implied control function

approach yields much more informative estimates that provide the following lessons. A log-point increase in

household resources is estimated to lead to a 1% standard deviation increase in behavioral skills. There is

little evidence of any positive or negative impact of unpaid care (relative to full-time maternal care), but mean

estimates suggest a loss of 6.9% of a standard deviation in behavioral skills when paid care is used instead

of unpaid care. In exploring this puzzling result, allowing for heterogeneity in the ceterus paribus effects of

care suggests quite meaningful differences across types. Finally, estimates suggest that all effects fade out

rapidly, a finding that would likely evade empirical approaches that use persistence in skills to measure the

time-varying effect of inputs.

A number of counterfactuals further demonstrate the utility of this approach to aggregating evidence and

provide useful policy lessons. First, the estimated model can unbundle the many aspects of each treatment

by conducting counterfactual scenarios in which treatment components are implemented in isolation. This

exercise demonstrates that time limits are largely responsible for reductions in participation, while mandatory

services explain most of the increase in employment relative to control groups. In the model, services can

influence employment either by imposing a non-pecuniary cost on those who participate and do not work, or

by increasing the rate at which job opportunities arrive while unemployed. Estimates suggest that services

work through the latter channel.

A final counterfactual aims to understand the role of heterogeneity and selection in shaping treatment

effects by calculating average treatment effects on key outcomes in the representative SIPP sample. A key

lesson is that treatment effects do look quite different when applied to this non-selected sample of individuals

and that while this population experiences welfare gains on average, there are negative consequences for the

behavioral skills of children. This finding contrasts with results on the experimental populations, where the

effects of the experiments have no clear sign.

This paper joins a larger body of work that uses structural models to better understand the impacts

of social experiments. Todd and Wolpin (2023) provide a thorough review of the benefits of combining

randomized control trials with structural modeling. The economic model of behavior provides an explicit

framework with which to (1) handle the traditional bugbears of experiment design: non-compliance and

substitution bias, two phenomena containing inherent information by revealed preference (Heckman et al.,

1997, 2000); (2) construct ex-post improvements in policy efficiency (Todd and Wolpin, 2005; Duflo et al.,

2012; Rodriguez, 2018); (3) validate models of behavior (Todd and Wolpin, 2005; Choi, 2018; Galiani et al.,

2015); and (4) identify key structural parameters with broader implications (Kline and Tartari, 2016; Chan,
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2017; Galiani et al., 2015). This paper differs from the bulk of the literature in two main ways. First and most

obviously, the emphasis of this paper is on aggregating findings from multiple related experiments. Second,

this paper will adopt the position (and demonstrate through several conceptual and quantitative examples)

that the experimental variation across sites is quite important for identification and estimation of the model.

It is, in the spirit of a traditional meta-analysis, focused on the task of aggregating evidence.

The rest of the paper proceeds as follows. The section below provides a more detailed discussion of

this paper’s methodology and relates it to existing work, while introducing the concept of “well-articulated

variation“, which is an important concept for how components of the treatment map into the model envi-

ronment. Section 2 briefly summarizes the data. Section 3 introduces the model while Section 4 expounds

on identification and explores its empirical content. Section 5 describes estimation and presents estimates of

the model’s primitives, as well as conducting a number of validation exercises. Section 6 uses the model for

deriving particular policy lessons before Section 7 concludes.

1.1 Methodology and Related Literature

This paper is not the first to re-examine the findings of welfare-to-work evaluations in the United States,

nor is it the first to demonstrate the benefits of using economic models for interpreting social experiments.

A comparison with these prior studies is useful to illustrate this paper’s methodological points of departure.

To begin, a meta-analysis may undertake one of two related but distinct goals. The first is simply to

aggregate the available evidence to identify and estimate parameters of interest with increased precision.

This includes but is not limited to the average treatment effect. For example, to estimate the effect of one or

more endogenous variables on a particular outcome of interest, one can use assignment to treatment across

different sites as instrumental variables to provide exogenous identifying variation. In the welfare-to-work

context, this approach has been used extensively to study the effect of programs on child outcomes as mediated

through different combinations of inputs such as income, childcare arrangements, and education (Morris and

Gennetian, 2003; Gennetian et al., 2004a,b, 2008; Crosby et al., 2010; Duncan et al., 2011).3 The second

goal is to better understand differences in treatment effects across sites by projecting them onto differences

in treatment components and population characteristics. Ashworth et al. (2004) and Greenberg et al. (2005)

provide two such examples in the welfare-to-work context, finding that both treatment components and

population characteristics play an important role.4

The economic approach can also be used in pursuit of either of these two goals. It entails many advan-

tages, but these can only be gained by additional assumptions that impose extra structure on the data, and

researchers are not always in full command of when this additional structure dictates conclusions unneces-

sarily. This requires extra care in estimation and identification. Typically, the key causal parameters of

most models can be identified even without experimental variation in treatment components. This is true

whenever the treatment is well-articulated inside the model, which this paper defines as a model’s ability to

replicate treatments without the need for additional parameters. Todd and Wolpin (2005) provide one classic

example, showing that the impacts of a conditional cash transfer can be forecast using alternative sources

of variation in wages.5 Heckman and Vytlacil (2005) note that any proposed policy that involves changes

3With the exception of Duncan et al. (2011) (who study only the role of income), these approaches are typically underpowered

due to the weakness of random assignment as an instrument.
4In related work, Card et al. (2010) and Card et al. (2018) use a similar approach to study active labor market programs.
5Todd and Wolpin (2023) provide a number of other examples of this kind.
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to endowments, prices, or constraints, can be studied in an economic model so as long there exists some

source of variation in these dimensions. In the language of this paper, variation in endowments, prices, and

constraints are well-articulated inside an economic model.

Three examples that are relevant to welfare-to-work will help illustrate the concept. All three treatments

modeled in this paper involve some combination of (1) changes to benefit computation; (2) time-limited

participation in welfare; and (3) mandatory employment services for non-working welfare participants. In the

model developed below, changes in benefit formulae can be modeled as a priori known changes to the budget

set, hence no additional parameters are required to forecast their impact. Furthermore, existing budget set

variation in the data makes it possible to identify the key parameters that would determine the response to

any such change. Likewise, the introduction of time limits can be modeled in a parameter-free way, since

time limits alter the budget set as a known function of past decisions. Finally, employment services are an

example of variation that is not well-articulated in the model considered here. The effect of these services are

articulated in the model through additional parameters that affect payoffs and job offer arrival rates, each of

which can only be estimated with randomized assignment to these services.

Unlike many prior applications of economic modeling to social experiments, this paper treats experimental

variation across sites as providing additional, useful sources of variation that must be incorporated and

aggregated. The estimated model should hold, in the spirit of a meta-analysis, the totality of this evidence.

However, unlike traditional meta-analyses, parameters of interest are not necessarily solely identified by

treatment effects due to well-articulated variation. If researchers wish to know what can be learned only from

random assignment and not from other sources of variation that require more assumptions to be considered

valid, then a set of estimates that exploits all of this variation jointly will not provide the answer. Three

exercises in the paper aim to address this concern. The first exercise compares model estimates and forecasted

treatment effects when all experimental groups are withheld from the sample to those found when all variation

is used. This demonstrates the key role played by the experiments in determining parameters. Second, to

address concerns about model validity, treatment groups in three separate counties are withheld from the

main estimation sample to show that the model performs well in forecasting outcomes out-of-sample. Finally

Section 4, in establishing identification, shows that key model parameters can be uniquely identified by

restrictions that use only variation provided by random assignment, suggesting an alternative estimation

approach for researchers wishing to use experimental variation in isolation.

2 Data

Upon request, MDRC provided the evaluation data for the three experiments. The core data file for each ex-

periment contains quarterly earnings from administrative Unemployment Insurance records, monthly welfare

and food stamp receipt, and basic demographic information. A supplementary follow-up survey at 3-4 years

post random assignment provides information on monthly childcare expenditures, and child outcomes. Child

outcomes include scales for positive, externalizing, and internalizing behaviors, parent and teacher ratings of

student achievement in school, parental reports of student engagement, and indicators for whether the child

has repeated a grade or been suspended. All dollar values in the analysis are deflated to year 2000 USD,

and monthly benefit receipt values are aggregated to quarterly. The final sample retains only unmarried

women (the overwhelming majority) who appear in the follow-up survey on children. A paid care variable is

constructed from reports of monthly childcare expenditures and is equal to 1 if the respondent reports paying
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Table 2.1: Summary Statistics for each data source

CTJF CTJF FTP FTP MFIP MFIP MFIP SIPP

Arm 0 1 0 1 0 1 2 0

Less than Highschool 0.39 0.405 0.424 0.476 0.302 0.355 0.349 0.273

Highschool 0.52 0.503 0.553 0.515 0.494 0.472 0.474 0.351

Some College 0.084 0.084 0.021 0.009 0.204 0.173 0.176 0.299

College 0.005 0.008 0.002 0 0 0 0 0.078

AFDC Participation 0.595 0.586 0.439 0.391 0.567 0.734 0.765 0.253

Foodstamps Participation 0.696 0.718 0.647 0.632 0.603 0.144 0.158 0.337

Mother’s age 26.808 26.794 25.437 25.203 26.581 26.346 26.594 28.2

Number of Children 2.04 2.057 2.164 2.111 2.064 2.166 2.153 1.754

Employed 0.561 0.627 0.495 0.538 0.526 0.592 0.536 0.639

Earnings 582.556 590.174 361.656 423.416 616.74 595.662 491.214 1550.693

Person-Quarter Observations 12817 13140 11781 11382 7866 8118 6336 11197

Individuals 711 730 561 542 437 451 352 953

for care in the previous month from any of: Head Start, regular day care, before- or after-school care, family

daycare, summer programs, or babysitters.

Data used for the SIPP are from the 1992 and 1993 panels. Initial data cleaning is accomplished using

Stata code from the Center for Economic and Policy Research (CEPR, 2014). While a majority of the primary

variables identifying households are consistent between panel years, additional variables from topical modules

are measured differently in each year or recorded under differing variable names. The CEPR code unifies

and aggregates survey questions to a set of consistent variables, in order to construct uniform extracts of

each SIPP panel year. The core sample provides demographic information as well as monthly data on food

stamp and welfare receipt as well as earnings, which are aggregated to quarterly frequency and deflated to

year 2000 USD. A topical module on childcare expenditures offers information on whether paid care is used

and on monthly expenditures. The sample is restricted to unmarried women with children, where marital

status is measured at the individual’s first appearance in the panel.

Table 2.1 provides summary statistics for the final sample.

3 Model

This section describes a flexible empirical model of welfare participation, labor supply, and child development.

3.1 Model Primitives

Time is discrete and indexed by t. One period in the model is equal to one quarter of a year in the data.

The child’s skills are malleable until they reach age 17, corresponding to T = 68 periods, at which point the

investment problem ends. Assume that t indexes the age (in quarters) of the youngest child. When applicable,

dollar units for earnings and welfare receipt will reflect monthly values. Each mother m is characterized by

a permanent and unobserved type, indexed by k(m) ∈ {0, 1, ...,K}. In addition to this latent type, payoffs,

technologies, and constraints depend on a set of observable and unobservable state variables. Observable

state variables are: age of the youngest child (t), state of residence, the local unemployment rate, family
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size, the mother’s age, the calendar year, and (if participating in a welfare-to-work experiment) treatment

status, indicated by Z ∈ {0, 1, 2}, and application status (an ongoing recipient or new applicant). Let A−1

be welfare participation status from the previous period. If an individual is living in a policy environment

with time limits, then they must also track their cumulative welfare receipt, given by ω. Furthermore, let

η ∈ {0, 1, ...,Kη} be a latent, time-varing variable that tracks labor market opportunities. Let χ be a vector

that holds the value of these variables:

χ = {t,StateOfResidence,FamilySize,Year,Unemp,Age, Z,A−1, ω, η}.

Choices and Preferences

In each period, mothers make one of 9 discrete choices, indexed by j, that correspond to combinations of

participation, work, and childcare choices. Let Sj ∈ {0, 1} indicate food stamp participation, Aj ∈ {0, 1}
indicate welfare participation, and let Pj = Sj +Aj ∈ {0, 1, 2} indicate the three possible combinations of no

programs (0), food stamps only (1), and food stamps plus welfare (2). Let Hj ∈ {0, 1} indicate the choice to

work or not work, and (if working) let Fj ∈ {0, 1} indicate whether paid childcare is solicited. In addition

to this discrete choice, the agent splits their net income in period t between private consumption (C) and an

investment good (I).

Mothers value their private consumption, C, and their child’s current stock of attributes, θ. The utility

she derives in any period is given by:

Ukj(C, θ) + ϵj

where:

Ukj(C, θ) = log(C) + αθ,k log(θ)− αH,kHj − αS,kSj − (αA,k + αP (1−A−1))Aj + αF,kFj

and ϵ is a vector of generalized extreme value taste shocks with a nested correlation structure. These are

independently and identically distributed across individuals and time periods. The nesting structure forms

a decision tree with nodes corresponding to first the participation choice, then the work choice, followed by

(if applicable) the childcare choice. The triple (σ1, σ2, σ3) dictates the scale of shocks in each layer of this

tree. Figure 3.1 depicts the nesting structure for these taste shocks. Note the heterogeneous, nonpecuniary

payoffs associated with food stamp participation, work, and paid care use. Note also that the costs of welfare

participation are state dependent : participation is less costly if the individual was participating in the previous

period.

Mothers are forward-looking, discounting the future at rate β. Thus, she values future sequences of

decisions as

Vkt = Et

{
T−1∑
s=t

βs−tUkj(s)(Cs, θs) + βT−tV (θT )

}
where Et is her conditional expectation given information at time t and V is a terminal payoff at time T ,

when the child’s development has concluded, equal to:

(1− β)−1αθ,k log(θT ).

Preferences U are revealed by virtue of the assumption that mothers make their participation, time use,

and investment decisions in order to maximize this expected discounted present value of utilities.
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Figure 3.1: Nesting structure of discrete choice taste shocks

P = 0

H = 0 H = 1

F = 0 F = 1

P = 1

H = 0 H = 1

F = 0 F = 1

P = 2

H = 0 H = 1

F = 0 F = 1

This figure depicts the nesting structure of the taste shocks ϵ, which has three layers. The terminal

nodes of the tree indicate final combinations of choices, while edges leading to common nodes indicate

membership to the same nest when calculating choice probabilities.

Technology and Constraints

There are two relevant technologies in the economy. First, the latent variable η indexes labor market op-

portunities according to the following rules. If η = 0, then this indicates that the individual has no job

opportunities this period and cannot work. If η > 0, then it indexes a position in the distribution of potential

earnings according to:

log(Wk(χ)) = µW,k + βW,1Unempm,t + βW,2Agem,t + σηg(η)

where g(η) indicates a position on a uniform grid on the interval [−1, 1].6.

Net income for the household in any period is then given by:

Yjk(χ) = yk +HjWk(χ) + T (Pj , HjWk(χ), χ)

where yk is (latent) non-labor income and T is a tax and transfer function that depends on the participation

choice, on labor market earnings, on the number of children in the household, and the policy environment

(which is a function of state and treatment status). Appendix C describes how this tax and transfer function

is calculated.

Second, the child’s attributes evolve according to a technology of skill formation with type-specific inital

conditions:

θt+1 = exp(ζ)thetaδθt IδI , θ0 = µθ,k, (3.1)

where ζ is an iid disturbance term. The aggregate investment good I is the outcome of an expenditure

minimization problem with unit price pHj+Fj
that depends on the childcare arrangement for that period,

which can take one of three values: (1) full-time maternal care (Hj = 0, Fj = 0); (2) unpaid care while the

mother is working (Hj = 1, Fj = 0); or (3) paid care while the mother is working (Hj = 1, Fj = 1). The

identification analysis below will establish that only the relative prices can be identified. Furthermore, only

the log of these price ratios will appear in solution concepts and outcome equations. Accordingly, we define:

g1 = − log(p1/p0), g2 = − log(p2/p1).

6To be exact, g(η) = −1 + (η − 1) ∗ 2/(Kη − 1).
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The term g1 can be interpreted as the developmental effectiveness of part-time unpaid care relative to ma-

ternal care, and g2 the effectivess of paid care relative to unpaid care. Section 4 below will clarify these

interpretations.

Paid care is purchased at a price qk(χ) given by:

log(qk(χ)) = µq,k + βq,1Unemp + βq,21{AgeYoungest ≤ 5}+ βq,3FamSize + γl(χ),Z(χ)

where l(χ) indicates one of the three experimental sites and Z(χ) indicates the treatment arm within that

site.

Technologies combine to produce a within-period budget constraint:

C + pHj+FjI + qk(χ)Fj ≤ Ykj(χ).

Transitions

Most state variables (such as those tracking age and year) evolve deterministically according to common

sense rules. The variable η which tracks job opportunies evolves according to the following rules. Recall that

when η = 0 the agent has no job offer, and these arrive for next period with probability λ0,k. If a job offer

arrives, it is drawn from the discrete distribution πo which approximates a normal with mean µo and standard

deviation σo.
7 When η > 0, the individual has a job offer, which can be lost next period with probability δk.

If the job offer is not lost, another job offer η′ is found with probability λ1,k, with η′ drawn from the same

distribution πo. This offer is accepted only if η′ > η.

When living in a policy environment with time limits, cumulative welfare use must be tracked as:

ω′ = max{Ω(χ), ω +Aj}.

When an individual reaches their time limit (ω = Ω(χ)) they are considered ineligble for welfare, implying

that they receive a payment equal only to their food stamp benefit. More details on these calculations can

be found in Appendix C.

3.2 Modeling the Welfare Experiments

The state variable Z ∈ {0, 1, 2} indicates whether an individual has been assigned to treatment, and it effects

the model environment through four channels. First, assignment to treatment (Z > 0) leads to a change in

the calculation of welfare benefits. This is reflected in a change to the net income function Yk through the

transfer function T . Appendix C describes the benefit formulae for all control and treatment groups. This

treatment variation is well-articulated: it appears through known a priori changes to the budget set.

Second, assignment to treatment may entail mandatory employment services (indicated by R(X,Z) = 1).

This has two potential effects. First, an additional term is added to the utility derived from choice j:

−αR(1−Hj)Aj .

This term makes not working while participating in welfare more costly. It can be thought of as an ordeal that

does not contribute to labor market outcomes. Alternatively, for individuals who are participating (Aj = 1)

7The parameterization is: πo(η) = [Φ((g(η) − µo)/σo) − Φ((g(η − 1) − µo)/σo)]/Φ((g(Kη) − µo)/σo) with πo(1) = [Φ((g(1) −

µo)/σo)/σo)]/Φ((g(Kη)− µo)/σo).
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but do not have a job offer (η = 0), these services may increase the probability of finding a job for the next

period to λk,0(R) > λ 0, k. This is captured by a parameter λR, which adds to this probability according to:

log

(
λk,0(R)

1− λ0,k(R)

)
− log

(
λk,0

1− λ0,k

)
= λR.

Third, treatment may lower the cost of childcare by expanding access to subsidies. Any known subsidy to

childcare is well-articulated in this model, but the expansions in the experiments do not amount to a priori

known changes in prices. Hence, these effects are captured by the γ parameters in the formula for childcare

costs, qk(χ).

Fourth, treatment at two sites involves time-limited participation in welfare. This is a known a priori

change to individuals’ dynamic choice sets (as described in the section above) and is hence well-articulated.

The remainder of this section summarizes the treatment components for each site.

CTJF Relative to the control group, a time limit of 7 quarters is introduced along with mandatory em-

ployment services if not working (a work requirement). Changes to benefit formula are such that all income

is disregarded from benefit and food stamp payments, up until the poverty guidelines, at which point benefits

are reduced to zero (see Appendix C).

FTP Relative to the control group, a time limit of 8 quarters is introduced along with mandatory employ-

ment services if not working (a work requirement). Changes to benefit formula are such that the first $200

if earned income is disregarded with 50% of income thereafter (see Appendix C).

MFIP Food stamps and welfare are rolled into one cash grant, and the payment standard is increased by

20%, resulting in a substantial increase in the amount of initial income that is disregarded (see Appendix C).

In treatment arm 1, participants faced mandatory employnet services if not working (a work requirement).

In treatment arm 2, participants were exempt from this requirement.

3.3 Measurement Error

If either labor market earnings or childcare expenditures are positive for individual m, they are observed with

additive and independent normal measurement error:

W o
m,t = Wk(m)(χ) + ξW,m, qom,t = qk(m)(χ) + ξq,m, ξj,m ∼ N (0, σ2

j

Likewise, skills θ are measured with normal additive error. The forthcoming estimation exercise will

alternatively model academic and behavioral skills, and accordingly the measurement system is:

Sl,m = µl + λl
B log(θ)B,m) + λl

C log(θ)C,m + εlm, l ∈ {1, 2, .., 8}

where εl has variance σ2
l and is independent across measures and observations. Section 2 discusses the

8 available measures of skills, and Section 4 clarifies the restrictions on the factor loadings (λ) that are

necessary for identification.

3.4 Model Solution

The dynamic optimization problem can be phrased recursively as:

Vk(χ, θ) = Eϵ max
C,I,j

{
Ukj(C, θ) + ϵj + βEθ′,χ′|χ,j,IVk(χ

′, θ′)
}
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subject to the transition rules, technology, and constraints described in Section 3.1. The state space described

by χ is, in principle, large. A number of simplifications make the problem tractable. First, Appendix A shows

that the function is additively separable in log(θ) as in Del Boca et al. (2014) and Mullins (2022):

Vk(χ, θ) = Ṽk(χ) + αV,t,k log(θ)

where αV,t,k = αθ,k + βδθαV,t+1,k. The simplified dynamic problem defining Ṽ is:

Ṽk(χ, θ) = Eϵ max
j

{
Ũkj(χ) + ϵj + βEχ′|χ,j Ṽk(χ

′)
}

where Ũ is an indirect utility function derived from the solution to the investment problem being linear in

income:

I =
αθ,kΓt

1 + αθ,kΓt

Ykj(χ)

pHj+Fj

which gives:

Ũkj(χ) = (1 + αθ,kΓt) log(Yjk(χ)) + α̃j,k(χ)

and α̃j,k is a choice-specific utility term given by:

α̃j,k = (−αH,k + αθ,kΓtg1)Hj − αS,kSj − (αA,k + αP (1−A−1))Aj + (αF,k + αθ,kΓtg2)Fj .

This expression is simply the non-pecuniary choice payoffs from static utility with two extra terms that

capture how the individual values the dynamic effect that these choices have on future realizations of their

child’s skills. For example, the log of the inverse price ratio g1 captures the short-run developmental benefit

(or cost) of part-time unpaid care relative to full-time maternal care. The term Γt (derived in Appendix A)

scales this short-run effect into a discounted present value payoff, while the heterogeneous term αθ,k scales the

payoff according to how much type k values skill outcomes. The term αθ,kΓtg2 has an identical interpretation.

To further simplify the model solution, note that while χ has many dimensions, only three are either

stochastic or endogenous to the model, these are η (job opportunities), ω (time limits), and A−1 (lagged

welfare participation). Now consider one observation in the data, which fixes an initial age of the mother,

state of residence, and sequences of policy variables, unemployment rates, and family sizes. Assuming these

sequences are known to the agent the model can be solved over the quadruple (η, ω,A−1, k) by backward

induction on t. Thus, the size of the problem is linear in sample size rather than equal to the full space of

cohorts, locations and fertility sequences (which is intractably large).

4 Empirical Content and Identification

This section has three objectives. They are (1) to establish identification of the parameters of the model; (2)

in doing so, demonstrate how experimental variation contributes to identification of key parameters and, (3)

conversely, to show how these parameters determine treatment responses.

Let m ∈ {1, ...,M} index sample mothers in the data, as described in Section 2. Each observation m

consists of a collection (ym,Xm,Sm, Zm) where: ym = {ym,t}Tm
t=1 is a quarterly panel of participation choices,

earnings, and childcare choices and expenditures (when observed); Xm is a vector indicating the data source,

state of residence, family size, education, mother’s initial age, initial age of youngest child, and initial calendar

year;8 Sm is an 8-dimensional vector of skill measures for a focal child in the household; and Zm ∈ {0, 1, 2}
indicates treatment status.

8Time-varying observables such as state unemployment rates and ages are assumed to be known functions of these initial

observables
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Identification of the model’s key parameters proceeds in three steps. The first step relates to identification

of choice probabilities, prices, and transition probabilities for η (which indexes labor market opportunities).

With these in hand, additional parametric restrictions on choice probabilities that are implied by the model

yield identification of preference parameters. In a final step, the model admits an outcome equation for skills

that provides straightforward sources of identification for procuction parameters. Through steps (2) and (3),

the identification analysis in this section also exposits the role that particular parameters play in determining

treatment effects.

4.1 Identification of Choice Probabilities, Price Parameters, and Transition Pa-

rameters

Fixing the obervable components of χ, the earnings and choice outcomes adopt the structure of a hidden

markov model with one permanent latent state (type k) and one time-varying latent state (η). Identification of

outcome and transition probabilities in this setting may come from various sources, including (1) the presence

of observables that sufficiently shift outcome probabilities (Kasahara and Shimotsu, 2009); (2) outcome

probabilities being sufficiently informative (as defined by a rank condition on the emission matrix) with

respect to the hidden state (Bonhomme et al., 2017); (3) or relatively weaker completeness conditions with

a sufficiently long panel (Hu and Shum, 2012). Because of (1) substantial variation in state-specific policies,

local unemployment rates, and randomly assigned welfare policies; (2) 9 observed choices and continuously

distributed observed earnings; and (3) panels at least as long as 16 periods, identification in this setting may

be achieved from any one of these three sources.

4.2 Identification of Preference Parameters

Let pkj(χ) denote the probability that an agent of type k makes choice j when in state χ. The previous

argument identifies these choice probabilities, p, along with price and distribution parameters:

Φ1 = {µW , βW , ση, µq, βq, λ0, λ1, δ, λR}.

Let Φ2,Φ3 be two sets of parameters that, in combination with the above, dictate behavior (and therefore

treatment responses):

Φ2 = {αA, αS , αH , αP }

Φ3 = {αθ,Γt, αR, β, σ1, σ2, σ3, g1, g2}

Finally, in order to distinguish between between non-experimental and experimental sources of variation,

let the state χ be decomposed into the pair (X,Z). Appendix B uses the properties of nested logit choice

probabilities and the model’s finite dependence (Arcidiacono and Miller, 2011) to derive a system of equations

with the following structure:

h0(X,Z;p) = κ0(Φ2,Φ3) + κ1(Φ3)h1(X,Z;p,Φ1) (4.1)

where (h0,h1,κ0,κ1) are known functions. With this structure, identification of the parameters κ0 and κ1

(from which Φ1 and Φ2 can be inverted) is guaranteed by straightforward conditions on sufficient variation

(i.e. rank independence) in h1. In principle, all variation coming from (X,Z) is valid to identify Φ3, but

the expressions also reveal that variation in Z only is sufficient. This in turn illustrates not just how the
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parameters in Φ3 shape treatment effects, but also outlines an alternative minimum distance estimator if a

researcher wished only to use experiment variation to identify these key parameters. The parameters in Φ2

accordingly can be seen as “intercept” parameters that pin down levels, although this can only be said to be

true for the transformation h0, not for the choice probabilities generally.

Appendix B presents each expression in the above linear system, but one example presented here will help

with exposition. Define

p̃k,F (P,X,Z) =
pk(F = 1|H = 1, P, χ)

pk(F = 0|H = 1, P, χ)

as the relative choice probability of using paid care in state χ, conditional on working and conditional on

welfare participation.9 Similarly define

Ỹk,F (X,Z) =
Yk(H = 1, P = 1, X, Z)− qk(X,Z)

Yk(H = 1, P = 1, X, Z)

as the cost of childcare expressed as a proportional reduction in disposable income. Fixing the participation

choice and the work choice places us in the lowest layer of the nesting structure depicted in Figure 3.1,

yielding:

log(p̃k(F,X,Z))︸ ︷︷ ︸
h0

= σ−1
3 (αF,k + αθ,kΓtg2)︸ ︷︷ ︸

κ0

+σ−1
3 (1 + αθ,kΓt)︸ ︷︷ ︸

κ1

(
Ỹk(X,Z)

)
︸ ︷︷ ︸

h1

(4.2)

Note how this expression can be mapped into the first components of (4.1). Also note that variation Z, fixing

X, is sufficient to identify the slope parameter as long as assignment to treatment varies the proportional

cost of using paid care, which can be achieved either through subsidies or benefit formulae.

The other expressions that comprise (4.1) take a very similar form, and rely largely on the relationship

between choice comparisons and the relative financial returns to those choices. However due to the nested

logit structure and the need to difference out dynamic values, choice probabilities also appear and contribute

to identification. While Appendix B explores the expressions in exact detail, the main lessons overall is that

each of σ1, σ2, and σ3 play a role in determining the response of individuals to changes in the financial

payoffs to childcare choices, work, and participation respectively. Furthermore, the discount factor β can be

related directly to the effect of time limits. In a maximum likelihood routine (which this paper employs) any

variation in budget sets and choice probabilities will contribute to identification, but note that a minimum

distance estimator that integrated these expressions over X would identify the parameters in a way that relies

only on treatment responses.10

4.3 Identification of Production Parameters

Skill outcomes are measured only once in the experimental data at either three (MFIP, CTJF) or four (FTP)

years after follow up. Combining the Cobb-Douglas production function with the linear investment rules

yields a linear outcome equation for child skill θ at the time of measurement, t∗:

log(θt∗) =

t∗∑
t=1

δt
∗−t
θ δI (log(Yt) + g1Ht + g2Ft) + δt

∗

θ log(θ1)

where Yt is net income, Ht indicates employment, and Ft indicates paid care use. To simplify exposition, let

us represent this as:

θ̃1 = IB(δ, g) + θ̃0

9For the argument to work, any choice of P is valid
10Appendix B provides more details on this estimator.
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where I is the vector of inputs in each time period suitably arranged and B is the vector of coefficients on

each input. Let l indicate the experiment location of an observation. Random assignment implies that:

E[θ̃0|l, Z] = Cl.

This yields a moment condition:

E[θ̃1 − IB(δ, g)− Cl|l, Z] = 0 (4.3)

that forms the basis of an instrumental variables estimator for the production parameters (δθ, δI , g1, g2).

Identification relies on straightforward rank conditions, in particular that there are sufficiently many location-

treatment combinations to move net income, work, and child care use in a rank-independent fashion. In

contrast to related papers, the coefficient δθ is not identified by persistence in skills, but rather the relative

influence of inputs at different lags. If inputs in the far past are found to be almost as important as inputs

in the previous period, this implies a value of δθ close to 1.

Using the structure of the model implies a moment condition that capitalizes on more variation in inputs.

In particular, letting (k, η1,X) be a triple representing type, the initial value of labor market opportunities,

and observable initial conditions, the Markov structure of the model implies:

E[θ̃0|I, k, η1,X] = E[θ̃0|k, η1,X] = µ(k, η1,X)

yielding a moment condition that relies on the control function µ:

E[θ̃1 − IB(δ, g)− µ(k, η1,X)|y,X, Z] = 0 (4.4)

In other words, conditional on location and the initial conditions k and η, all remaining variation in inputs

(which is driven by future realizations of η and preference shocks) can be used to identify production pa-

rameters. Section 5.3 describes how these moment condtions are imeplemented in practice, using Bayesian

Instrumental Variables.

5 Estimation

Estimation proceeds in two stages. Sections 3 and 4 showed parents’ consideration for skill development when

making their decisions is embodied by the terms αθ,kΓt, g1, and g2 and that these are identified directly by

age-dependent choice probabilities. Although the expression Γt is a known function of deeper technological

parameters, it is simpler to not impose those cross-equation restrictions and simply estimate age-dependent

preferences from the data.11 Thus, a second stage estimates production parameters following estimation of

all other parameters in the first stage.

5.1 Behavioral Parameters and Initial Conditions

Some additional parameters specify the distribution of initial conditions, which is necessary in order to

evaluate the likelihood. The probability that an individual is of type k, conditional on observables measured

at the beginning of the sample, takes a multinomial logit specification:

P [k(m) = k|Xτ,m] =
exp (Xτ,mβτ,k)

1 +
∑K

j=2 exp (Xτ,mβτ,j)

11This does require a normalization of the scale of Γt, which is achieved by imposing Γ0 = 1. In practice, it is approximated as a

polynomial in age, Γt = exp(βΓ,1t+ βΓ,2t
2).
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Table 5.1: Preference Parameter Estimates

Type-Specific Parameters

Type αH αA αS αF αθ y

k = 1 -0.63 -0.34 -0.66 0.18 0.32 229.71

(0.12) (0.03) (0.07) (0.22) (0.00) (38.63)

k = 2 -1.01 -0.46 0.21 0.85 0.28 627.79

(0.15) (0.03) (0.02) (0.28) (0.00) (69.32)

k = 3 -0.97 -1.14 0.95 1.17 0.23 1105.14

(0.15) (0.08) (0.08) (0.34) (0.00) (122.96)

k = 4 0.10 -1.04 1.05 -0.99 0.18 147.67

(0.19) (0.08) (0.09) (0.12) (0.00) (22.71)

k = 5 -1.07 -1.82 1.73 0.20 0.17 1979.23

(0.20) (0.16) (0.16) (0.16) (0.00) (308.73)

Global Parameters

β σ3 σ2 σ1 αR αP

0.34 1.16 0.56 0.34 0.04 1.63

(0.05) (0.24) (0.04) (0.03) (0.02) (0.15)

This table presents estimates of the model’s preference parameters from the maximum likelihood

procedure. Parentheses report standard errors.

with βτ,1 normalized to zero. The vector Xτ,m is a set of experiment location dummies interacted with a

constant, two education dummies, household size, county dummies, and a dummy indicating if the individual

is a new applicant. The initial distribution for η, πη,0, is specified non-parametrically conditional on type,

applicant status, and experimental site. For sample observations from the SIPP, η is assumed to be initially

drawn from the stationary distribution.

The first stage estimates all parameters dictating preferences, prices, transitions, and initial conditions

via Maximum Likelihood. An Expectation-Maximization routine produces these estimates and can tractably

handle the many latent state variables. Appendix D provides more details and write the likelihood formally.

For estimation, the model takes values of K (the number of types) equal to 5 and Kη (the number of grid

points for η in adition to η = 0) equal to four.

5.1.1 Discussion of Estimates

Tables 5.1, 5.2, and 5.3 each respectively report estimates of parameters governing preferences, transitions,

and prices. While the particular interest of this paper is in specific counterfactuals that depend on all

parameters in combination, rather than any single parameter, several specific results are worth discussion.

First, recall that the model permits latent heterogeneity in participation costs (αA, αH , αS , αF ), labor market

productivity (µW,k), and labor market risk (λ0, λ1, δ). According to these estimates, the data suggest very

rich heterogeneity in each of these dimensions. Of particular note are striking differences in productivity

(see the type coefficients in Table 5.3) and risk (Table 5.2). For example, estimates suggest that although
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Table 5.2: Transition Parameter Estimates

Type-Specific Parameters

Type λ0 λ1 δ

k = 1 0.15 0.53 0.11

(0.00) (0.03) (0.00)

k = 2 0.19 0.74 0.10

(0.01) (0.04) (0.00)

k = 3 0.16 0.48 0.27

(0.00) (0.03) (0.01)

k = 4 0.06 0.66 0.02

(0.00) (0.03) (0.00)

k = 5 0.08 0.24 0.05

(0.00) (0.02) (0.00)

Global Parameters

µo σo λR

-0.43 0.88 0.42

(0.02) (0.02) (0.04)

This table presents estimates of the model’s transition parameters from

the maximum likelihood procedure. Parentheses report standard errors.

type 5 is subsantially more productive in the labor market than type 1, they find job opportunities while

unemployed at half the quarterly rate, and find new job opportunities while working at half the quarterly

rate. This implies that while these workers accept higher wages initially, they enjoy slower earnings growth

while working. Moreover, conditional on having a job, they are half as likely to lose it compared to type 1

individuals. Similarly, while type 1 and type 3 workers are equally productive, type 3 workers are twice as

likely to lose their job and therefore face more substantial wage risk.

Also of note are the parameters αR and λR, which embody the two mechanisms through which mandatory

services may effect behavior: work requirements could simply make not working more costly while partici-

pating in welfare, or they may assist in job search by increasing the rate at which opportunities are found.

Estimates in Table 5.1 and 5.2 indicate that these services work through the latter channel, and in fact quite

substantially increase the rate at which new job opportunities arrive.

Finally, note the extremely high rate of discounting implied by an estimate of β equal to 0.34 (Table 5.1).

It implies an annual rate of discounting close to 99%, much higher than typically calibrated values of 2-5%.

Such a high rate of discounting may be due to present bias (Chan, 2017) or lack of access to credit markets.

5.1.2 Examining Selection Across Sites

An important feature of the welfare-to-work experiments is that they selected explicitly on the application

status of individuals: the sampling frame was all individuals applying or re-applying for cash assistance.

While this is a natural criterion for evaluating welfare-to-work, it creates a challenge to external validity if
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Table 5.3: Price Parameter Estimates

Wages Childcare

Type 1 5.62 5.05

(0.02) (0.23)

Type 2 5.92 4.83

(0.02) (0.27)

Type 3 5.64 4.30

(0.02) (0.43)

Type 4 6.27 5.33

(0.02) (0.23)

Type 5 6.83 5.44

(0.02) (0.28)

Unemployment Rate -0.06 -0.03

(0.00) (0.03)

Age 0.00 -

(0.00)

Num. Kids - 0.12

- (0.02)

Youngest ≤ 5 - 0.04

- (0.05)

FTP Control - 1.35

- (0.17)

FTP Treat - 1.37

- (0.17)

CTJF Control - 1.29

- (0.17)

CTJF Treat - 1.32

- (0.18)

MFIP Control - 1.22

- (0.18)

MFIP Treat - 1.33

- (0.18)

MFIP Incentives - 1.36

- (0.18)

Measurement error (std. dev) 0.60 1.50

(0.00) (0.13)

This table presents estimates of the model’s price parameters from the

maximum likelihood procedure. Parentheses report standard errors.
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Figure 5.1: Evidence of Selection in Experiments
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This figure depicts the frequency distribution of types (k) and initial wage shock

(η) for the SIPP and for all experimental samples. These are weighted frequencies

using the posterior weights over latent states at the estimates. For example: P̂[η1 =

kη |Experiments] =
∑

m qm1(kη)/
(∑

m

∑
η qm1(η)

)
where the sum is taken over all

observations m in the three experimental datasets, and the posterior weight qm1 is

defined in Appendix D.

one wants to forecast the effect of the same policies on the population at large. Relative to this population, the

experimental sampling frame is likely to oversample particular individuals at specific points in their lives. By

flexibly estimating initial probabilities and by including data from the SIPP, the estimated model can speak

directly to the extent of this selection. Table E.1 in Appendix E reports the estimated coefficients that dictate

initial type probabilities. Due to the large dimension of πη,0 the initial distribution of job opportunities, Figure

5.1 aggregates these joint distributions across sites to provide a simpler comparison to the SIPP sample. The

Figure documents quite striking patterns of selection by both type and job opportunities. The experiments

oversample low types and individuals experiencing temporarily low wage opportunities.

5.1.3 In Sample Model Fit

Figure 5.2 shows that the model fits choice probabilities and earnings outcomes very well across sites and

groups of applicants. One feature of interest is that the model can replicate the “U-shape” treatment effect

in employment outcomes that is common to many welfare-to-work evaluations that involve mandatory em-

ployment services. All of these studies tend to show an initial increase in employment that fades out over

time (Greenberg et al., 2004). This is consistent with these services increasing the job-finding rate for those

participating in welfare, leading to an initial increase in employment that fades out over time as control group
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Figure 5.2: In-sample Model Fit
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This figure shows the model’s “ex-post” fit of choice probabilities and earnings. The top panel shows the fit of quarterly welfare participation

(AFDC), the middle panel shows monthly earnings in year 2000 $USD, and the bottom panel shows quarterly employment rates. Each is

calculated using the posterior distribution over latent states given the estimates. For example, define qm,t(χ, k) = P[χ, k|ym, Xm, Θ̂], then

predicted employment for group G in period t is equal to:
∑

m∈G

∑
k,χ

∑
j 1{Ej = 1}pkj(χ)qm,t(χ, k)/

(∑
m∈G

∑
k,χ qm,t(χ, k)

)
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Figure 5.3: Out-of-sample Model Fit
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This figure compares average welfare participation (AFDC), earnings, and employment for new

applicants in the treatment gruop in Manchester (CTJF), Anoka (MFIP), and Dakota (MFIP)

counties. Ribbons indicate 95% confidence intervals for population means in each period.

members also eventually find work, albeit at a slower rate than those with access to services.

5.1.4 Out of Sample Model Fit

Following the literature (Todd and Wolpin, 2023), the estimation sample excludes members of treatment

groups who are new applicants in the CTJF and MFIP experiments from Manchester, Anoka, and Dakota

counties. Figure 5.3 validates the model by comparing its prediction for employment, welfare participation,

and earnings for members of these three out-of-sample groups. These predictions are largely within the 95%

confidence intervals of each group and match the patterns of outcomes very well.

5.2 Assessing the Contribution of Experimental Variation

The identification analysis in Section 4 argued that treatment variation is particularly crucial for identifica-

tion of the discount factor β as well as treatment specific parameters αR and λR which captured treatment

components that are not otherwise well-articulated (i.e. replicated by equivalent variation) inside the model.
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Figure 5.4: Predicted Treatment Effects for Full Sample vs Control Group Only
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This figure compares the model’s predicted treatment effects on welfare participation (AFDC), earn-

ings, and employment for two sets of estimates. The first set is the full sample described in the paper

and used elsewhere in quantitative exercises. The second set relies on estimates taken only from the

control groups for the experiments and from the SIPP.

Furthermore, the analysis showed that treatment effects should contribute to the identification of the disper-

sion parameters (σ1, σ2, σ3) which dictate the responsiveness of individuals to changes in welfare generosity,

work incentives, and childcare prices. In order to establish the important role played by experimental varia-

tion, this section presents results from an estimation exercise that uses only the control group and compares

predictions for treatment effects as well as these key parameter estimates.

Figure 5.4 compares predicted treatment effects for each site and treatment arm from the baseline esti-

mated model to the version estimated only on control groups. Most strikingly, there are large differences in

predictions for participation in each treatment with time limits (CTJF and FTP) and for earnings and em-

ployment in treatments with work requirements (CTJF, FTP, and arm 1 of MFIP). An obvious conclusion is

that for predicting treatment effects the experimental variation in the data is quite crucial. The differences in

prediction for arm 2 of MFIP, which features only changes in the benefit formula, are much less pronounced,

though still evident. Nonetheless, the existence of articulated variation in this dimension appears to reduce

the need for experimental variation to predict policy effects.

Table 5.4 reports estimates of the parameters that the identification argued were key for responses to

treatment. Echoing the large differences in treatment response to time limits, we see a large difference in β

when estimated using treatment data (0.34) compared to without (0.94). Section 4 argued that this parameter

was key for determining the response to time limits. Table 5.4 also reports quantitatively important differences
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Table 5.4: Key Parameter Estimates for Full Sample vs Control Group Only

β σ3 σ2 σ1

Control Group Only 0.94 1.86 0.95 0.78

(0.00) (0.13) (0.03) (0.01)

Full Sample 0.34 1.16 0.56 0.34

(0.05) (0.24) (0.04) (0.00)

This figure compares model estimates of key elasticity parameters for two sets of estimates. The

first set is the full sample described in the paper and used elsewhere in quantitative exercises. The

second set relies on estimates taken only from the control groups for the experiments and from the

SIPP.

in the dispersion parameters σ, suggesting that the experimental variation makes an important contribution

to identification of these parameters, even though there is plenty of existing variation in control group data

to identify them.

5.3 Production Parameters

Adopting a scale normalization that V[θ̃B ] = V[θ̃C ] = 1 in the CTJF population, a minimum distance

routine estimates the measurement parameters (λk
B , λ

k
C , σ

2
k)

8
k=1 by minimizing the distance between estimated

variance-covariance matrices for the vector of skills S at each experiment site and those implied by latent

variances, covariances, and measurement parameters. Table 5.5 reports the estimates from this procedure.

The estimates suggest that the dedicated measurements each load meaningfully on their respective skills, while

the composite measurements (engagement, grade repetition, and suspensions) appear to load meaningfully

on both skills.

The estimated parameters then allow for the computation of a pair of factor scores (SC , SB) that are each

equal to (θ̃C , θ̃B) with an independent disturbance term. Making this substitution for θ̃ in equation (4.3)

gives:

E[Sj − IB(δ, I)− Cl|Z, l] = 0.

Similarly, equation (4.4) becomes:

E[Sj − IB(δ, g)− µ(k, η1,X)|y,X, Z] = 0.

To reiterate the arguments made in Section 4.3, estimation with the former moment condition uses only

variation in inputs driven by assignment to treatment at the different experiment locations, while the latter

moment condition uses any variation in inputs conditional on initial conditions determined by (k, η1,X). In

the model this variation comes from realizations of η (job opportunities) and ϵ (preference shocks).

A Bayesian approach to using these moment condition enables the imposition of some weak priors on

the parameters δI , δθ, g1, g2, which circumvents well-known issues with weak instruments. It is also useful

for quantifying the information (by comparing posterior to prior) that is present in the particular source of
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Table 5.5: Parameter Estimates for the Measurement of Skills

Measure λm
B λm

C σ2
m

BPI-Externalizing -3.70 - 5.86

(0.14) (1.23)

BPI-Internalizing -2.32 - 7.55

(0.08) (0.91)

Positive Behavior Scale 6.49 - 63.34

(0.23) (23.84)

School Engagement 0.16 0.96 2.03

(0.14) (0.14) (0.10)

Ever Repeat Grade 0.79 -0.80 0.04

(0.25) (0.25) (0.00)

Ever Suspended -0.05 -0.05 0.08

(0.02) (0.02) (0.00)

School Achievement - Parent - 0.51 0.72

(0.03) (0.02)

School Achievement - Teacher - 0.42 1.29

(0.06) (0.09)

This table reports minimum distance estimates of the measurement parameters introduced in Section

4.3. The minimum distance criterion uses the full set of variances and covariances with a diagonal

weighting matrix containing the inverse of bootstrapped variances for each statistic. Parentheses

report standard errors, which are calculated using a bootstrapping routine with 100 replacement

samples.
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Figure 5.5: Posterior Distributions for δI
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This figure shows posterior distributions for δI using the two approaches described in the text. Distributions are

calculated from 10,000 samples drawn from the No-U-Turn Hamiltonian Monte Carlo Sampler (Hoffman et al.,

2014). See Appendix D.2 for more details.

variation being used. Appendix D.2 provides more details on how to adapt these moment conditions into a

Bayesian setting, on sampling techniques, and on the priors specified for key parameters.

Figure 5.5 depicts the posterior distributions for δI , which determines the effect of net income on future

skills, for each of the two estimation strategies. The IV estimator produces larger estimate for δI with

much more uncertainty. The averages of the posteriors for behavioral skills, for example, are 0.01 and 0.21

respectively. While this is a large discrepancy, the control function estiamate still lies comfortably within

the set of likely values according to the IV posterior. It is not straightforward to benchmark either value

with prior estimates in the literature, but some back of the envelope calculations are available. A value of

δI = 0.2 implies that an increase in net monthly income from $400/month to $480/month would result in

a 3.5% of a standard deviation increase in behavioral skills over the quarter. Expressed in annual terms,

this is 14% of a standard deviation for $1000 in additional annual income. This is substantially larger than

comparable numbers from Akee et al. (2018).12 Using the control function estimate, the calculation is close

1% of a standard deviation in annual terms, and is substantially smaller.

Figures 5.6 and 5.7 show a similar pattern for g1 and g2, with IV estimates exhibiting larger magnitudes

but also a large degree of imprecision. As with δI , the control function posteriors for each parameter sit

comfortably inside the range of values considered reasonable by the IV posterior. The control function

estimates are centered around zero, suggesting that non-maternal unpaid care has neutral developmental

12Combining the total effect on behavioral skills from Table 3 of that paper with the average effect of the treatment (cash rebates

from Casinos) on income in Table 2, suggests around 3% of a standard deviation in behavioral skills for an additional $1000 in

annual income.
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Figure 5.6: Posterior Distributions for g1
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This figure shows posterior distributions for g1 using the two approaches described in the text. Distributions are

calculated from 10,000 samples drawn from the No-U-Turn Hamiltonian Monte Carlo Sampler (Hoffman et al.,

2014). See Appendix D.2 for more details.

effects relative to full-time maternal care.

Most notable is the posterior for g2 for both academic and behavioral skills, which is centered comfortably

to the left of zero. The posterior mean estimate for behavioral skills is -0.069 with a 95% credible interval of

[−0.13,−0.014]. The mean estimate implies that the choice to use paid care instead of unpaid care, all else

being equal, leads to a 6.9% of a standard deviation decrease in behavioral skills. The interval bounds strongly

suggests that the paid care that mothers use when working leads to worse development outcomes compared

to unpaid care. In interpreting these results it is important to note that it is very difficult to adequately

model the true heterogeneity in availability and quality of paid care that parents face. One interpretation

of the result that g2 < g1 is that unpaid care is more likely to come from parents and other relatives and

that paid care is only used when those (superior) options are not available. While the data are inadequate

for thoroughly investigating this possibility, a final estimation exercise in this section will attempt to at least

partially address it.

Overwhelmingly, estimates of the technology of skill formation suggest that skills are highly persistent over

time (Cunha and Heckman, 2008; Cunha et al., 2010; Del Boca et al., 2014). Contrary to this evidence, the

control function and IV posteriors here agree that δθ (which in principle determines persistence) is less than

0.5, with a posterior mean estimate of 0.22 and a 95% credible interval of [0.01, 0.61]. While this certainly

conflicts with prior evidence, the discrepancy is likely due to the very different source of identification for

this parameter. Without an initial measure of skill outcomes, there is no direct source of identification for

persistence. δθ is instead identified by the influence of inputs in past periods relative to inputs in more recent

periods. A small estimate for δθ suggests that measures of inputs from as many as 3 quarters prior have
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Figure 5.7: Posterior Distributions for g2
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This figure shows posterior distributions for g2 using the two approaches described in the text. Distributions are

calculated from 10,000 samples drawn from the No-U-Turn Hamiltonian Monte Carlo Sampler (Hoffman et al.,

2014). See Appendix D.2 for more details.
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This figure shows posterior distributions for δθ using the two approaches described in the text. Distributions are

calculated from 10,000 samples drawn from the No-U-Turn Hamiltonian Monte Carlo Sampler (Hoffman et al.,

2014). See Appendix D.2 for more details.

almost no predictive power conditional on more recent periods. If variation in inputs is not sufficiently rich

in the panel dimension then it may simply be difficult to effectively identify δθ. In light of this, it is most

sensible to interpret estimates of δθ as a statement about how quickly the developmental effects of these

inputs (and income in particular, since it is measured every period) may fade out over time. It is possible

to rationalize this result with the broader literature by allowing for additional dimensions of cognitive and

behavioral skills that have different input sensitivities and levels of persistence. This would relax the cross-

equation restrictions between persistence in measured skills and the influence of inputs at different lags. This

cannot be explored in these data, but is a promising objective for future research.

Returning to the estimates of the pair (g1, g2) which parameterize the ceterus paribus developmental effect

of particular childcare choices, there is a concern that they are likely confounded by latent differences in the

availability and quality of care options. While it is not possible to deal with this in a completely satisfactory

way, it is possible to explore the mechanism by estimating type-specific values of g1 and g2. Figure 5.8 shows

the posterior distributions using the control function approach to derive an approximate likelihood. The

posteriors provide preliminary evidence that there is indeed meaningful latent heterogeneity in the quality of

unpaid care relative to maternal care, and paid care relative to unpaid care. In some cases the evidence for

differences across types is quite strong. For example, the posterior probability that g1,2 > g1,5 is 92.6%.

Differences in the parameters across types do not appear to show any systematic ranking by productivity

(as measured by µW,k) or child care expenditures (as measured by µq,k). For example, types (1) and (3) are

equally productive in the labor market, but their posterior means for g1 are 0.019 and -0.094. Furthermore,

the posterior probability that g1,1 lower than g1,3 is small, at 11.3%. This suggests (perhaps unsurprisingly)

that the quality and/or availability of unpaid care options varies in ways that are independent of financial

resources. Similar comparisons can be made for g2. Types (1) and (4) have similar posteriors for g1, and type
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Figure 5.8: Posterior distributions for g1,k and g2,k
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This figure shows posterior distributions for g1,k and g2,k using the control function approach described in the text. Distributions are calculated

from 10,000 samples drawn from the No-U-Turn Hamiltonian Monte Carlo Sampler (Hoffman et al., 2014). See Appendix D.2 for more details.

(4) has higher average childcare expenditures, but there is very marginal evidence (a 63% posterior chance)

that this care is worse for type (4) than for type (1). The results overall emphasize that there are important

latent availability and quality choices that drive differences in the developmental costs of otherwise identical

seeming care arrangements. 13

6 Counterfactuals

The estimated model provides quantitative lessons that are not available without taking a theoretical lens

to the experimental evidence. Two counterfactuals in particular demonstrate the utility of using the model

to aggregate available evidence. The first counterfactual unbundles the varied components of treatment and

examines the contribution of each component to the overall impact by implementing them one by one with the

estimated model. The second counterfactual simulates each experiment on the representative SIPP sample,

thereby overcoming the challenge of forecasting the effects of these policy reforms on the population at large

when only the effects on a highly selected sample are known.

In all counterfactuals, the estimated model can likewise forecast impacts on child development outcomes

and maternal welfare (as measured by equivalent variation in per-period consumption at the time of random

13Other work (Garcia-Vazquez, 2023; Griffen, 2019) shows promise in capturing these rich dimensions of heterogeneity using the

birth cohort of the Early Childhood Longitudinal Study.
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assignment). To forecast development outcomes, the counterfactual uses the posterior from the control

function approach allowing for type-specific values for (g1, g2). With regards to welfare, Table 6.1 reports

that the full treatment at each site led to welfare gains equivalent to 0.37% (FTP), 5.49% (CTJF), and 2.06%

(MFIP) of consumption in each period. Of these, only the latter two have 95% credible intervals that do

not contain zero. The credible intervals for forecasted impacts on cognitive and behavioral skills all contain

zero, with the exception of behavioral skills in MFIP. Overall, this suggests ambiguous impacts on child

skill outcomes, which reflects findings in the data across child outcomes and sites (Bloom et al., 2002, 2000;

Gennetian and Miller, 2000).

6.1 Unbundling Treatment Components

Figure 6.1 and Table 6.1 report the results of the decomposition exercise for the three main components of

treatment: time limits, changes to benefit formulae (incentives), and work requirements. All three components

are present in the CTJF and FTP experiments, while MFIP only altered incentives and work requirements

(for one arm only). Time limits in CTJF and FTP differ slightly (24 vs 21 months) but are otherwise

comparable.

Time Limits

Figure 6.1 shows that time limits have a large effect on participation, with only a very small positive effect on

employment. These operate with some delay, due to individuals’ high discount rates: the tradeoffs associated

with benefit usage only become relevant when individuals get close to exhausting their entitlement. The fact

that there is only a small effect on employment when indviduals start reducing their participation suggests

that income effects on employment are quite small and that, contrary to the motivation of these experiments,

discouraging welfare participation does not necessarily lead to increases in employment. The model also

predicts that the effects of time limits at the CTJF site are in fact larger than at FTP, underscoring the

importance of initial distributions of types and labor market opportunities in determining the effect of identical

treatments across sites.

Table 6.1 suggests that time limits, which reduce income and marginally increased employment, had

little to no effect on skill outcomes or welfare. The negligible effect on welfare is explained by high rates of

discounting: at random assignment, very little weight is placed on reductions in welfare entitlements that are

at least two years in the future.

Work Requirements

This counterfactual demonstrates (see Figure 6.1) that work requirements are almost entirely responsible for

the increase in employment across sites, matching very well the forecasted impact of the full treatment at each

site. Although reducing participation through time limits does not have much of an effect on employment,

these results indicate that increasing employment can conversely have a moderate effect on participation,

which decreases by as much as 5 percentage points 5 years after random assignment.

Table 6.1 reports negative effects on skill outcomes and welfare, with credible intervals that contain zero

in all but on case. Participants in MFIP appear to experience welfare losses (point estimate is a loss of

0.8% in consumption equivalent terms). This is likely from the “punitive” dimension of work requirements,

embodied by the nonpecuniary cost parameter αR.
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Financial Incentives

Financial incentives lead to increases in participation and small increases in employment that fade out over

time in CTJF and MFIP. When interpreting these effects, it is worth reiterating that the changes in benefit

formulae are quite different across sites (see Appendix C). Each reform is designed to increase the amount of

earnings that is disregarded when deducting net income from the benefit standard. In FTP, the first $200 is

disregarded (up from $120) and 50% of income thereafter (up from 33 %). In CTJF, 100% of earnings are

disregarded in the calculation of welfare and food stamp benefits jointly, up to the poverty guideline, before

dropping to zero. In MFIP, food stamp and welfare benefits are folded into one cash grant, for which 38% (up

from 33%) of income is disregarded, and a substantial amount of initial earnings is disregarded completely

by increasing the benefit standard by 20%.14

The effect across all three sites is that a substantial number of individuals are able to benefit from

combining welfare with work. However as participation rates among this group of individuals declines, the

effect on those that remain (who face higher work costs and fewer employment opportunities) is closer to

zero. The limited impact on employment in FTP, despite a large increase in the rate of income disregards,

suggest that a full disregard on the initial portion of income may be more effective.

A (potentially) unanticipated consequence of these policies is that they lead to a more persistent increase

in participation. Individuals who would otherwise not find it worthwhile to participate in welfare now do

so because participation while working is more rewarding. At the CTJF and FTP sites, the counterfactual

reveals that time limits work to counteract this effect.

Table 6.1 indicates that these changes in benefits are the main driver of welfare increases from being

assigned to each treatment, yielding consumption equivalent gains that exceed those from the full treatment.

6.2 Forecasting Treatment Effects on a Representative Sample

The previous exercise offers insights into how different components of the treatment acted on the experimental

populations to produce observed impacts, with some policy lessons about which components are most effective

in increasing employment and reducing welfare participation. However, because the impacts are forecast

exclusively on a specific population —welfare applicants and ongoing participants —it is unclear how these

lessons can be extrapolated to impacts on the general population. The counterfactual in this section applies

the treatment of each experiment on the SIPP sample, which is taken as a representative sample of single

mothers. Relative to the experiments, the SIPP sample differs in terms of the initial distribution of both types

(determined by the selection parameters βτ and distribution of initial demographics) and job opportunties

(which are assumed to be drawn from the stationary distribution).

Figure 6.2 depicts dynamic treatment effects on employment and welfare participation and Table 6.2

reports impacts on welfare and skill outcomes. Most strikingly, treatment impacts at the sites involving time

limits (CTJF and FTP) are less than half the size of treatment impacts on the selected sample. The relative

size of the impact is consistent with the fact that individuals in the broader population are less reliant on

welfare generally. For MFIP, the effect on participation is larger for the representative sample, indicating

that individuals in the general population who would otherwise not participate in welfare are opting in due

to an increase in the financial payoff to combining welfare with work. That this effect is larger than for the

selected sample speaks to the time-varying dimension of selection: the experiment oversamples individuals

14All income is disregarded so long as the maximum benefit is less than the payment standard minus net income.
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Figure 6.1: Treatment Effects by Individual Treatment Component
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This figure depicts the model’s predicted impact on welfare participation (AFDC) and employment when components of the treatment are

implemented in isolation. Ribbons indicate 90% confidence intervals calculated using 75 bootstrap samples.
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Table 6.1: Treatment Effects

FTP

Treatment Incentives Only Work Requirements Only Time Limits Only

Behavioral Skill -7.27 -0.29 -7.33 -0.10

[-18.95, 16.09] [-1.74, 0.30] [-18.99, 16.19] [-0.99, 0.88]

Cognitive Skill -3.05 0.01 -2.91 -0.38

[-14.19, 15.37] [-0.51, 1.33] [-14.10, 15.58] [-1.56, 0.50]

CEV 0.37 0.67 -0.32 -0.00

[-18.98, 5.06] [-31.05, 0.50] [-0.72, 21.99] [-0.01, 0.13]

CTJF

Treatment Incentives Only Work Requirements Only Time Limits Only

Behavioral Skill -7.02 -2.72 -5.26 -0.00

[-22.80, 1.96] [-7.08, 0.15] [-18.04, 2.31] [-0.84, 0.74]

Cognitive Skill 0.02 0.28 -0.37 -0.20

[-9.62, 10.33] [-3.61, 3.74] [-9.33, 8.54] [-1.14, 0.70]

CEV 5.49 5.97 -0.59 -0.00

[3.16, 6.25] [3.46, 6.36] [-1.44, 0.44] [-0.02, -0.00]

MFIP

Treatment Incentives Only Work Requirements Only Time Limits Only

Behavioral Skill -13.65 -1.68 -11.71 0.00

[-33.46, -6.41] [-4.06, 0.04] [-29.25, -5.55] [0.00, 0.00]

Cognitive Skill -3.68 -0.01 -3.61 0.00

[-17.56, 5.90] [-2.05, 1.79] [-12.31, 4.67] [0.00, 0.00]

CEV 2.06 2.80 -0.80 0.00

[-0.19, 2.77] [1.38, 2.90] [-1.53, 0.43] [0.00, 0.00]

This table reports the model’s predicted impact on behavioral skills, cognitive skills and welfare (as measured by CEV: consumption equivalent

variation) when components of the treatment are implemented in isolation. Square brackets indicate 90% confidence/credible intervals calculated

using 75 bootstrap samples.
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Figure 6.2: Treatment Effects for the Experiment (Selected) and Representative (Non-Selected) Samples
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This figure depicts the model’s predicted treatment effects on welfare participation (AFDC) and employment when using the estimated initial

distribution at each site (selected) and when using the estimated initial distribution in the SIPP (non-selected). Ribbons indicate 90% confidence

intervals calculated using 75 bootstrap samples.

who have experienced negative labor market shocks and who are otherwise less likely to be enticed by these

financial incentives. Some of this selection is also due to the positive impact that services have on job arrival

rates. Unemployed individuals are more likely to enroll and use these servies, leading to a persistent and

economically significant increase in employment of about 4.5 percentage points. This effect is robust across

sites, illustrating that work requirements introduce a permanent interplay between welfare participation and

job search.

Each welfare reform leads to positive and signicant welfare gains in the general population, which the

previous counterfactual exercise suggests is driven largely by increases in benefit generosity. More striking

—and contrasting with the experimental evidence —is that all reforms are predicted to have negative impacts

on the behavioral skills of children in the general population. The negative results here reflect the fact that

in the general population, the care options used while working are more likely to have a negative impact

compared to the experiment populations. Importantly, this counterfactual result helps rationalize differences

between the experimental findings and those of other papers using representative samples (Bernal and Keane,

2010; Mullins, 2022; Agostinelli and Sorrenti, 2018).

33



Table 6.2: Treatment Effects

FTP CTJF MFIP

Behavioral Skill -10.00 -12.10 -12.25

[-36.32, -3.09] [-44.14, -3.94] [-43.65, -4.52]

Cognitive Skill -2.84 -4.03 -3.65

[-12.38, 5.16] [-14.97, 5.94] [-14.20, 5.82]

CEV 1.19 2.80 2.03

[0.83, 1.53] [2.36, 3.19] [1.60, 2.42]

This table reports the model’s predicted impact on behavioral skills, cognitive skills and welfare (as measured by CEV: consumption equivalent

variation) when using the estimated initial distribution at each site (selected) and when using the estimated initial distribution in the SIPP

(non-selected). Square brackets indicate 90% confidence/credible intervals calculated using 75 bootstrap samples.

7 Conclusion

When faced with a body of experimental evidence, an economic model has proved itself useful in interpreting

the data for the sake of policy lessons through counterfactuals and normative calculations. The particular

example used here —welfare-to-work evaluations —is ideal because many of the treatment components are

well-articulated inside the model environment, while others are intuitively parameterized. While experimental

evidence is often useful for validating economic models, this paper emphasises the utility these models have

for aggregating evidence, and introduces a quantitative and conceptual approach for thinking about the

contribution of experimental variation to the identification and estimation of key causal parameters. The

model’s ability to unbundle treatments into individual components and forecast policy effects on broader

populations both provided unique policy lessons that are not available in a model-free empirical analysis of

treatment effects. For example, while there is no strong evidence for negative skill effects of welfare reform

among the experimental participation, the estimated model has more troubling implications for that same

reform on the general population.

While this paper has applied the structural approach to a meta-analysis of experiments, the methdology

is certainly not limited to that environment. Very large bodies of nonexperimental evidence on important

policy problems exist with little effort on the part of researchers to formally put this evidence together for

policy lessons. The structural meta-analysis approach offers a promising tool for interpreting and aggregating

according to the vision of Frisch (1933).
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A Details of Model Solution

The additive representation can be shown by taking the form of the solution as given, and showing that

the recursion preserves this relationship. Note that in the terminal period, the value function is simply

VT (θ) = (1− β)−1αθ,k log(θ) and so this form holds at T . We have:

Vk,t(χ, θ) = Eϵ max
C,I,j

{
Ukj(C, θ) + ϵj + βEχ′|χ,θ[Ṽk,t+1(χ

′)] + βαV,t+1,k(δI log(I) + δθ log(θ))
}

where we have written θ′ already in terms of I and θ. Fixing the discrete choice j fixes net income, Ykj(χ)

and conditional on this choice the optimal investment problem has a simple solution:

pHj+Fj
I =

βδIαV,t+1,k

1 + βδIαV,t+1,k
Ykj(χ)

which can be substituted into the problem above to get:

Vk,t(χ, θ) = Eϵ max
j

{
Ũkj(χ) + ϵj + βEχ′|χṼk,t+1(χ

′)
}
+ αV,t,k log(θ)

where αV,t,k = αθ,k + βδθαV,t+1,k as in the main text and indirect utility Ũ takes the form in the main text.

Note that αV,t is scaled uniformly by αθ,k and so it can be rewritten as:

αV,t,k = αθ,kΓ̃t, Γ̃t = 1 + βδθΓ̃t+1.

Accordingly, Γt from the main text is defined as Γt = δIβΓ̃t+1.

B Identification

This section derives the expressions that comprise the linear system in equation (4.1). The system is four

dimensional, corresponding to five choice comparisons: (1) using paid care vs not, conditional on participation

and work; (2) working vs not, conditional on participation; (3) participating in welfare vs not, assuming no

time limit; (4) participating in welfare vs not, assuming a time limit; and (5) participating in food stamps vs

no participation.

In what follows, it is useful to recall that the following fact about nested logit choice probabilites. Consider

the log-odds ratio for choosing nest B1 vs nest B2:

log (P(B1)/P(B2)) = σ−1
l (V1 − V2)

where Vb is the inclusive value of choosing this nest and σl is the dispersion parameter for choices across nests

in this layer, l. The inclusive value Vb can likewise be written as:

Vb = Vj − σl+1 log(P(j ∈ Bb))

where Vj is the value of making choice j. This could be a final value if j is a single choice, or an inclusive

value if j is another nest.

It will also be useful to define the concept of finite dependence (Arcidiacono and Miller, 2011). A model

exhibits finite dependence if for any two choices there exists a sequence of future choices that returns the

individual back to the same distribution of state variables. When this is the case, the formula above can

be applied iteratively until the period at which the states are in the same distribution, at which point the
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difference in the values of the two options differences out, and we are left with a sequence of utilities and

choice probabilities.

Finite dependence is simple here as the only choice affecting future states is participation. Consider the

comparison of welfare participation P1 = 2 vs not P1 = 1 at time t. Without time limits, individuals differ

at t+ 1 in terms of lagged participation, but will return to the same state at t+ 2 with P ′
1 = 1 and P ′

2 = 1.

In a world with time limits, we require a two-period sequence: (P ′
1 = 1, P ′′

1 = 1) and (P ′
2 = 2, P ′′

2 = 1) which

will return individuals to the same state at t+3. These sequences will be applied below when deriving ratios

of participation choice probabilities.

Child Care Choices

This first equation for child care choices is derived in the main text:

log(p̃k(F,X,Z)) = σ−1
3

[
(1 + αθ,kΓt) log

(
Ỹk,F (P,X,Z)

)
+ αF,k + αθ,kΓtg2

]
(B.1)

and identification of the pair σ−1
3 (1 + αθ,kΓt) and (αF,k + αθ,kΓtg2 can be derived from variation in Z alone

or from X also. For example, differencing across Z and Z ′ gives:

log

(
p̃k,F (P,X,Z ′)

p̃k,F (P,X,Z)

)
= σ−1

3 (1 + αθ,kΓt) log

(
Ỹk,F (P,X,Z ′)

Ỹk,F (P,X,Z))

)

With this slope term in hand, the age-specific term αF,k + αθ,kΓt pins down the level.

Labor Supply

As above, define

p̃k,H(P,X,Z) =
pk(H = 1|P, χ)
pk(H = 0|P, χ)

as the relative choice probability of working in state χ = (X,Z), conditional on participation P . It will be

useful to also define the proportional return to working as:

Ỹk,H(P,X,Z) =
Yk(H = 1, P,X,Z)

Yk(H = 0, P,X,Z)
.

For convenience let us also define:

pk,F (P,X,Z) = P [F = 1|H = 1, P,X,Z]

With these expressions, the nested conditional choice probability for the work choice can be written as:

log (p̃k,H(P,X,Z)) = σ−1
2 (αH,k + αθ,kΓtg1)+

σ−1
2

[
(1 + αθ,kΓt) log

(
Ỹk,H(P,X,Z)

)
+R(X,Z)αRA− σ3 log(1− pk,F (P,X,Z))

]
(B.2)

which forms the second row of the linear system in (4.1).

Notice that three parameters now dictate the responsiveness of labor supply to different components of the

treatment. The term σ−1
2 (1+αθ,kΓt) is an age-specific semi-elasticity of labor supply with respect to financial

incentives. The term σ−1
2 αR determines the response to work requirements through non-pecuniary motives,

and σ−1
2 σ3 determines the responsiveness of labor supply to childcare costs. All three terms are identified as

long as there is rank-independent variation in returns to work, the existence of work requirements (R(X,Z)),

and childcare prices. In practice this is delivered by all sources of variation in X and Z, conditional on
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type, but in principle one could use only variation in Z, as long as there are at least three treatments that

vary returns to work, work requirements, and childcare subsidies in a rank-independent way. This paper’s

application has four treatments that do satisfy these reqiurements.

Adding these slope terms to the slope terms identified in the previous stage is sufficient to invert out

values for σ1, σ2, αθ,kΓt, αF,k and g2. Returning now to (B.2), the parameters g1 and αH,k remain to pin

down the level of work choice probabilities at each age and in each state.

It may help to note here that if there exists a combination of (X,Z,Z ′) such that the only difference in

policies is the existence of a mandatory services, this expression implies:

log(

(
p̃k,H(1, X, Z ′)

p̃k,H(1, X, Z)

)
= σ−1

2 αR.

This is exactly the case for MFIP in which treatment arms (1) and (2) differ only in the imposition of work

requirements and hence will be an important source of identification for αR.

Program Participation without Time Limits

Because participation decisions dynamically influence future states, more elaborate comparisons are required.

In a slight abuse of notation, let the state χ be decomposed into (X,Z,A−1) so that we can indicate values

of A−1 exclusively. Define:

p̃k,A(X,Z,A−1) =
pk[P = 2|X,Z,A−1]

pk[P = 1|X,Z,A−1]

as the probability of participating in welfare relative to participating only in food stamps. The term

Ỹk,A(X,Z) =
Yk(H = 0, P = 2, X, Z)

Yk(H = 0, P = 1, X, Z)

is the proportional return in net income to participating in welfare assuming no work. Finally, define:

ũk,A(X,Z,A−1) = (1 + αθ,kΓt) log(Ỹk,A(X,Z))−R(X,Z)αR

− αP (1−A−1)− σ2 log

(
pk(H = 0|P = 2, X, Z)

pk(H = 0|P = 1, X, Z)

)
(B.3)

as the difference in static payoffs from choosing P = 2 over P = 1. Putting these expressions together gives:

log(p̃k,A(X,Z,A−1)) = σ−1
1

[
ũk,A(X,Z,A−1) + βEX′|X(V (X ′, Z,A−1 = 1)− V (X ′, Z,A−1 = 0))

]
.

A simple comparison of this log odds ratio for different values of A−1 identifies the application cost αP up

to scale:

log

(
p̃k,A(X,Z, 1)

p̃k,A(X,Z, 0)

)
= σ−1

1 αP .

Then in order to difference out the dynamic values, we can exploit the model’s finite dependence to get:

log(p̃k,A(X,Z,A−1)) = σ−1
1 ũk,A(X,Z,A−1)− σ−1

1

[
βEX′|Xσ1 log

(
pk(P = 1|X ′, Z, 1)

pk(P = 1|X ′, Z, 0)

)]
.

This forms the third row of the linear system in (4.1). Following identical logic to the previous steps, the

response in program participation to benefit generosity is determined by σ1 and a comparison between Z

and Z ′ fixing the other variables will identify it. The fourth two is the relatively simpler comparison of food

stamp participation with no participation, pk,S(X,Z) = pk[P = 1|X,Z]/pk[P = 0|X,Z]:

log(p̃k,S(X,Z) = σ−1
1 αS,k + σ−1

1 (1 + αθ,kΓt) log(Ỹk,S(Z,A))
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Program Participation with Time Limits

Following the same notational convention from the previous section, we can derive an expression for p̃k,A in

the presence of time limits. First we must further decompose the state χ into: (X,Z,A−1, ω) where ω is

cumulative welfare use. Then we get:

log(p̃k,A(X,Z,A−1, ω)) = σ−1
1 ũk,A(X,Z,A−1) + σ−1

[
βEX′|X(V (X ′, Z, 1, ω + 1)− V (X ′, Z, 0, ω))

]
.

In this case, a two-period sequence of decisions places the agent back into the same state space, giving:

log(p̃k,A(X,Z,A−1, ω)) = σ−1
1

{
ũk,A(X,Z,A−1) + βEX′|X

[
(1 + αθ,kΓt) log(Ỹk,A(X

′, Z))

−σ1 log

(
pk(P = 1|X ′, Z, 1, ω + 1)

pk(P = 2|X ′, Z, 0, ω)

)
− βσ1EX′′|X′ log

(
pk(P = 1|X ′′, Z, 0, ω + 1)

pk(P = 1|X ′′, Z, 1, ω + 1)

)]}
. (B.4)

which forms the 6th and final row of the linear system. To see how experimental variation can help identify

β using this equation, note that this expression holds also for the case where time limits do not exist. If time

limits were the only difference in the policy environment between Z and Z ′, we would get:

log

(
p̃k,A(X,Z ′, A−1, ω

p̃k,A(X,Z,A−1)

)
= βEX′|X

[
log

(
pk(P = 1|X ′, Z, 1)

pk(P = 2|X ′, Z, 0)

)
− log

(
pk(P = 1|X ′, Z ′, 1, ω + 1)

pk(P = 2|X ′, Z ′, 0, ω)

)]
+ β2EX′′|X

[
log

(
pk(P = 1|X ′′, Z, 0)

pk(P = 1|X ′′, Z, 1)

)
− log

(
pk(P = 1|X ′′, Z ′, 0, ω + 1)

pk(P = 1|X ′′, Z ′, 1, ω + 1)

)]
(B.5)

which is an expression that identifies β exlusively through the effect of time limits on participation choices.

B.1 A Minimum Distance Estimator

Having derived the system of equations that relates choice probabilities to parameters, this section briefly

describes a minimum distance estimator that exclusively uses random assignment to identify Φ3. In practice,

there is one system like (4.1) for each type k and child age t. For ease of exposition, consider the estimator for

just one pair (k, t) with the understanding that the approach easily generalizes by stacking such equations.

Abusing notation slightly, let Z now jointly indicate experimental site as well as treatment group. Define:

hl(Z) =

∫
hl(X,Z;p)dF (X|Z) l ∈ {0, 1}.

This gives a linear system:

h0(Z) = κ0(Φ2) + κ1(Φ)2h1(Z)

with a natural estimator being:

Φ̂2,Φ1 = argmin(ĥ0(Z)− κ0(Φ2)− κ1(Φ)2ĥ1(Z))TW(ĥ0(Z)− κ0(Φ2)− κ1(Φ)2ĥ1(Z))

Which is consistent and asymptotically normal for any positive definite W under standard regularity condi-

tions.

C Taxes and Transfers

Total transfers are defined as the sum of taxes, welfare (if participating) and food stamps (if participating).

Let n be the numer of children, g the state in which the program takes place, y the year, and ω the current

usage of time limits. E is monthly earnings.
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C.1 Taxes

Taxes consist of a federal and a state computation. When earned income is sufficiently low, taxes will arrive

in the form of a net payment (when income tax obligations are exceeded by the EITC). In theory, the relevant

parameters to compute taxes include those that define the federal and state EITC programs, state and federal

deductions and exemptions, and the marginal income tax rate with their corresponding brackets for state and

federal income tax. In practice, I use the TAXSIM model of Feenberg and Coutts (1993), to approximate the

tax function. Given the relevant year, state, and family size, TAXSIM computes net payments/obligations,

TT
mt(e). This function is called for a fine grid of earnings between $0 and $100,000, then approximated using

a polynomial spline function with year, statem and family size-specific coefficients.

C.2 Control Groups

AFDC payments follow the formula:

AFDC(g, n, y, E) = max{B(g, n, y)− (1− 0.33)max{E − 120, 0}, 0}

where B(g, n, y) is the benefit standard. Food stamp payments are:

SNAP(g, n, y, E) = G(g, n, y)− 0.3(0.8E +AFDC− 134)

C.3 MFIP

: Both arms of MFIP change benefit formulae to:

MFIP(g, n, y, E) = max{min{1.2(B(g, n, y) +G(g, n, y))− (1− 0.38)E,B(g, n, y) +G(g, n, y)}, 0}

where B and G are the benefit standards and maximum food stamp payment in Minnesota for each number

of kids (n) and year (y). Hence, food stamps and welfare are disregarded at the same rate rather than the

double-deduction that occurs when AFDC payments are deducted from food stamps.

C.4 CT-Jobs First

The welfare payment for CTJF also folds in food stamps and features a “cliff” in benefits at the eligibility

cutoff:

CTJF(g, n, y, E) = 1{E < PG(n, y)}(B(g, n, y) +G(g, n, y))

where PG(n, y) is the poverty guidelines for a family of size n in year y.

C.5 FTP

The benefit formula for FTP is:

FTP(g, n, y, E) = max{B(g, n, y)− 0.5max{E − 200, 0}, 0}

Food stamps are the same as the control group.
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D Details of Estimation

D.1 First Stage

We collect parameters into three blocks:

Θ1 = (αA, αS , αH , αF , αθ, αR, αP , βΓ, σ, β, y, µW , βW , ση, µq, βq, λ0, λ1, δ, µo, σo, λR)

Θ2 = (σW , σq)

Θ3 = (βτ , πη,0)

Recall that ym = {ym,t}Tm
t=1 be the panel of observed outcomes for motherm in period t. LetWm = {Wm,t}Tm

t=1

be observable components of the state space for mother m in each period t. As in the main text, χm,t is the

vector of state variables that determine the distribution of outcomes. For simplicity, let dependence of χm,t

on η and Wm,t be implied whenever necessary. The likelihood is:

L =
∑
m

log

 K∑
k=1

Tm∑
t=1

Kη∑
ηt=0

P[ym,t|χm,t,Θ1,Θ2]Pk[ηm,t+1|ηm,tΘ1]πη,0[η1|k,Xτ,m]P[k|Xτ,m,Θ3]


The expectation maximization routine proceeds as follows, fixing a current guess of parameters, Θl.

E-Step Using Θl, construct posterior probabilities for the latent state (k, ηt) in each time period:

qmt(η, k) = P[k, η|ym, Xm,Θl]

qmt(ηt+1, ηt, k) = P[ηt+1, ηt, k|ym, Xm,Θl]

This problem is made tractable by exploiting the Markov structure of the outcome probabilities using

the forward-back algorithm.

M-Step Using the weights qm, update Θl by moving up the likelihood:

L(Θ) =
∑
m

∑
k

[
log(P[η1, k|Θ3])qm,1(η, k)+

∑
t

∑
η

log (P[ym,t|χm,t,Θ1,Θ2]) qm,t(η, k) +
∑
η′

Pk[η
′|η,Θ1]qmt(η

′, η, k)

 (D.1)

This maximization step is additively separable in each of the three blocks. One iteration of the step

involves:

(a) Updating Θl
1 with 5 iterations of the LBFGS algorithm using Optim.jl (Mogensen and Riseth,

2018) with automatic differentiation using ForwardDiff.jl (Revels et al., 2016). This is completed

in a number of separate block steps. Each evaluation of this piece of the likelihood requires solution

of the model via backward induction.

(b) Update Θl
2 with the new maximizer, which is given as a pair of weighted standard deviations for

predicted wage and price residuals.

(c) Update βτ by maximimizing the weighted initial type likelihood using LBFGS, and updating πη,0

with the new maximizer which is given by a weighted frequency estimator.

This process is repeated until Θl and Θl+1 statisfy a convergence criterion. Standard errors are estimated

using the covariance of the score equation for each panel observation.
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D.2 Second Stage - Production

Let Xm be a vector of location dummies and Zm be a full set of location-treatment interaction dummies.

The moment condition (4.3) implies a system of equations:

Im = XmΠ1 + ZmΠ2 + ηm

Sm = XmA+ ImB(δ, g) + ξm

Where the terms ηm and ξm are expectation errors with unknown distribution. Their distribution is approxi-

mated as a joint normal, allowing for a likelihood to be written for the factor score S and inputs I conditional

on Xm and Zm. The priors are:

• δI ∼ U [0, 2]

• δθ ∼ U [0, 1]

• g1, g2 ∼ U [−2, 2]

To see that these priors are loose, the upper bound on δI implies that a log point increase in net household

income would yield a 2 standard deviation increase in skills. A flat (i.e. improper) prior is specified for the

parameters (Π1,Π2, A). Estimates and figures reported in the main text are derived from 10,000 draws from

a No-U-Turn Hamiltonian Monte-Carlo chain (Hoffman et al., 2014) implemented in julia using Turing.jl

(Ge et al., 2018).

Rearranging the second moment condition gives:

Sm = IB(δ, g) +
∑
k,η

qm,1(k, η)µ(k, η,X) + ηm

where qm,1 is the posterior weight over latent states defined in Appendix D.1. A lower dimensional approx-

imation for µ(k, η,X) appears to suffice, with higher dimensional interaction terms seeming to make little

difference to estiamates. Approximating the expectation error ηm as normal once again delivers a likelihood

for S conditional on I,y,X. The same methods and priors are used to sample from the posterior distribution.
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E Tables

Table E.1: Type Selection Coefficients βτ for each site.

k = 2 k = 3 k = 4 k = 5

SIPP

Const. 0.23 1.52 1.35 1.51

(0.57) (0.47) (0.44) (0.43)

High School 0.32 -1.42 0.54 0.12

(0.51) (0.51) (0.42) (0.42)

Some College -0.04 -2.13 0.48 1.21

(0.56) (0.71) (0.45) (0.42)

Num Kids -0.03 -0.17 -0.34 -0.38

(0.17) (0.16) (0.14) (0.13)

FTP

Const. -0.02 0.39 -2.49 -0.92

(2.92) (2.39) (11.42) (6.49)

High School 0.32 -0.37 1.78 0.57

(0.20) (0.19) (0.61) (0.28)

Some College 0.92 -0.52 2.52 1.00

(0.70) (1.01) (1.08) (0.82)

Num Kids -0.33 -0.38 -0.49 -0.47

(0.10) (0.10) (0.21) (0.13)

New Applicant 0.62 1.01 1.03 1.28

(0.22) (0.20) (0.43) (0.27)

CTJF

Const. -0.13 0.40 1.09 -1.05

(0.74) (0.85) (0.53) (0.90)

High School 0.71 -0.16 0.45 0.72

(0.22) (0.23) (0.19) (0.31)

Some College 1.07 -1.02 1.29 2.32

(0.41) (0.87) (0.37) (0.44)

Num Kids -0.17 -0.20 -0.52 -0.15

(0.13) (0.14) (0.11) (0.17)

New Applicant 0.99 0.63 0.63 1.28

(0.29) (0.33) (0.27) (0.32)

New Haven -0.87 -0.93 -0.92 -1.01

(0.28) (0.29) (0.25) (0.35)

MFIP

Const. -2.44 0.77 0.82 -2.49

(1.54) (0.82) (0.77) (0.93)

High School 0.72 -0.60 0.30 0.99

(0.53) (0.31) (0.29) (0.43)

Some College 1.33 0.28 1.16 1.82

(0.75) (0.48) (0.45) (0.56)

Num Kids 0.29 0.01 -0.19 0.27

(0.23) (0.15) (0.14) (0.17)

New Applicant 0.86 0.14 0.32 1.74

(0.65) (0.44) (0.39) (0.44)

Re-Applicant 0.07 0.31 -0.46 0.05

(0.71) (0.39) (0.39) (0.53)

Anoka -0.32 -0.18 0.00 0.19

(0.73) (0.39) (0.35) (0.47)

Dakota 1.74 0.99 1.12 1.71

(0.76) (0.64) (0.62) (0.66)
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