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1. Introduction

The analysis of the Perry Preschool Program proves that a high-quality early childhood
intervention can impact outcomes over a lifetime for the individuals who participated
in it and for their descendants (García, Heckman, and Ronda 2023).1 In 2016, two first-
generation teachers shared their memories about the Program, particularly their role
(Derman-Sparks et al. 2016). From their current standpoint, the Perry teachers created
adequate learning opportunities that matched their developmental state and life contexts.
Therefore, one could hypothesize that a significant part of Perry’s impact might be due to
the Program’s success in recruiting expert teachers and retaining them long enough to
instruct at the appropriate level and establish a strong bond with the children.

Research in Developmental Psychology provides the theoretical basis for such a con-
jecture. For example, Vygotsky (1978) defined the Zone of Proximal Development as “the
distance between the actual developmental level as determined by independent problem
solving and the level of potential development as determined through problem-solving
under adult guidance or in collaboration with more capable peers.” Scaffolding is one of
the ways that a parent, teacher, or more experienced peer can support a student’s learning
(Wood, Bruner, and Ross 1976).2 However, the successful implementation of scaffolding
requires the correct assessment of the child’s current level of development and the speed
at which the child progresses in skill acquisition (e.g., see Palincsar and Brown 1984; Swan-
son and Lussier 2001; Lajoie 2005; Macrine and Sabbatino 2008; Garza 2009). Arguably,
when turnover rates are high, teachers may fail to successfully implement appropriate
scaffolding techniques because they don’t have enough time to correctly gauge the level
and rate of change of the child’s human capital.

According to Bowlby (1969), attachment is an emotional connection that keeps children
close to an adult figure, particularly during distressful times. Children who form a secure
attachment to their caregivers develop more skills because they are more likely to explore
(and create) developmental opportunities in their environment (Elicker and Fortner-Wood
1995; Moss et al. 1996). However, when turnover is high, it is challenging to develop secure

1Technically, the Perry Preschool Program is not a childcare program. However, it is an influential study
on the significance of the early environment for human capital formation. A growing literature investigates
the long-term impact of high-quality childcare programs such as the Early Head Start or Head Start (e.g., see
Garces, Thomas, andCurrie 2002; Deming 2009; Carneiro andGinja 2014), and the InfantHealthDevelopment
Program (e.g., see Duncan and Sojourner 2013; Chaparro, Sojourner, and Wiswall 2020; Dougan, García, and
Polovnikov 2023). In addition, see Herbst (2017) for evidence from the U.S. Lanham Act of 1940.

2According to van de Pol, Volman, and Beishuizen (2010), scaffolding is a form of instructional support
that has three characteristics. First, it is tailored according to the child’s current level of performance.
Second, it fades gradually as the child acquires the skills to execute the task. Third, the responsibility for the
performance of a task is progressively transferred to the learner.
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attachment (Cryer, Hurwicz, and Wollery 2000; Institute of Medicine 2015) because this
formation requires time (e.g., see Howes 1999; Raikes 1993) and caregivers’ behaviors to
be responsive, consistent, and forecastable by the child (Verschueren and Koomen 2012).

Research in Labor Economics also provides a theoretical foundation for our hypothesis.
Becker (1962) frames training as an investment in human capital that raises future pro-
ductivity but has a present cost. In the ECE sector, greater productivity means the teacher
becomes more effective in applying scaffolding techniques to build skills or interacting
in responsive ways to establish a secure attachment. However, it makes little sense for
firms or workers to invest in training if the turnover likelihood is high. It is perhaps for
this reason that professional development in the ECE sector is scarce and inconsistent
(Phillips, Austin, and Whitebook 2016).3

Unfortunately, few empirical studies investigate the links between turnover and child
development. Nevertheless, the few studies that do so suggest that turnover affects child
development negatively. For example, Tram andWinsler (2011) shows that four-year-old
children who did not experience a teacher turnover during the academic year experi-
enced greater improvement in teacher-reported attachment. Markowitz (2019) used Head
Start data to show that teacher departure is negatively and meaningfully associated with
children’s language, literacy, social, and behavioral self-regulation skills.4

In addition, turnover increases the chance of exposing children to “rookie” teachers.
The literature in Economics of Education finds that lack of experience is one of the few
observable teacher characteristics that predict learning consistently (Staiger and Rockoff
2010). For example, Araujo et al. (2016) find that the children assigned to teachers with
little experience in an “as good as random” fashion have test scores that are 0.17 standard
deviation lower, thus confirming quasi-experimental evidence from studies in the United
States (e.g., see Rivkin, Hanushek, and Kain 2005; Clotfelter, Ladd, and Vigdor 2006; Harris
and Sass 2011).

Therefore, the negative impacts of turnover on children’s development provide the
rationale for researchers and policymakers to study this issuemore closely than turnover in
other sectors of the economy. However, the lack of data makes it challenging to investigate

3Investment in professional development is further discouraged because the set of skills that raise
educational productivity is general to the sector and not specific to a firm in that sector. Therefore, in such
cases, Becker (1962) predicts that workers should bear the cost of these investments. However, this theoretical
prediction holds if the labor market is perfectly competitive. If there are frictions, then firms might find it
optimal to bear the costs of general training (e.g., see Katz and Ziderman 1990; Stevens 1994; Acemoglu and
Pischke 1999).

4See also Bryk and Schneider (2002) and Guin (2004) for the association between teacher turnover and
children learning in the K-12 educational sector. To our knowledge, the only study that implements a quasi-
experimental approach to study the impact of turnover on learning is Ronfeldt, Loeb, and Wyckoff (2013).
These authors found that turnover negatively impacted scores in English Language Arts and Math.
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this issue. Some influential articles in this literature, such as Whitebook, Phillips, and
Howes (2014), Bassok et al. (2013), and Brown and Herbst (2022) explore (repeated) cross-
sectional data such as the National Study of Early Care and Education (NSECE, 2012, 2019),
the Current Population Studies (CPS), or the Quarterly Workforce Indicators (QWI). In
NSECE, the childcare program’s director reports teacher turnover rates. In the CPS, one
can measure turnover by comparing the main job in the previous calendar year with that
in the March supplement of the current year. In the QWI, the turnover rate is calculated
as an average of hires in one quarter and separations in the next quarter.

More recently, Bassok et al. (2021b) used longitudinal administrative data from the
Louisiana Department of Education to study teacher retention. Their rich dataset, from
Fall 2016 to Fall 2019, is a census of the 5,900 lead teachers in toddler or preschool-aged
classrooms in all publicly funded center-based ECE programs. Therefore, their sample
includes individuals teaching in school-based sites, Head Start locations, and childcare
programs. They find that turnover is higher for workers in the childcare industry, new
teachers, and teachers of younger children (i.e., toddlers). Interestingly, this dataset records
teachers’ scores in the Classroom Assessment Scoring System (CLASS). They find that
teachers with lower scores in the CLASS are more likely to leave the sector.5

However, none of these datasets have information about these individuals before they
join the labor force and simultaneously follow them if they leave the ECE sector. Thus,
researchers cannot use these datasets to construct the workers’ educational and labor
force participation history or identify other individuals with similar academic and work
trajectories who have never joined the ECE sector. As a result, researchers cannot use
these datasets to investigate labor market outcomes in industries that employ similar
individuals and compare them to the same statistics in the ECE sector. Alternatively, these
datasets do not have information about the ECE workers’ earnings and turnover rates
when they are not working in the ECE sector. This information helps separate how much
of the turnover rates are due to the sector’s employment characteristics from the workers’
unobserved heterogeneity. This decomposition is critical to designing personnel policies to
improve employment duration, which is necessary to implement meaningful professional
development programs that will enhance classroom performance and benefit children.

We study retention in the Early Care and Education sector. We contribute to this litera-
ture in two ways. First, we attempt to answer the call fromWhitebook et al. (2018), who
argued that the lack of data on the ECE workforce limits the search for data-driven policy

5Recent papers find that the CLASS does not predict gains in developmental assessments (e.g., see
Burchinal 2018; Guerrero-Rosada et al. 2021; Weiland et al. 2013). Unfortunately, none of these papers
account for teachers not being randomly matched to students. One exception is Araujo et al. (2016). This
study finds that CLASS predicts teacher value-added.
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solutions. Specifically, we construct a unique dataset by merging the Texas Education
Research Center (ERC) information. The ERC houses high-quality, administrative student
and worker-level data of all individuals residing in Texas.

We identify all individuals born between 1980 and 1989 who enrolled in a public school
from the Texas Education Agency (TEA) dataset. Then, we link the TEA dataset with
information from the Texas Higher Education Coordinating Board (THECB) and the Texas
Workforce Commission (TWC). Our data can trace the academic histories from high school
to post-secondary education and into the labor market of nearly three million individuals.
We tag as “ECE workers” all individuals who have worked in the early care and education
sector for at least one quarter.

Then, we use the information on race, ethnicity, eligibility for free or reduced-price
lunch, and scores in standardized tests to match “ECE workers” to individuals with the
same probability of ever working in the ECE sector but who never did, and we tag them
as “(Matched) Non-ECE workers.” We do so to identify a group of individuals who are
at the margin of entering the ECE sector under counterfactual compensation policies.
Our approach partially resembles that of Blau (1993), who used CPS data to study the
labor supply of the ECE sector thirty years ago. Like Blau (1993), we retain all individuals
who worked in the ECE sector for at least one quarter. However, unlike Blau (1993), our
comparison group does not include a random sample of all other individuals in our data.
Instead, we retain only the individuals who, at the end of high school, had the same
probability of working in the ECE sector for at least one quarter but never did during our
analysis period. We do so because, as we document below, the ECE workers constitute a
highly selected group.

Second, we use our rich administrative data to investigate both groups’ educational
attainment, participation in the labor force, and labor market outcomes, such as quarterly
earnings and movements across industries. Therefore, we capture entry into, exit out of,
and the duration of each employment spell of both groups.We explore two complementary
methodological approaches with our data.

In our first approach, we estimate models with time, sector, and individual fixed effects
to quantify the impact of working in the ECE sector on earnings and turnover rates. Our
estimates indicate that the turnover rates are 12 percentage points (or 37%) higher, and
wages are nearly 20% lower in the ECE sector. We also find evidence that the ECE Sector’s
turnover rates increase with educational attainment. The gradient is steep for African-
American and Caucasian workers but not Hispanic workers.

We estimate an earnings “penalty” of approximately 20% in the ECE Sector. Our earn-
ings analysis shows that the ECE sector penalty decreases steeply with educational at-
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tainment. For example, the penalty for an African American worker with a high school
diploma (the worker with the lowest turnover rate) is nearly 31%. In contrast, the penalty is
13% for a worker of the same race but with a four-year college degree (and whose turnover
rate is roughly 40% greater).

In our secondapproach,we formulate and estimate a canonical dynamic discrete choice
model of schooling and work decisions to account for selection driven by unobservable
heterogeneity in the ECE sector. Our analysis follows the seminal work by Keane and
Wolpin (1997). Recently, researchers have estimated equilibriummodels of childcare to
evaluate the costs and benefits of interventions that increase families’ access to high-
quality programs (e.g., see Berlinski et al. 2020; Borowsky et al. 2022; Bodere 2022). A
crucial parameter for such an analysis is the elasticity of labor supply in the ECE sector
because the higher the elasticity, the lower the costs of expanding the supply of high-
quality programs. However, high-quality care also requires low turnover rates to invest in
professional development and give time for teachers to form a secure attachment with
the pupils and gauge children’s development appropriately. We use the structural model
to estimate the elasticity of labor supply in the ECE sector, and we find that it is equal to
two. Therefore, the labor supply is highly elastic in this sector. In contrast, the elasticity of
turnover is approximately -0.5, so it is somewhat inelastic.

Finally, we use our structural model to estimate the impact of ongoing compensation
policies on turnover in the ECE sector. For example, in 2021, the Virginia Department
of Education implemented the Teacher Recognition Program. In this program, eligible
teachers received a wage supplementation of $1,500 if they remained in the same site
for the full eight-month program (Bassok et al. 2021a). In Texas, the Texas Workforce
Commission is the government agency responsible for the childcare subsidy program,
which, in turn, is funded by the Child Care and Development Fund (CCDF). In recent years,
several TWC’s Regional Boards have implemented wage supplementation programs for
the workforce in the ECE sector. In Texas, the amount of the wage supplementation varies
across regions and ranges from $120 to $3,900 per year. In common, these interventions
represent incremental changes in compensation for workers in the ECE sector. Our model
shows that these compensation policies have small (but positive) impacts on retention
in the ECE sector. Given the low retention rates in this industry, our results indicate that
these incremental changes in compensation will not be sufficient to attract, retain, and
develop a workforce that can nurture the next generation.

We organize the rest of the paper into five sections. Section 2 introduces the data and
how we construct the sample of ECE workers and matched Non-ECE workers. Section 3
presents the estimates of the fixed effect models. Section 4 outlines the model, discusses
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identification and estimation, and reports the estimates of key parameters of the structural
model. Section 5 discusses the results of the counterfactual compensation policies. The
last section takes stock of our paper’s main lessons and highlights areas where additional
research is necessary.

2. Data

2.1. The Education Research Center

The Texas Education Research Center (ERC) is a data clearinghouse that provides access
to longitudinal, student-level data for scientific inquiry and policymaking purposes from
1994 to the present day. The ERC centralizes data from several different Texas agencies. By
merging different datasets, researchers can follow Texas students from their first day at
school to their last day on the job.6

The Texas Education Agency (TEA) and the Texas Higher Education Coordinating
Board’s (THECB) datasets provide detailed academic information at the level of the student.
The TEA’s dataset stores educational records from the public PK-12 system. It contains in-
formation about a student’s demographic characteristics, grades, class attendance, courses
taken, grade point average, standardized test scores, and graduation status. The THECB’s
database centralizes all data from degree-granting higher education institutions in Texas,
and researchers observe, among other variables, admissions, enrollment, and graduation.

The ERC also stores worker-level Unemployment Insurance (UI) records from the Texas
Workforce Commission (TWC). Although UI records contain the identity of employers
and employees, the ERC does not release an employer identification number to minimize
identification risks. However, employers also submit their business’s North American
Industry Classification System (NAICS) code. The childcare services sector’s NAICS code is
664210. Therefore, we study turnover at the industry level.7

6A limitation of the Texas ERC data is that it does not track individuals whomove out of Texas at any point
in their life. This attrition is potentially nonrandom, which can bias the results of our analysis. However,
Texas has the lowest outmigration rate of any U.S. state, with 82% staying in-state as of 2012 (Mountjoy 2021).

7Unfortunately, UI records have two weaknesses. First, employers do not report hours worked. For
this reason, we focus on quarterly earnings instead. Second, we do not observe the workers’ occupations.
Therefore, we do not know if the worker is a director or other non-classroom (e.g., cook) or classroom
staff (e.g., lead teacher, teacher assistant). We will refer to a worker employed in the ECE sector as an “ECE
worker” for short, but they are not necessarily working in the classroom. Finally, we note that self-employed
individuals (e.g., babysitters) and firms in the informal sector do not submit their records to the TWC.
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2.2. Target Population

Our study follows individuals born between 1980 and 1989 who enrolled in Texas public
schools starting from 1996. We use data from this cohort to capture essential periods
of their academic years, any post-secondary coursework, plus nearly ten years of labor
market outcomes. We also use a ten-year cohort to guarantee that we will have enough
workers passing through the childcare sector, as we recognize that this is a tiny industry
in the country and the state. In our final data of 2,768,093 unique individuals from this
cohort, only about 4% ever worked in the childcare sector.

2.3. Measures

In this subsection, we define how we measure each variable that we use in our analyses.

• Demographics: The TEA data informs an individual’s gender, race, ethnicity, and free or
reduced lunch eligibility.

• Academic Year: The academic year starts in the third quarter of each year and finishes
in the second quarter of the following year. We align the TEA and THECB with the TWC
datasets.

• School enrollment: TEA and THECB data inform the individuals who enroll in school
each academic year. If we observe an individual in the TEA or THECB data for that
academic year, we set that school attendance as the main activity for that student in all
quarters of that academic year.

• Employment and home production: If the individual is not enrolled in school, we search
for that individual in the TWC dataset in each quarter of the academic year. The search
produces one of the three mutually exclusive outcomes in each quarter. First, the
individual is not in the TWC dataset in a particular quarter, and we record that the
individual is engaged in home production. Second, the individual is in only one job in
that quarter. Third, we observe multiple jobs for the individual in that quarter. This
situation arises if the person held simultaneous jobs or moved jobs within that quarter,
and it is impossible to differentiate between these situations. In these cases, we choose
the job with the highest observed labor income as the main job in that quarter. Finally,
in the second and third cases, we investigate if the individual passes the labor income
test (see below). If the individual does not pass the labor income test, we register home
production as the main activity in that quarter. If the individual passes the income test,
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we record that the individual is working and save the labor income and the NAICS code
for the employer.

• Main activity in a quarter: In about 35% of quarters, we observed a person working and
enrolled in school. We drop the TWC information and consider the main activity as
school attendance in these cases.

• Labor income: We follow Keane and Wolpin (1997) and consider a valid working quarter
one in which the individual earned at least the equivalent of working 20 hours per
week during at least 2/3 of the quarter (8 weeks) at minimum wage.8 Appendix Table
A1 contains the labor income thresholds we used for each quarter and year. We adopt
this labor income test to exclude job spells that reflect temporary work because they
mechanically increase the turnover rates across all sectors. After we have performed
the income test, we use the Consumer Price Index to adjust for inflation.9

• Industry: We use the NAICS codes to determine the industry for an individual who
is working. For example, we register that a worker is employed in childcare if the
employer’s NAICS code is 624410.

• Turnover: We define turnover by proceeding in two steps. In the first step, we identify
the employer’s industry in the third quarter of the year. In the second step, we identify if
the worker is still employed in the same industry in the second quarter of the following
academic year. If not, then it is a turnover. Note that we do not have any information
about the employer’s identity, so we cannot investigate turnover at the firm level.

Our definition reflects turnovers that may influence children’s development because
they occur during an academic year. Note that our turnover definition does not consider
the turnover that occurs between the second and the third quarters of the calendar year
because a change of teachers takes place at this time because of the natural progression
in classrooms (e.g., from infant to toddler). Therefore, there is no turnover if the worker
stays in the same sector from the beginning of the third quarter of year t and the end
of the second quarter of year t + 1.

• Achievement: During Spring, all students enrolled in High School in Texas must take an
assessment exit level test in reading, writing, andmathematics, and obtain a minimum
grade in each of them to receive a diploma. They can retake any number of times
8In the case of Keane and Wolpin (1997), the NLSY asked retrospectively for work status during the first,

seventh, and thirteenth week of each quarter for a total of nine weeks during a year.
9Quarterly earnings is deflated using the quarterly CPI data from FRED (Federal Reserve Bank of St. Louis

2023). The base quarter is October-December of 2020.
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until they achieve the minimum requirement. From 1997 to 2002, this exit test was
called TAAS (Texas Assessment of Academic Skills), while from 2003 to 2006 it was
called TAKS (Texas Assessment of Knowledge and Skills). We use each individual’s
first attempt score in reading and mathematics to compute an achievement measure.
We anchor their scores to a common metric, which in our case is completed years
of education by 30 years old. Therefore, we have a measure of achievement in the
metric of completed years of education. See Appendix B for the full explanation of our
anchoring methodology.

2.4. Panel Construction

Our analyses explore a quarterly panel from the first quarter of 1997 (1997Q1) to the first
quarter of 2019 (2019Q1). To build this panel, we use: (i) enrollment, demographics, and
graduation K-12 data from the TEA from 1997 to 2010; (ii) enrollment and graduation higher
education data from the THECB from 1997 to 2019; and (iii) employer NAICS sector code
and quarterly wage from the TWC from 1997 to 2019. The three datasets share a unique
identifier, making it possible to link an individual across all three sources.

First, we select our target population. We find in the TEA data all individuals born
between 1980 and 1989. We then create quarterly panel data with those unique individuals
from 1997Q1 to 2019Q1 (89 quarters). Finally, we merge in, for each quarter, whether the
individual was: (i) enrolled in school according to the TEA; (ii) enrolled in postsecondary
education according to the THECB; and (iii) working in a sector according to the TWC. We
also include demographic variables such as sex, ethnicity, free or reduced lunch eligibility,
higher education institution code and major, quarterly wage, and the employer’s NAICS
code.

Table 1 summarizes the data assembly process.10 Our sample consists of individuals
born between 1980 and 1989. Although the TEA has rich demographic information, it does
not provide data on birth year, only the student’s age on September 1st of each academic
year. Thus, we set this age as the individual’s age at the beginning of the academic year.
The individuals in the TEA dataset form the basis of our longitudinal dataset. Thus, we
discard individuals that are present in the THECB (or TWC) but not in the TEA dataset. 11

After restricting the TEA, THECB, and TWC data sources to this specific set of individuals,
we drop all invalid, duplicate, and inconsistent observations.12

After implementing the data-cleaning procedures, our analytical dataset has 2,768,093
10Appendix A documents our data cleaning and merging procedures.
11The THECB dataset has the same demographic information as TEA’s. Still, it does not report the individ-

ual’s test score in high school, which is a crucial variable we use to identify individuals likely to enter the
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TABLE 1. Panel construction

Data Source
TEA THECB TWC

Data Period 1997-2010 1997-2019 1997-2019
Restrict to born 1980-89 by TEA
Total Observations 22mi 19mi 141mi
Unique Individuals 3.3mi 1.8mi 2.9mi

Drop duplicates, inconsistent, missing
Obs. Loss (%) 11.93 0.08 .01

Drop multiple jobs, low wages
Obs. Loss (%) - - 26.34
Individual Loss (%) - - 1.02

Final Data
Total Observations 19mi 18mi 102mi
Unique Individuals 3.2mi 1.8mi 2.8mi

Longitudinal Data
Unique Individuals 2,768,093
Quarters 1997Q1-2019Q1: 89 quarters
Total observations 246,360,277

Note: This table summarizes the data cleaning process across all three primary data sources, the Texas
Education Agency (K-12 education), the Texas Higher Education Coordinating Board (higher education), and
the Texas Workforce Commission (employment and earnings). We first restrict the data to individuals born
between 1980-89, then drop duplicates, missing, and inconsistent observations, followed by observations
with multiple jobs and very low wages. In each of these steps, we indicate the percentage of observation loss.
More details can be found in Appendix A.
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TABLE 2. Summary Statistics for Non-ECE and ECEWorker Sample

Non-ECEWorker % ECEWorker % Diff
Sex
Women 49.0 93.9 44.9***

Ethnicity
White 48.7 48.4 -0.2*
Asian 2.5 1.0 -1.5***
Hispanic 34.7 31.0 -3.8***
African Am. 14.0 19.5 5.6***
Native Am. 0.2 0.2 0.0

Education
Less Than High School 23.5 17.0 -6.5***
High School 20.7 24.9 3.2***
Some College 41.6 50.3 8.7***
Four-year degree or more 14.1 8.9 -5.3***

Eligible for Free or Reduced-Price Lunch 34.6 34.9 0.2*
Obs. 2,659,389 108,704 -

Note: ∗ : p < 0.10, ∗∗ : p < 0.05, ∗ ∗ ∗ : p < 0.01. The first column shows summary statistics for individuals
who never worked in the ECE sector (Non-ECE Workers). The second column shows statistics for those who
worked in the ECE sector for at least a quarter (ECEWorkers). The third column computes the difference
and its statistical significance.
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individuals born between 1980-1989, in which about 4.1% (108,704) ever worked in the
childcare sector.13 Table 2 shows the demographic characteristics of the individuals in
our final sample. The first and second columns show demographics for all individuals
who have never worked in the ECE sector (henceforth, non-ECE) and those who worked at
least for at least one semester (ECE). The third column computes the difference and its
p-value. Women and African-American individuals are overrepresented in the ECE sector.
ECE workers are more likely to have a high school degree or some college education but
less likely to have a four-year degree or more.14 Finally, the differences in eligibility for
free or reduced-price lunch are not economically significant.

The Non-ECE and ECEWorkers are highly different in demographics and educational
attainment. Next, we implement a matching procedure to retain Non-ECEWorkers similar
to those in the ECE sample. First, given that the overwhelming majority of ECE workers
are women and that Asians and Native Americans are only 1.2% of the ECE workforce,
we exclude all men and all Asians and Native Americans. Second, we restrict our panel
to comprise individuals between the age of 18 to 29.15 Finally, we drop individuals with
educational attainment less than high school. We do so because our main focus is the
teaching staff within the ECE sector. In Texas, ECE teachers must have a valid high school
diploma.

Next, we implement a simple matching procedure to narrow the sample of Non-ECE
workers. Let Di = 1 if agent i has ever worked in the ECE sector, and Di = 0 otherwise. Let Zi
be a vector of observable attributes of an individual at age 18. The vector Zi includes race,
ethnicity, a dummy for whether the individual was eligible for the free or reduced-price
lunch program in their last year of high school, dummies for their school district in the last
year of high school, and their achievement based on their exit test scores.16We estimate

ECE Sector. The TWC UI dataset has no information on demographic characteristics or test scores.
12Invalid identifiers are individuals with unique identifiers that we could not use to link across years

or data sources. Duplicates are individuals who show up twice or more in the same year and same data
source with repeated information. For example, a student enrolls in two different schools or colleges in the
same quarter. For these cases, we keep the observation with the highest credit hours. An individual has
inconsistent observations if we observe different values across years for variables that should not change,
such as gender, race, or ethnicity.
13We use NAICS code 624410 - Child Day Care Services for identifying the childcare sector. This industry is

described on the NAICS website as one that “comprises establishments primarily engaged in providing day
care of infants or children. These establishments generally care for preschool children but may care for
older children when they are not in school and may also offer pre-kindergarten or kindergarten educational
programs.”

14Note that ECE teachers must have at least a high school degree in Texas.
15We delimit our data to these periods because these are the ages for which we observe all choices made

by all individuals from our sample.
16Note that Zi does not include educational attainment. We exclude it for two reasons. First, we drop all

individuals with less than a high-school degree. Second, any educational attainment after high school is an
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the probability that an individual will ever work in the ECE sector, Pr(Di = 1|Zi), by:

P̂r(Di = 1) = Λ(Ziβ̂),(1)

where Λ(·) is the cumulative distribution function of a Logistic distribution, and β̂ is the
estimated parameter vector from a logit model. We then use a k-nearest neighbor search
to find, for each individual that ever worked in the ECE sector, k = 5 individuals that never
worked in the ECE sector but with similar propensity scores.

Table 3 and Figures 1A and 1B show the results of our matching exercise.17We obtain a
good level of similarity across observable attributes, but our sample size is now significantly
smaller as we must restrict our analyses to individuals whose propensity scores overlap.
Still, our analytical dataset contains nearly 330,000 observations, 16.7% in the ECE sample,
and 83.3% in the Matched Non-ECE sample.

TABLE 3. Balancing of observable attributes after matching

(1) (2) (3) (4) (5)

ECE
Worker

Matched
Non-ECE
Worker

Unmatched
Non-ECE
Worker

Diff.
(1)-(2)

Diff.
(1)-(3)

Ethnicity
White (%) 50.53 50.58 52.73 0.05 -6.69***
Hispanic (%) 30.47 30.47 33.41 0.05 -2.94***
African American (%) 18.98 18.94 9.35 0.04 9.63***

Free/Reduced-Price Lunch Eligible (%) 32.94 32.84 25.99 0.10 6.95***
Achievement 11.95 11.95 12.75 0.00 -0.79***
Obs. 54,898 274,491 448,987

Note: ∗ : p < 0.10, ∗∗ : p < 0.05, ∗ ∗ ∗ : p < 0.01. This table shows summary statistics for individuals at 18
years old. We omit school district dummies. Column (1) are individuals who at some point between 19 and
29 years old will work in the ECE sector (ECE Workers). Columns (2) and (3) are individuals who never work
in the ECE sector between 19 and 29 years old (Non-ECE Workers). Column (2) are individuals who were
matched to people from Column (1) by a nearest neighbor search, and Column (3) are the ones who were
not matched. “Free/Reduced-Price Lunch” is a dummy variable for whether someone was in the reduced
lunch price program in their last year of high school. “Achievement” is a measure of academic achievement
derived from exit test scores and anchored in completed years of education by 30 years old (More details
about the anchoring procedure in Appendix B). Columns (4) and (5) compute the difference and display their
statistical significance.

Figures 1A and 1B show the density of working in the ECE sector and anchored test

endogenous variable we aim to use as an outcome in our analyses.
17We present the results from the logit regression in Table A4 in Appendix D.
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FIGURE 1. Balancing of observable attributes after matching
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B. Empirical density of anchored test scores

scores, respectively. Non-Matched-Non-ECE workers have a much lower probability of
ever working in the ECE Sector (see Figure 1A). Additionally, they tend to have higher test
scores in high school (see Figure 1B). We note that our matching procedures generate
two groups with identical densities of ever working in the ECE Sector and test scores. For
the remainder of the paper, we use the ECEWorkers and Matched Non-ECEWorkers to
conduct our analyses. We do so because the counterfactual economic regimes we consider
in our structural analysis are incremental modifications to compensation policies for
workers in the ECE sector. We argue that these policies are too small to attract a significant
portion of the Non-Matched-Non-ECE Workers to the ECE Sector.

Table 4 presents summary statistics for our final sample. Socio-demographic variables
have very similar values to the ones shown in Table 3 since they were used in the matching
process. We also document statistics for the quarterly variables. About 43.7% of observa-
tions are working while 25.2% are in college. The remaining 31.1% of quarters are spent at
home production. The average quarterly earnings, with a mean of $9,473.96 and standard
deviation of $8,927.41, show significant variability in the sample. Completed credit-hours
have a mean value of 6.835 and a standard deviation of 3.715.

3. Fixed Effect Analysis

Our analytical sample follows 329,389 individuals between the ages of 19 and 29. We focus
on two groups of individuals, the "ECE" and the "Non-ECE".18 These two groups are similar
in observable attributes and probability of working in the ECE sector when they were 18.
18Henceforth, we refer to the Matched Non-ECE individuals as simply Non-ECE.
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TABLE 4. Descriptive Statistics of Final Sample

Panel A: Overall Sample
Mean Std. Dev. Min. Max.

Race & Ethnicity
White (%) 0.506 0.500 0 1
African Am. (%) 0.189 0.392 0 1
Hispanic (%) 0.305 0.460 0 1

Free/Reduced-Price Lunch Eligibility (%) 0.328 0.469 0 1
Achievement 11.957 1.355 6.988 25.583
Activity (across all quarters)
Participating in the Labor Force (%) 0.437 0.496 0 1
Enrolled in Higher Education (%) 0.252 0.434 0 1
Engaged in Home Production (%) 0.310 0.462 0 1

Edducational Attainment
High School (%) 0.191 0.393 0 1
Some College (%) 0.533 0.499 0 1
4-year or More (%) 0.276 0.447 0 1

Credit-Hours 6.835 3.715 0.01 25.00
Quarterly Earnings ($) 9,473.96 8,927.41 1,021.20 8,118,90
Turnover Rates (%) 0.339 0.473 0 1
Ever Worked in ECE 16.7 32.3 0 1
This table shows summary statistics for the final sample of individuals after matching. Our sample consists
of only women with at least a high school degree by 18 years old, and excludes Asians and Native Americans.
There are 329,388 unique individuals, from ages 19 to 29 years old across 44 quarters. "Free/Reduced-Price
Lunch Eligible" is a dummy variable for whether someone was in the free or reduced-price lunch price
program in their last year of high school. "Achievement" is a measure of academic achievement derived from
exit test scores and anchored in completed years of education by 30 years old. "High School" is a dummy
for High School graduation. "Some College" is dummy for someone who accumulated college credits (or a
two-year degree) but not a four-year degree. "Four-year degree or More" is a dummy for four-year or any
graduate degrees. These variables are described in detail in the Data Section.
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The difference is that individuals in the first group worked in the ECE sector for at least
one quarter, while none of the workers in the second did.

We start our analysis by describing turnover and summarizing information about
transitions into and out of the industry. Next, we investigate differences in quarterly
earnings.

3.1. Transitions and Turnover

We observe labor force participation quarterly. This frequency gives us some flexibility
in how to define turnover. We consider a turnover if the individual was employed in the
ECE sector in the third quarter of a year but left the ECE sector before the end of the
second quarter of the following year. Therefore, our measure only counts turnovers in
which the worker did not stay a full academic year. This definition is developmentally
appropriate because children tend tomove to other classrooms andhavenew teachers once
the new academic year starts. Thus, in our definition, a turnover is when the worker begins
in August and leaves in February, for example. For comparison purposes, we construct
turnover rates in other sectors similarly.19

Figure 2 displays the turnover rates (overall and by education level) for the ECEworkers
in the ECE sector and the non-ECE workers when working in an industry other than the
ECE. Overall, the turnover rates are 39% in the ECE Sector. However, note that the turnover
rate for non-ECE workers is just slightly lower at 33%. When we break the sample by
educational attainment groups, we find that the differences are minimal for High School
or Some College workers but significantly larger for individuals with a four-year degree or
above.

Our estimates of the turnover rates in the ECE sector are comparable to those reported
elsewhere in the literature. For example, Bassok et al. (2021b) uses administrative data
from Louisiana and estimates the turnover rate in the ECE sector to be 37%. Their turnover
rates are higher for the childcare sector (46%) and lower for Head Start (34%) and school-
based programs (26%). Brown and Herbst (2022) find that the quarterly turnover rate
is approximately 12%, but it varies with the business cycle. When we analyze the rate
quarter by quarter, our estimates are approximately 13%, thus roughly consistent with
their findings. In their literature review on turnover in the ECE sector, Totenhagen et al.
(2016) reports annual rates ranging between 26%

19We have also estimated turnover rates according to Bassok et al. (2013) who use the CPS data, and we
find that the results are similar.
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FIGURE 2. Turnover Rates for the ECE Sector and Non-ECEWorkers
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Let yi,t denote individual i’s turnover status at period t. That is, the variable yi,t is a
dummy variable that is equal to one if the individual i was employed in sector s in period t
and the same individual is either not employed or moved to a different industry s′ in t + 1.
In this section, we estimate variations of the following model:

(2) yi,t = Xi,tβ + γD
ECE
i,t + αSector + αYear + αi + εi,t

where Xi,t denote control variables that vary with time (potential experience and potential
experience squared). The variable DECEi,t is equal to one if the sector in which the individual
i was employed at t was the ECE Sector, and the α’s denote the various fixed effects in
our procedure. When we use the entire sample, our estimate of γ is 0.122 with a standard
deviation of 0.003. This estimate implies that the turnover rate in the ECE sector is 12.2
percentage points (nearly 37%) greater in other sectors of the economy.
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TABLE 5. Turnover Regressions Conditional on Education and/or Race/Ethnicity

Panel A: African AmericanWorkers Only, By Education

High School Some College College or Above

ECE Sector 0.071*** 0.056*** 0.100***
(0.014) (0.010) (0.023)

Panel B: HispanicWorkers Only, By Education

High School Some College College or Above

ECE Sector 0.104*** 0.130*** 0.101***
(0.006) (0.008) (0.021)

Panel C: WhiteWorkers Only, By Education

High School Some College College or Above

ECE Sector 0.120*** 0.153*** 0.184***
(0.009) (0.007) (0.012)

*** p<0.01, ** p<0.05, * p<0.1. Note: This table shows estimates of γ in equation (2) when we break down our
sample by educational attainment and race and ethnicity groups. ECE Sector is a dummy equal to 1 if the
individualworked in theECE sector during the year the turnover originated.We includefixed effects for sector,
year, and for each individual. Controls include education years, potential experience (age – education years),
and their squared counterparts. Sector fixed effects are two-digit NAICS code dummies. Year fixed effects
are year dummies. We report robust standard errors in parentheses.

Table 5 compiles the regression coefficients when we break our sample by race or eth-
nicity (African American, Hispanic, and White) and education groups (High School, Some
College, and College and Above). Thus, we have nine sets of estimates documenting het-
erogeneity across race or ethnicity and education groups. If we hold constant educational
attainment, the turnover rates are greater for Caucasians and smaller for African-American
workers (with Hispanic workers in between these two groups). In addition, conditional on
race (or ethnicity), turnover rates tend to be higher for college workers.

Next, we present evidence about the sources and destinations when individuals transi-
tion into and out of the ECE sector, which we show in Figure 3. The left side of Figure 3
displays where the worker was one quarter before they entered the ECE sector. Nearly 53%
of the workers were neither studying nor participating in the labor force in the quarter
before moving to the ECE sector. Approximately 18% was enrolled in school.
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FIGURE 3. Transitions in and out of the ECE Sector

The ECE Sector is part of the Health and Social Assistance Category, which includes
physician and dentist clinics, medical and diagnostic laboratories, hospitals, and health
services. It also includes child and youth services, retirement homes, temporary shelters,
and other community housing services. In contrast, the Educational Services Sector con-
tains elementary and secondary schools, colleges and universities, and other educational
entities. Combined, they represent the largest source (7.6 %) and destination (10.9 %) of
ECE workers among the set of workers employed before and after their spell in the ECE
sector, respectively.
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We allocate to "Others" the remaining sectors ECE workers come from or go to. It is
worth noting that many ECE workers come from and go to the Retail (6.3% and 5.4%),
Accommodations and Food Services (4.1% and 3.4%), or Administration, Support, or Waste
Management and Remediation Services sector (3.1% and 6.3%, respectively).20

Figure 4 shows that ECE workers work in similar sectors of Non-ECE workers when
excluding the ECE sector itself. To construct this figure, we classify each employment spell
according to the employer’s NAICS code at the two-digit level (and we exclude employment
spells in the ECE sector for the ECEworkers). For example, 18% and 19%of the employment
spells of the ECE and Non-ECE workers are in the Health Care and Social Assistance Sector
(excluding ECE, which is part of this sector), respectively. The second sector with the most
frequent employment spell for both groups is the Retail Trade (16% and 15%, respectively).
This figure shows that the ranking and frequencies of the five industries are more or less
the same. Both groups tend to work in similar sectors.

FIGURE 4. Most Commonly Worked Economic Sectors
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3.2. Quarterly Earnings

Figure 5A shows the dynamics of quarterly earnings. Conditional only on working, ECE
workers earn approximately 30% less in all quarters than Non-ECE workers. Unfortunately,
our UI data does not allow us to decompose this result into differences in hourly wages
and hours worked.
20Figure A2 reports these statistics.
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FIGURE 5. Earnings and Industry
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B. Standard Deviation of Earnings Over Time

Figure 5B displays the standard deviation of quarterly earnings over time. The distribu-
tion of earnings in the ECE sector has lower dispersion than the distribution of earnings
in the Non-ECE Sector. This pattern is consistent with the densities of quarterly earnings
(see Figure A1 in Appendix D). The distribution of earnings in the ECE earnings is less
dispersed and more concentrated to the left.

Next, we report estimates of γ in equation (2) when the dependent variable yi,t is
the natural log of earnings. We find that the quarterly earnings in the ECE sector are
19.8% lower than in other sectors (the standard deviation is 0.007). However, this "penalty"
varies across education and race and ethnicity groups. Table 6 compiles the regression
coefficients when we break our sample by race or ethnicity and education groups. First,
we find evidence that the quarterly earnings in the ECE Sector are much lower for African-
American or Caucasian workers with a high school diploma. In contrast, the penalty is
much smaller for workers with a four-year degree or more. For Hispanic workers with a
college degree, this penalty is negligible.
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TABLE 6. Log Earnings Regressions Conditional on Education and/or Race/Ethnicity

Panel A: African AmericanWorkers Only, By Education

High School Some College College or Above

ECE Sector -0.308*** -0.181*** -0.131
(0.062) (0.052) (0.163)

Panel B: HispanicWorkers Only, By Education

High School Some College College or Above

ECE Sector -0.145*** -0.191*** -0.015
(0.015) (0.017) (0.046)

Panel C: WhiteWorkers Only, By Education

High School Some College College or Above

ECE Sector -0.269*** -0.230*** -0.154***
(0.017) (0.013) (0.023)

*** p<0.01, ** p<0.05, * p<0.1. Note: This table shows estimates of γ in equation (2) when we divide the
sample into educational attainment and race and ethnicity groups. The ECE Sector is a dummy equal to 1 if
the individual worked in the ECE sector during the quarter. Sector fixed effects are two-digit NAICS code
dummies. Year fixed effects are year dummies. We include individual fixed effects in all models. We report
robust standard errors in parentheses.

3.3. Dynamics of Enrollment in Higher Education and Labor Force Participation

In Appendix E, we present the lifecycle profiles of enrollment in higher education and
participation in the labor force. Our data shows that the dynamics of enrollment in higher
education and labor force participation diverge at age 19. Non-ECEworkers enroll in college
at higher rates, and ECE workers are more likely to join the labor force earlier. In addition,
ECE workers are more likely to neither work nor enroll in higher education between ages
19 and 29.

4. Structural Model

Next, we formulate and estimate a canonical dynamic discrete-choice model in which, at
each period, an individual chooses to attend school, work, or engage in home production.
We adopt this canonical model due to data limitations. Our dataset is longitudinally rich,
but our labormarket outcomes are limited as we do not observe hours worked, occupation,
or the employer’s identity. Still, the canonical model is rich enough to address transitions
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in and out of the ECE sector and to quantify the importance of selection out of the labor
force due to unobserved heterogeneity. As a result, thismodel is sufficient to estimate a few
parameters of interest, such as the elasticity of labor supply or turnover in the ECE sector.
In addition, we use our model to simulate the impact of incremental ECE compensation
schemes on retention.

4.1. Choice Sets and Laws of Motion for the Endogenous State Variables

The choice set consists of five mutually exclusive options. We setm = 1 if the individual
works in a sector other than ECE or Education and Health (EH). Letm = 2 orm = 3 if the
individual works in the EH or ECE sector, respectively. In addition, we set m = 4 if the
individual attends school. Finally, m = 5 denotes home production. Let di,a,m = 1 if the
individual i chooses alternativem at age a. Otherwise, di,a,m = 0. Because these alternatives
are mutually exclusive and exhaustive, the following constraint is binding:

(3)
5∑
m=1

di,a,m = 1

Let xi,a = {xi,a,1, xi,a,2, xi,a,3} and gi,a denote accumulated experience and years of
schooling, respectively. They evolve in a deterministic way according to the following laws
of motion:

xi,a+1,m = xi,a,m + di,a,m, m = 1, 2, 3;

gi,a+1 = gi,a + di,a,4.(4)

4.2. Wage Offer Functions and Unobserved Heterogeneity

We allow for unobserved (to the econometrician) heterogeneity by including a normally
distributed type θi that is fixed across time. This unobserved heterogeneity variable influ-
ences the utility of each alternative and is included in the wage offer function. Thus, θi
captures selection on unobservable components in our framework.

The wage offer function is the product of the occupation-specific market rental price
pm and the individual’s human capital ei,a,m, that is, wi,a,m = pmei,a,m. The individual’s
human capital function is given by:
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ei,a,m = exp
(
hi,a,m + βm,0θi + βm,5Ci + ξi,a,m

)
(5)

where hi,a,m is the human capital accumulated via learning-by-doing:

hi,a,m =
3∑
j =1

βm,j ,1xi,a,j + βm,2x
2
i,a,m + βm,3gi,a + βm,4xi,a,mgi,a

Thus, the individual’s human capital, ei,a,m, includes the learning-by-doing component,
hi,a,m, the individual-specific unobserved heterogeneity, θi, cognitive ability, Ci, and a
normal shock, ξi,a,m. This shock has mean zero, variance σ2ξ,m, and is independent across
periods and alternatives. Importantly, the agent does not know the vector ξi,a at the time
she chooses sectors. Therefore, ξi,a,m is not an element of the agent’s information set (or
state space).

The Health-Education and Early Childcare Education sectors (m = 2, 3 respectively),
share all parameters of the skill function, except for the individual-specific heterogeneity
βm,0 and the variance of the shock ξi,a,m.21

4.3. Preferences

4.3.1. Work (m = 1, 2, 3)

The per-period utility function associated with working in the sectorm, form = 1, 2, 3, is
given by

ui,a,m = wi,a,m + ri,a,m + εi,a,m,(6)

The reward for working in a particular sector is given by the wage function wi,a,m and
a non-pecuniary reward ri,a,m specific to that sector. The remaining term εi,a,m is the
preference shock of choosing alternativem. The non-pecuniary reward of a sector, ri,a,m:

ri,a,m = γm,0 + γm,11{gi,a ≥ 16} + γm,21{di,a–1,m = 0} + γm,3θi,(7)

where we allow for a sector-specific constant, a return for having completed a 4-year
21However, we allow the rental price pm and the parameters of the utility functions to differ.
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degree, and a switching cost, respectively.

4.3.2. Schooling and Home

The per-period utility of attending school is given by

ui,a,4 = α0 + α1θi + α21{12 < gi,a ≤ 16} + α3a + α4Ci + εi,a,4.(8)

The parameters α2 capture the schooling costs of attending college, α3 captures the
age effects in school enrollment, and α4 captures the return to cognitive ability in school
enrollment. The type-specific reward from attending school is given by α1θi and εi,a,4 is
the school preference shock.22

Lastly, the utility from staying home consists of a type-specific component θi, age and
age squared effects, demographic effects, and a home preference shock εi,a,5:

ui,a,5 = α5 + α6θi + Ziα7 + εi,a,5.(9)

4.4. Initial Conditions, Timing, and the State Space

The initial conditions consist of the education level at age 19, (gi,19), the accumulated work
experience at age 19, (xi,19 = 0), cognitive ability, (Ci), and demographic characteristics
(Zi). The decision process follows the timing structure described below:

1. Preference shocks εi are realized;

2. The individual chooses the activitym with highest utility;

3. The wage shocks ξi,a are realized;

5. Experience xi,a and education gi,a are updated according to the laws of motion (4);

6. Move to a + 1 and return to 1 until reaching terminal age A.

The individual i’s state space at age a is given by Si,a = {θi, Zi, gi,a,di,a–1,xi,a, εi,a}. Note
that it does not include the vector ξi,a.

22We remind the reader that we discarded individuals with less than a high school diploma because such
a diploma is required for an individual to be a teacher in the ECE sector.
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4.5. Identification

Heckman (1981); Heckman and Singer (1984); Keane and Wolpin (1997) discuss the iden-
tification of structural parameters in this canonical model. Because of the parametric
assumptions we imposed in our structure, the problem in the last period is similar to
a multinomial logit conditional on types. We identify the parameters of the wage offer
function by estimating parametric control function type regressions from the last pe-
riod data. Then, the utility function parameters are identified up to location and scale
normalizations.

4.6. Estimation

4.6.1. Solving the Model

At any age a, the individual’s objective is to maximize the expected present value over all
possible sequences of future choices given the current state space Si,a. The preference
shocks ε are assumed to be Type 1 Extreme Value. The wage shocks ξ are normally dis-
tributed conditional on types. Let δ̄ denote the discount factor. The value function at age a
is given by:

V (Si,a, a) = maxdi,a,m
E
[ A∑
t=a

δ̄t–a
5∑
m=1

ui,t,mdi,t,m|Si,a
]
.(10)

Next, we use Bellman equations to write the problem recursively. The value function is
the maximum over the alternative-specific value functions:

V (Si,a, a) = maxm∈M
{Vm(Si,a, a)},(11)

where Vm(Si,a, a), the alternative specific value functions, are defined as:

Vm(Si,a, a) = ũm(Si,a, a) + δE[V (Si,a+1, a + 1)|Si,a, di,a,m = 1], a < A,

Vm(Si,A,A) = ũm(SA,A),(12)

where ũm(Si,a, a) =
∫
ξ um(Si,a, a)dFξ. Thus, we follow Carneiro, Hansen, and Heckman

(2003) and Cunha, Heckman, and Navarro (2005) and assume that the wage shock for
sectorm, ξi,a,m, is realized after the individual chooses the sector. These studies provide
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the empirical evidence that the individuals do not know (or act on) these residual terms
when choosing sectors. In addition, this assumption delivers an expected value function
that has a closed-form solution when the preference shocks are Type 1 Extreme Value, as
shown in Rust (1987). Let Ṽm(Si,a, a) denote the alternative-specific value function minus
the current period preference shock εi,a,m,

Vm(Si,a, a) = Ṽm(Si,a, a) + εi,a,m.

Then, as shown in Rust (1987), the expected value function can be written as

E[V (Si,a, a)|S(a – 1)] = E
[
max
di,a,m

5∑
m=1

di,a,m
{
Ṽm(Si,a, a) + εi,a,m

}]

= log
( 5∑
m=1

exp(Ṽm(Si,a, a))
)
+ γ̄,(13)

where γ̄ is Euler’s constant. Therefore, the probability that individual i will choose sector
m at age a is:

Pr(di,a,m = 1|Si,a) =
exp(Ṽm(Si,a, a))∑5
j =1 exp(Ṽj (Si,a, a))

.

Starting from the last period A, for a particular value of the parameters, we calculate
the alternative specific value functions Vm(Si,A,A) for all possible combinations of the
state space Si,A. We proceed by backward induction to period A – 1, where we compute the
expected valueE[V (Si,A,A)|Si,A–1, di,A–1,m] over Si,Awhich allows us to obtainVm(Si,A–1,A–
1). From here, we repeat this procedure until we reach a = 1. With the values of Vm(Si,a, a)
for all possible periods a and associated state space Si,a, it is then possible to simulate
choices for any individual with a particular starting value of the state space.

To simplify the estimation, we discretize the unobserved heterogeneity θi into K fixed
types θki with probabilities πk. We choose K = 4 pairs of Guass-Hermite nodes and weights
as the values and probabilities, respectively.
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4.6.2. Method of SimulatedMoments

We estimate the model parameters by Method of Simulated Moments (MSM).23We, there-
fore, retrieve the set of initial conditions for a subset of individuals and several empirical
moments related to themodel. This approach allows the simulation of the set of individuals
starting from their initial conditions.

The MSM’s objective is to minimize the weighted difference between empirical and
simulated moments with respect to the unknown set of structural parameters ϕ. LetMD
denote the vector of moments calculated from the observed data, andMS,RN (ϕ) denote the
vector of moments derived from RN simulated samples of size N, where wemake clear the
dependence of the simulated moments to the structural parameters.24 The minimization
problem is:

ϕ̂ = argmin
ϕ
(MD –MS,RN (ϕ))

′W (MD –MS,RN (ϕ)),

whereW is a positive definite weighting matrix.25

The simulation proceeds in the following manner. Given a set of parameters ϕ′:

1. Solve the model by backward induction and obtain Vm(Si,a, a) for all possible state
points;

2. Draw sequential shocks {εi,a,m, ξi,a,m} and compute:

2a. Choice sequences di,a,m form = 1, 2, 3, 4, 5;

2b. Earnings sequences wi,a,m form = 1, 2, 3;

4. Repeat 1-2 for i = 1, . . . ,N.

We set the number of replication RN to 20. The weightingmatrixW is a diagonal matrix
where each element of the diagonal is the variance of the empirical moments, computed
by resampling the data 200 times.26

23We do so because the ERC servers, where the data resides, are not high-performance computing ma-
chines, and we cannot retrieve an entire data set containing all the information needed to estimate the
parameters through maximum likelihood.
24For a given simulated sample r, let ζr denote the sequence of shocks {εs,a,m, ξs,a,m} for s = 1, ...,N, and

MS,r(ϕ, ζr) the vector of moments. We defineMS,RN (ϕ) =
1
RN

∑RN
r=1MS,r(ϕ, ζr). Note that ζr remains fixed

throughout the estimation procedure to avoid noise in the objective function.
25The consistency and asymptotic properties of these kind of estimators are discussed in Gourieroux,

Monfort, and Renault (1993).
26This particular weighting matrix is used in similar settings. See Eisenhauer, Heckman, andMosso (2015);

Todd and Zhang (2020).
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We have a set of 50 parameters and 370 moments. The moments are:27

1. Choice frequency for each period (55 moments)

• The fraction of individuals in each of the 3 sector categories

• The fraction of individuals in school

• The fraction of individuals at home

2. Earnings for each period (66 moments)

• The average log earnings for each sector

• The standard deviation of log earnings for each sector

3. Transition matrix of the five choices from current to next period (25 moments)

4. Correlations between endogenous variables (36 moments)

5. Turnover for each period and working sector (30 moments)

6. Linear Probability Model regressions for each decision (158 moments)

4.7. Parameter Estimates

Table 7 shows the structural parameter estimates and their standard errors. In Panel A,
we show the estimates for the wage offer functions and the non-pecuniary component
of the working options. We highlight that besides the constant and the parameter for
the heterogeneity, all other parameters within the earnings offer function across Health-
Education (HE) and ECE are constrained to be the same. We focus our discussion on the
joint Health-Education and ECE parameters. We see that the natural log of labor income is
a concave function of experience. On the other hand, onemore year of schooling increases
earnings by about 15% in all sectors. The non-pecuniary utility from the ECE sector is
around $14,000 for non-college graduates. However, we estimate a large and negative
impact of a college degree on the ECE sector relative to Others, with a penalty of around
-$120,000. We also highlight the large negative penalty as age increases for the ECE sector.
We estimate these parameters because the probability of working in the ECE sector are
much lower for college and older individuals.
27See Appendix C for a detailed description of all moments

29



TABLE 7. Model Estimates

Panel A: Estimates forWorking Choices

Others Health-Educ (HE) ECE
Param. S.E. Param. S.E. Param. S.E.

Rent 8.7136 0.0021 9.1309 0.0016 8.7311 0.0023
Heter. -0.6039 0.0018 -0.0022 0.0006 -0.984 0.005
Exp. Others 0.2478 0.0003 0.0252 0.0001
Exp. HE 0.0101 0.0002 0.0561 0.0003
Exp. ECE 0.0013 0.0002 0.0225 0.0002
Own Exp.2 -0.0107 0.0 -0.0205 0.0002
Own Exp.× Educ. -0.0474 0.0005 -0.01 0.0003
Education 0.1459 0.0005 0.1681 0.0001
Achievement 2 0.2077 0.0033 0.1352 0.004
Achievement 3 0.063 0.0164 1.0091 0.004
Wage Shock Sd. Dev. 0.5107 0.0035 0.3594 0.0035 0.2135 0.0035
Non-Pecunary Component
Constant - - 1.1196 0.0095 1.4714 0.0094
Educ > 3 - - -1.1507 0.025 -12.8052 0.1326
Age - - -0.0286 0.0008 -0.0302 0.001
Switch Cost - - -3.0786 0.0104 -3.7045 0.0144

Panel B: Estimates for Schooling and Home

Schooling Home
Param. S.E. Param. S.E.

Constant. 2.5293 0.027 Constant 1.9543 0.008
Heter. 0.145 0.0083 Heter. 1.1493 0.0103
Post-grad util. -1.6862 0.0218 Reduced Lunch -0.1641 0.0029
Age -0.4164 0.0028 Hispanic 0.0002 0.0001
Achievement 2 0.933 0.0261 White 0.0033 0.0005
Achievement 3 0.6285 0.0322

Note: This table shows parameters estimates and standard errors from the model. Coefficient units outside
the wage offer functions is $10,000. Sample consists of 328,682 individuals between 19 and 29 years old.
Achievement is discretized into 5 dummies representing 5 quantiles. Achiev. 1: < 12, Achiev. 2: (12.0, 13.0],
Achiev 3: > 13.0. Omitted category in Ethnicity dummies is African American.
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4.8. Model Fit and Unobserved Heterogeneity

Figures A9, A10, and A11, and Table A5 displays simulations from the model using the
estimated parameters and compare it with actual data. In general, the model estimates
captures the general patterns of the data. Schooling frequency drops off as age increases,
and employment in the Health-Education sector increases with age. Earnings of each
sector is increasing and concave. Standard deviation of earnings are flat and around 1.0.
The model has more difficulty in capturing turnover dynamics, but the general values
are within the range. Finally, the transition matrix has a good fit. Others and HE sectors
exhibit higher own attachment, while ECE displays only a 56% attachment from t – 1 to t.
Between sector transitions are similar between model and data, with ECE choices in t – 1
transitioning to Others the most.

In Table A6, we display the distribution of unobserved types as estimated by the model.
As explained in section 4, we fix 4 points using Gauss-Hermite weights and nodes as
probabilities and values. For example, Type 1 has a 4.6% probability with value –2.33, and
so on. However, we allow a coefficient to multiply the type of the individual in the utility of
each choice. Table A6 shows the type value multiplied by the coefficient for each choice.

Due to the symmetry of the fixed values, Type 1 individuals will either have the most
or least comparative advantage in a sector, while Type 4 will have the opposite advantage
of Type 1. In general, Type 2 individuals have larger rewards in ECE and Others sectors,
while Type 3 have advantages on School and Home.

This pattern is seen also in Table A7, where we show the relative frequencies of Types
in each sector. Type 2 individuals are more likely to be employed in working sectors, while
Type 3 individuals are more likely to be either in School or Home.

5. Treatment Effects and Ex-Ante Policy Evaluation

5.1. Static Treatment Effects

We simulate the model using the estimated parameters under a counterfactual situation
where the ECE sector is unavailable in the choice set and compare it to our baseline
simulation. Our motivation is understanding where ECE workers would go and how their
earnings would change if the ECE sector were unavailable. Table 8 shows, for every period,
what sector ECEworkers choose in the counterfactual simulation whenever the ECE Sector
was their choice in the baseline simulation. We see that in general, the HE sector is the
most common second-best choice. When individuals are 19 years old, schooling is the
third-best choice. However, working in another sector becomes the second best choice
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after age 20.

TABLE 8. 2nd Best Choice When ECE Sector is Not Available

Age Others HE School Home

19 0.18% 69.51% 25.5% 4.81%
20 26.66% 46.23% 20.97% 6.13%
21 33.91% 37.35% 21.72% 7.02%
22 35.46% 33.93% 23.86% 6.75%
23 35.29% 33.51% 23.96% 7.24%
24 35.65% 34.85% 22.48% 7.03%
25 36.56% 36.16% 19.57% 7.71%
26 36.92% 38.27% 17.23% 7.58%
27 36.81% 41.54% 13.57% 8.08%
28 37.12% 42.79% 10.7% 9.4%
29 38.53% 43.31% 7.5% 10.67%

We use these counterfactual choices to estimate the "treatment effect" of working in the
ECE sector. We compute two different statistics. The first one, which we call the "treatment
effect on the treated", is the difference between log earnings in the ECE sector from the
baseline simulation and the log earnings of the second-best working sector:

(14) TT = E[ yi,a,ECE|di,a,ECE = 1] – E[ yi,a,SBWS|di,a,ECE = 1].

The variable yi,a,SWBS denotes the earnings in the second-best working sector. Note
that this alternative is not necessarily the second-best among all alternatives because the
individual could choose enrollment in school or home production, in which case we would
not observe earnings. Therefore, we estimate the "treatment effect on the treated" by using
the earnings in the best alternative among working other than the ECE (i.e., Others or HE).

The second statistic is what we call the ‘treatment effect on the untreated‘, which
is the difference between log earnings in the ECE sector and the other working sectors
conditional on the individual choosing any otherworking sector on the baseline simulation.
That is,
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(15) TU = E[ yi,a,ECE|di,a,Others + di,a,HE = 1] – E[ yi,a,FBWS|di,a,Others + di,a,HE = 1].

The variable yi,a,FBWS denotes log earnings in the first-best working sector since it is
the one they factually choose.

We present the results in Table 9. The first row shows the estimates for the treatment
effect on the treated, while the second row displays our estimates of the treatment effect
on the untreated. The first column presents the parameters according to equations (14)
and (15), while the second and third rows presents our estimates when we disaggregate
the first- or second-best working sector. According to the structural model, the estimates
of the earnings penalty are -12% for the individuals who choose to work in the ECE Sector
and slightly greater (-13%) for the workers who choose to work in the Non-ECE Sectors.

We can investigate how these treatment-effect parameters vary according to the first-
or second-best working sector. For both treatment effect parameters, the penalty is much
larger if the first- or second-best working alternative is "Others," and much smaller if HE.

TABLE 9. Treatment Effect Parameters

ECE - Best ECE - Others ECE - HE

Treatment Effect on the Treated -0.12 -0.13 -0.03
(0.004) (0.005) (0.013)

Treatment Effect on the Untreated -0.13 -0.19 -0.002
(0.001) (0.001) (0.001)

5.2. Dynamic Treatment Effects

Our estimates indicate that working in the ECE sector has a short-term penalty in earnings.
Next, we investigate if working in the ECE sector impacts the individual in the long run. To
do so, we estimate a dynamic treatment effect (e.g., see Heckman and Navarro 2007; Heck-
man, Humphries, and Veramendi 2016). Our thought experiment is as follows. Consider an
individual who chooses to work for the first time in the ECE sector at age a = ā. We observe
this individual’s accumulated experience in each industry and educational attainment at
age 29. Then, we go back to age a = ā and remove this individual’s choice of working in
the ECE sector. Therefore, this individual will now have to choose between working in
the Others or HE sectors, enrolling in school, or engaging in home production. We then
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simulate this individual’s life from a = ā until age 29, and we obtain the estimates of the
counterfactual accumulated experience in each industry and educational attainment at age
29.28 The goal of this design is to understand what would have happened to individuals in
the long run had they not chosen the ECE sector. Thus, we define the Dynamic Treatment
Effect on the Treated as follows:

DTT = E[ yi,29,CF] – E[ yi,29,B],(16)

where yi,29,CF denotes an outcome yi,29,CF denotes an outcome at 29 years old under the
counterfactual simulation,while yi,29,B is the same outcomeunder the baseline simulation.
In our simulations below, these variables are accumulated experience at age 29 (in each
sector) and educational attainment at age 29.

TABLE 10. Dynamic Treatment Effects at 29 Years Old

Dynamic Treatment Effect
Accumulated Experience by age 29 years
Others 0.31

(0.005)
HE 1.03

(0.006)
ECE -1.71

(0.007)
Educational Attainment by age 29 years 0.30

(0.004)
This table shows the impact of different outcomes at 29 years old between a counterfactual and baseline
simulation. The counterfactual simulation removes the ECE sector as an option only the first time it is
chosen, after which individuals have the choice to select it again. We compute the dynamic treatment effect,
which is the difference in outcomes at 29 years old between the counterfactual simulation and the baseline
simulation. First entry is the first time an individual ever entered the ECE sector. Duration is calculated as
the number of consecutive years in a sector. Education is the number of accumulated years in school.

We present the results in Table 10. Experience in the ECE sector decreases by 1.71 years
on average, while there is an increase of 1.03 years for the HE sector. The increase of
accumulated experience in Others is of about 0.3 years. Finally, working in the ECE Sector
for one period reduces educational attainment at age 29 by 0.3 years. These results indicate
that the majority of individuals that are forced to not choose the ECE sector end upmoving
to the HE sector and they accumulate more education.
28Note that the individuals can make any choice after age ā, including the ECE sector.
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5.3. Labor Supply and Turnover Elasticities

As we discussed in the introduction, Virginia and Texas have implemented pilot wage
supplementationprograms.As documented inBassok et al. (2021a), theprogram inVirginia
was uniform across the state. In Texas, these programs were initiated by the State using
funds allocated by the Child Care and Development Block Grant (CCDBG) Act of 2014. The
State requested each region to develop a wage supplementation plan for ECE workers
as part of a broader effort to support childcare programs struggling due to the Covid-19
pandemic. As a result, these plans varied by regions, with values ranging from $120 to
$3,900 bonuses per staff per year. These bonuses represent between 0.5% and 15.6% of the
yearly earnings of childcare programs reported by the Bureau of Labor Statistics.
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FIGURE 6. Impact of an Increase in Earnings on Employment in the ECE Sector

We use our model estimates to evaluate policies that provide these bonuses for workers
in the ECE sector. We simulate rewards that represent 1% to 50% of the labor income.
Specifically, we simulate the model using the estimated parameters but in every period we
increase the ECE earnings offer functionwi,a,m from Equation 6 by the desired percentage.
These bonuses are static in the sense that we do not incorporate these increases to future
offer functions. In other words, an individual choosing in period t whether to work in
the ECE Sector incorporates the bonus in their decision making, but does consider that
the bonus will also occur in periods a + 1, . . . ,A. This simulation provides estimates of
the elasticity of labor supply in the ECE sector. As argued in Borowsky et al. (2022), this

35



parameter is key to determine the costs of increasing the supply of high-quality childcare
programs. Unfortunately, as these authors document, there are very few estimates of
this crucial parameter in the literature. We use our data and model to fill this significant
research gap.

Figure 6 shows that the labor supply elasticity is very high in theECE sector. For example,
a bonus that increases earnings by a 25% increase in labor income would lead to a 50%
increase in employment in the ECE sector. Figure 6 also shows that the elasticity accelerates
as the relative importance of the bonus increases. For example, the employment in the
ECE sector doubles before the bonus represents a 50% rise in earnings.

There are only two estimates of the elasticity of labor supply for workers in the ECE
sector. Blau (1993) uses the March CPS from 1977 to 1987 to obtain a sample of all female
childcare workers and a random subsample of all other women in the same age range. His
final sample contains 4,305 childcare workers, 7,180 other workers, and 3,710 nonworkers.
In his model, workers choose both the sector and the hours worked if they choose to
work. The estimate of the elasticity in the extensive margin is 1.2. In contrast, the estimate
for the intensive margin is .74. Combining these two estimates generates an elasticity of
labor supply equal to 1.94. In his influential book on childcare, Blau (2001) extends the
analysis to 1987 and reports extensive, intensive, and overall estimates of the labor supply
elasticity equal to 0.73, 0.42, and 1.15, respectively. Our estimate is slightly larger than the
ones previously reported in the literature.

As discussed above, changes in wages also impact duration, which is key to delivering
high-quality childcare services. Figure 7 displays how these bonuses impact turnover
in the ECE sector. We find that the turnover elasticity is around 0.5, thus inelastic. For
example, a 20% increase in earnings reduces turnover by 10%. In addition, this elasticity
does not change with age.

Akai and Jibiki (2021) explore a policy change in Japan to estimate the impact of hourly
wages on intention to leave the sector. Under the new policy, the government increased
the subsidies to private (but not public) providers gradually. Importantly, the increase
in the subsidy was tied to the average experience of childcare teachers in each provider.
Thus, the subsidy rates increased more for programs with more experienced teachers
(see Figure 1 in their paper). These authors use data from the 2013 and 2018 Survey of
Licensed Childcare Providers in Tokyo and a difference-in-difference strategy to identify
the parameters of interest. They find that the policy increased teachers’ wages by 7%.
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FIGURE 7. Impact of an Increase in Earnings on Turnover in the ECE Sector

Interestingly, their dataset does not have information on turnover. However, the survey
elicits elicits the respondents’ intention to leave their jobs. They find that the policy reduced
intention to leave by 19%. This result means that a 7% increase in wages reduced the
intention-to-leave by 19%. If we equate intention with actual turnover within a year, they
find that the turnover elasticity is 2.7, thus significantly greater than our estimates.However,
it is also possible that the intention to leave does not translate into turnover from one
period to the next.

5.4. Wage Supplementation Policies

Next, we evaluate two policies aimed at increasing earnings in the ECE sector. Our policies
reflect the wage supplementation programs implemented in Virginia and Texas. The first
policy is to give a static $1,500 bonus to ECEworkers in every period. 29 This bonus is similar
to a signing bonus. We also simulate a $1,500 bonus conditional on having worked in the
ECE Sector in the previous period. This bonus is similar to a retention award. Therefore,
an individual choosing whether to work in the ECE Sector in period t takes into account
that, in period t + 1, they will earn the bonus if they continue working in the sector.

The static bonus substantially impacts recruitment into the ECE Sector as it increases
the fraction of ECE workers (i.e., individuals who work in the ECE Sector for at least a
29A $1,500 bonus represents an increase in earnings offer of about 17% in our simulated baseline.
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quarter) by approximately 14%. In contrast, the dynamic bonus has negligible effects on
recruitment. This difference between the two policies is because the dynamic bonus only
kicks in if the individual chooses to work in the ECE sector for two periods. On the other
hand, the static bonus applies to the current decision period. Table A8 shows that neither
policy leads to changes to the composition of the ECE workforce by race or ethnicity,
economic status, or achievement (anchored test scores).

These two policies also attract a different composition of movers. As Table 11 shows,
the static bonus attracts primarily workers who would be in the HE sector without this
intervention. In contrast, the dynamic bonus draws uniformly from all industries.

Table 12 shows the impact of these wage supplementation programs on duration and
turnover in the first spell of ECE employment and total experience in the ECE sector by age
twenty-nine years. Duration is the number of consecutive periods a person is employed,
while turnover indicates the proportion of individuals leaving the industry each period.
The dynamic bonus has a slightly larger impact on turnover, duration, and accumulated
experience. The duration in the first ECE employment spell and overall accumulated
experience increase by around 6.5% for the static case and around 8% for the dynamic
one. In addition, the static and dynamic bonuses reduce the turnover rate by 6.82% and
8.18%, respectively.

TABLE 11. Movers of Wage Supplementation Policies

Sector in Baseline Static $1,500 Bonus Dynamic $1,500 Bonus
Others 19.3% 30.1%
HE 54.9% 23.1%
School 20.7% 22.4%
Home 5.1% 24.4%

This table shows which sectors individuals would be in the absence of counterfactual wage supplementation
programs. The percentages denote which sector they come from due to the policy.

The impact of the simulated policies can be compared to an experiment conducted in
Virginia and analyzed in Bassok et al. (2021a). In 2019, Virginia implemented a program
that offered up to a $1,500 compensation bonus if educators in early childhood settings
remained in their position over 8months. Thus, this policy is similar to the dynamic bonus
we consider in our analysis. The authors of the study conducted a Randomized Controlled
Trial to assess the impact of the bonus on turnover. They found that the turnover rate
decreased by 49.6%. Interestingly, the $1,500 bonus in Virginia represents a 4.4% increase in
earnings. These findings indicate a turnover elasticity of -11.2, which indicates a very large
elasticity over 300% greater than the one reported by Akai and Jibiki (2021). If the Virginia
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RCT has external validity, then it is possible to greatly impact turnover with policies that
have very low costs.30 31

TABLE 12. Impact of Wage Supplementation Policies on Outcomes

Baseline
Value

Static
$1,500 Bonus
(% Change)

Conditional
$1,500 Bonus
(% Change)

Duration at first spell 1.95 6.12% 7.97%
Turnover at first spell 0.47 -6.82% -8.18%
Accumulated Experience in the ECE Sector 1.86 6.75% 8.22%

This table shows the impact of different earnings policies. The "Baseline" column shows the same statistics
implied by the model with no policy. The second column shows the percent change in overall composition
after a static $1,500 bonus, the third column shows the percent change in composition after a conditional
$1,500 bonus. Duration is calculated as the number of consecutive years in a sector, and turnover is the
fraction of individuals who leave the ECE sector at the end of the period. Accumulated experience is the
number of periods that the individual worked (consecutively or not) in the ECE sector by age twenty-nine
years.

Our dynamic bonus reduces turnover rates by only 8.2%, thus a much smaller rate. In
contrast, the $1,500 represents a 17% increase in annual earnings in our sample. Therefore,
under the dynamic bonus, the elasticity is approximately -0.48, or 23 times smaller than
the elasticity implied by the estimates reported in Bassok et al. (2021a). Our estimates
indicate that it will require much more ambitious wage supplementation programs to
impact turnover rates significantly.

Several factors can explain the difference in impacts. While Bassok et al. (2021a) an-
alyzes a sample of early childhood educators that includes Assistant Teachers and Lead
Teachers in childcare programs but also from early childhood programs in school sites.
Our sample consists of workers in the ECE sector, which includes more than educators
and teachers.

Second, the sample of childcare (Assistant and Lead) Teachers in their paper is quite
different from ours. Their average age is 41 years old, with an average ECE experience
of 10 years, 47% of educators with at least a bachelor’s degree, and an estimated annual
earnings of $33,800. On the other hand, our sample consists of individuals between 19 and
29 years old, with 18% with a bachelor’s degree, and average annual earnings of $16,500.
30Bassok et al. (2021a) report the effects of the program for Assistant Teachers and Lead Teachers in

childcare programs separately. Thus, it is possible to estimate the elasticity for these two groups separately.
If we do so, we find that the Assistant Teachers turnover elasticity is -12.3 and for Lead Teachers is -7.3.
31Bassok et al. (2021a) find no effect on turnover for teachers in early childhood programs in school sites.

Indeed, the turnover rates in the control and treatment groups are 6.4% and 7.3%, respectively.
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6. Conclusion

We study retention in the childcare sector. To do so, we construct a longitudinal dataset of
individuals born between 1980 and 1989 who attended a public school in Texas. We identify
all individuals who worked in the early care and education sector for at least one quarter.
Additionally, we matched them to other workers with the same probability of working in
the ECE sector but never did during the period of our analysis.

We use fixed effect models in our non-structural analysis. The fixed effect models
estimate that the turnover in the ECE sector is 12 percentage points greater than in other
sectors of the economy. Furthermore, thesemodels estimate an earnings penalty of 20% in
the ECE sector. We uncover much heterogeneity across education and race and ethnicity
groups. In addition, although the ECE and Non-ECE workers are observationally similar
at age 18, their lifecycle profiles of enrollment in higher education and participation in
the labor market start to diverge at age 19. Non-ECE workers are more likely to enroll in
higher education, while ECE workers are more likely to join the labor force early (between
ages 19 and 23).

Our structural model fits the data well. Our model estimates that the labor supply
elasticity in the ECE sector is approximately 2, and the elasticity of turnover is about -0.5.
Our model also suggests that the earnings premium is slightly lower at 12%. We use our
model to simulate the impact of wage supplementation interventions comparable to pilots
in Virginia and Texas. We show that such bonuses have minor effects on retention in the
ECE sector.

Our study is limited in several ways. When individuals are working, we do not observe
the number of hours worked in the quarter. We also lack information about the estab-
lishment, such as size, number of employees, location (e.g., urban vs. rural), or licensed
capacity. Thus, we cannot investigate why earnings are so much lower in the ECE sector.
We can, however, rule out particular possibilities. We adopt two distinct methodological
approaches that account for unobserved heterogeneity. Bothmethods estimate substantial
earnings penalties in the ECE sector. Thus, unobserved components of human capital are
unlikely to explain why earnings in the ECE sector are so much lower.

First, earnings in the ECE sector could be lower because workers work fewer hours.
This explanation is possible because most ECE teachers in our dataset leave the labor force
immediately after leaving the ECE sector (see Figure 3. Therefore, their annual hours may
be lower than those of other sectors.

Second, wage rates in the ECE sector are lower than what they would be in another
industry because of compensating differentials. For example, individuals who work in
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childcare are parents of young children, and the childcare firm may allow teachers to
enroll their children in the program and charge them a discounted rate. McClure (2021)
argues that such a benefit could reduce retention.

Third, customers are unable to differentiate low- from high-quality programs (e.g.,
see Gordon, Herbst, and Tekin 2021). When these informational frictions are severe,
parents are unwilling to pay a premium for high-quality programs. In this case, the market
equilibrium is one in which most programs are low-quality, charge low tuition, and pay
low wage rates.

Fourth, regulations in the childcare market increase the cost of operating a home- or
center-based program, reduce the supply of seats, and potentially diminish wages in this
industry. Indeed, a large body of literature finds that more stringent regulations reduce the
availability of seats in home- and center-based programs, particularly in markets where
families are economically disadvantaged.32 However, to our knowledge, studies have yet
to be conducted on the impact of regulations on teacher pay.

Finally, childcare firms may engage in monopsonistic wage setting practices (e.g., see
Card 2022, for a discussion of this literature). Such a situation could occur if ECE workers
search for employment in locations with very few firms and, thus, little competition for
labor. Our analysis shows that these workers have employment opportunities in many
other sectors of the economy, so the local marketsmust have very few firms in such sectors.
Another possibility is that there is collusion in this market. Again, such a possibility would
have to be consistentwith the fact that this industry is extremely diffuse as Statista Research
Department (2022) reports that the ten largest providers serve less than six percent of the
children in this market. Another challenge for this explanation is that for-profit firms in
this sector have profit margins of 1% (Davies and Grunewald 2019).

We also uncovered that the earnings penalty varies with race or ethnicity and educa-
tional attainment. These findings are consistent with the results reported by Boyd-Swan
and Herbst (2018). These authors conducted a resume audit experiment and provided
evidence indicating the existence of racial and ethnic discrimination in hiring practices.
In addition, their data shows that customer discrimination may explain some of the hiring
behaviors of program directors.

Identifying the factors determining this penalty is a necessary next step in research
because one needs to understand the cause to design interventions to increase retention.
If the duration of employment spells continues to be low, the investments in professional
development will not translate into better developmental outcomes for children.
32Hotz andWiswall (2019) and Herbst (2023) provide in-depth discussions about the literature investigating

how regulations impact the supply of childcare.
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Appendix A. Data

We now describe in more detail how each data source was cleaned, which is also sum-
marized in Table 1. In the TEA data, we first restrict the individuals to those born be-
tween 1980 and 1989. Due to privacy requirements, the birth year of an individual is not
included, only his or her age on September 1st. We calculate birth year as BirthYear =
AcademicYear – Se pt1stAge – 1. We also drop invalid unique identifiers, individuals with
varying birth year, sex, and ethnicity across years, and duplicates with respect to ID, dis-
trict, and year. The end result is a longitudinal data with around 3.2 million individuals
across 19 million observations.

The THECB data also includes September 1st age of individuals, so we could have
proceeded in the same manner as in the TEA data to select those born between 1980
and 1989. This scenario would include anyone who did not attend any K-12 in Texas. To
keep access to K-12 education, we decided to include only those individuals born between
1980 and 1989 that were found in the TEA data. We also drop invalid identifiers and exact
duplicates. Additionally, many individuals were enrolled in two different institutions or
majors, so we keep the one with highest credit-hours in that period. The end result is a
longitudinal data with 9 million individuals across 66 million observations.

Finally, the TWC data does not contain any demographic information, so it is necessary
to restrict the individuals to those found in the TEA that were born between 1980 and 1989.
The TWC data is an employment report that companies have to report for unemployment
insurance purposes. However, the only information available is the NAICS sector code of
the individual’s employer and the quarterly wage. Therefore, an individual in a quarter can
have multiple ‘sector jobs’, and the total quarter wage does not account for hours worked.

Take as an example a worker starting January 1st. This person worked for 2 weeks and
left the job. Then, in February, the worker started in another job in the same sector for 3
weeks, and inMarch the workermoved to a different job in another sector. In the TWC data,
this individual will show as three different observations (with the same identification),
two of them with the same NAICS code. Similarly, if this worker had actually been in two
simultaneous jobs, it would still show up as two different observations.

We cannot identify whether the individual was in a ‘true simultaneous’ jobs situation or
if it was simply a transition. However, we identify a main job of the individual in a quarter
and we deal with observations with very low wages (signaling that it was most likely a
short tenure job).

We first deal with very low wages by identifying ‘valid’ job spells. We consider a valid
spell one in which the individual earned at least the equivalent of working 20 hours per
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week during at least 2/3 of the quarter (8 weeks) at minimumwage.33 In Table A1, we show
the wage cutoff and the percentage of spells that lie above the cutoff. Every observation
that had a wage below the cutoff was dropped of the sample.

TABLE A1. Job spells cutoff according to earnings

Year Min. Wage Wage Cutoff % of Valid Spells Number of Valid Spells
Before 2007 $5.15 824 66.3 34,938,780
2008 $5.85 936 78.2 6,511,620
2009 $6.55 1048 81.1 6,172,918
After 2010 $7.25 1160 86.6 63,195,880

Note: The wage cutoff is calculated by multiplying the minimum wage of the year and 8× 20, representing
the equivalent of a job spell that lasts for two-thirds of a quarter at 20 hours per week. Any observation that
had a wage below the cutoff was dropped.

After keeping only observations that reported a minimum quarterly wage, we then
identify the main job spell of a quarter for any individual. We consider as the main job the
sector-job that had the highest reported wage in that quarter. Table A2 shows the number
of individual-quarter observations that reported having more than one job.

TABLE A2. Number of individual-quarter observations with more than one job

# Jobs N
1 110,819,198
2 7,158,563
3 339,875
4 25,794
5 or more 10,523

Note: This table reports the frequency of number of jobs an individual has in any given quarter.

The final TWC data has 2,813,972 unique individuals across 89 quarters from 1997Q1 to
2019Q134. We construct a balanced panel with these dimensions and merge in information
33This is similar to themethod used inKeane andWolpin (1997). In that case, theNLSY asked retrospectively

for work status during the first, seventh, and thirteenth week of each quarter for a total of 9 weeks during
a year. Therefore, an individual was considered as working during that year if he was working in at least
two-thirds for at least 20 hours per week on average.
34We also document very highwages that are inconsistent with the other reportedwages for that individual.

We classify a high wage as an outlier if: (i) it was higher than $10,000; (ii) the previous and the following wage
earned was at least 10 times smaller; and (iii) it was the largest wage observed for that person and it was at
least 10 times higher than the second largest observed wage. Note that for criteria (ii) we consider a previous
or following wage not only consecutive quarters but the closest observed wage. For these outliers, if there
was a previous and following consecutive quarter with observed wages, we replace it with the mean of these
two values. In all other cases, we delete that observation and consider the person not employed.
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from the TEA, THECB, and TWC. For the TEA and THECB, the data was reported yearly
so all quarters of a year are used. Of all quarters in which there was a TWC observation,
about 35% also were quarters where the individual was either in the TEA or THECB. In
these cases, we consider the main activity as being either ‘In school’ or ‘In college’. Table
A3 shows how many individual-quarter observations were both reported in the TEA or
THECB and TWC.

TABLE A3. Activity in a quarter, conditional of being reported as working in TWC

Activity N
In School 8194518
In College 20545364

Note: This table reports the number of observations when an individual was both in TEA or THECB and
TWC. In these cases, we classify the main activity of the individual in that quarter as being either the TEA or
THECB reports.

Appendix B. Anchoring Test Scores

In this section, we describe the procedurewe follow to anchor raw test scores on a common
metric. Let Si and θi denote educational attainment and academic skills, respectively. We
assume that:

(A1) Si = θi + εi,

where εi is an error term uncorrelated with θi. LetMi,t,j denote the student i’s score on
the j th standardized test of type t. In our dataset, J = 2 (math and ELA) and T = 2 (TAAS
and TAAK). We assume that:

(A2) Mi,t,j = λ0,t,j + λ1,t,j θi + ηi,t,j .

We note that a student only takes one type of test, so either the TAAS or the TAKS.
Given the type t, the student takes the math and ELA tests. If λ1,t,j is different from zero,
then the mapping between academic skills and test scores is not comparable across tests.
Furthermore, ηi,t,j is measurement error, whichmeans that test scores are noisymeasures
of academic ability. As we show below, this measurement error brings additional problems
into the analysis. We assume independence between εi and ηi,t,j as well as between ηi,t,j
and ηi,t,k for j ̸= k.
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B.1. Anchoring to a CommonMetric

LetMm,t,j denote the set of students whose score on test type t and discipline j is equal to
m:

(A3) Mm,t,j = {i;Mi,t,j = m}.

Let Nm,t,j denote the number of students in the setMm,t,j . Then, the anchored test score
si,t,j :

(A4) si,t,j =
1

Nm,t,j

∑
i∈Mm,t,j

Si.

If we assume that Nm,t,j is large, it follows that:

si,t,j = E
[
Si|Mi,t,j = m

]
;

si,t,j = E
[
θi + εi|Mi,t,j = m

]
;

si,t,j = E
[
θi|Mi,t,j = m

]
;

si,t,j = µθ +
λ1,t,j σ

2
θ

λ21,t,j σ
2
θ + σ

2
t,j

(
m – λ0,t,j – λ1,t,j µθ

)
;

si,t,j =
σ2t,j

λ21,t,j σ
2
θ

µθ +
λ21,t,j σ

2
θ

λ21,t,j σ
2
θ + σ

2
t,j

θi +
λ1,t,j σ

2
θ

λ21,t,j σ
2
θ + σ

2
t,j

ηi,t,j ,

where from the 3rd to the 4th line we use equation A2 and the fact that θi follows a
Normal distribution.

With this equation, we can construct a measure of θi, s̃i,t,j , as follows:

s̃i,t,j ≡
si,t,j –

σ2t,j
λ21,t,j σ

2
θ+σ

2
t,j
µθ

λ21,t,j σ
2
θ

λ21,t,j σ
2
θ+σ

2
t,j

= θi +
1

λ1,t,j
ηi,t,j .(A5)

We can identify s̃i,t,j from the available data. Note that µθ = E[Si] by assumption. For
λ1,t,1, λ1,t,2,σ2t,j ,σ

2
θ, note that:
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Cov(Si,Mi,t,1) = λ1,t,1σ
2
θ;

Cov(Si,Mi,t,2) = λ1,t,2σ
2
θ;

Cov(Mi,t,1,Mi,t,2) = λ1,t,1λ1,t,2σ
2
θ;

Var(Mi,t,j ) = λ21,t,j σ
2
θ + σ

2
t,j .

If λ1,t,j ̸= 0∀j , we obtain

Cov(Mi,t,1,Mi,t,2)
Cov(Si,Mi,t,2)

= λ1,t,1

Cov(Mi,t,1,Mi,t,2)
Cov(Si,Mi,t,1)

= λ1,t,2

Then, from Cov(Si,Mi,t,1) = λ1,t,1σ
2
θ we obtain σ2θ. We can identify the last component, σ

2
t,j ,

from Var(Mi,t,j ).
Given that si,j ,t, Si,Mi,t,j are all observed in the data, it is trivial to construct estimates

of s̃i,t,j .

B.2. Addressing Measurement Error

Equation A5 provides an estimator of θi contaminated with measurement error
1

λ1,t,j
ηi,t,j .

To deal with this, note that for each individual i and test type t, we have J tests. Therefore,
since η is i.i.d with mean zero, we obtain a consistent and unbiased estimate of θi from:

θ̂i =
1
J

J∑
j =1

s̃i,t,j .(A6)

Appendix C. Moments Used in Estimation

We give a more detailed description of the moments used in estimation. Let di,a,m = 1 if
individual i chooses sectorm in time period a. Choice frequencies for each sectorm are
calculated within a period: 1N

∑N
i=1 di,a,m. Since there are 5 sectors and 11 time periods,

we have 55 moments. To calculate the average and standard deviation of log-earnings, we
follow a similar procedure but condition on the individual having worked in that time
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period. For example, average log earnings are calculated as 1
Na,m

∑Na,m
i=1 lnwi(a), where

Na,m are the individuals who chose to work in sectorm in time period a.
For turnover, we calculated for each one of the working sectors for all periods excluding

the first one. The turnover for sectorm in period a is calculated as:

tta,m =
1

Na–1,m

Na–1,m∑
i=1

di,a,m.

We compute correlations across individuals and time periods for 9 endogenous vari-
ables, namely, dummies for choice in each sector, experience in each sector, and accumu-
lated education. Finally, we also run 5 pooled linear probability model regressions, one
for each binary choice:

di,a,m = Xi,aβ + εi,a,

and use β̂ as the moments. For each working sector regression, we include polynomials of
education and experience of all sectors, interactions between education and experience,
polynomials of age, a dummy equal to 1 if education is greater than 14, lag and lead choices
and earnings, ethnicity, reduced lunch, and achievement dummies. For schooling, we
include education, a dummy equal to 1 if education is greater than 14, age polynomials,
and lag and lead choices, besides achievement dummies. Finally, for home, we include
polynomials for education and experience, interactions between education and experience,
lag and lead choices, and ethnicity and reduced lunch dummies.
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Appendix D. Additional Tables and Figures

TABLE A4. Logit Regression for Matching Algorithm

Coefficient

Constant 2.728***
(0.349)

Ethnicity (Omitted: African American)
Hispanic -0.413***

(0.015)
White -0.307***

(0.015)
Reduced Price Lunch 0.158***

(0.012)
Test Scores -0.360***

(0.004)

Observations 777,231
Note: This table shows estimates from a logit regression where the dependent variable is whether the
individual ever worked in the ECE sector. Additional control variables include birth year dummies and
dummies for the school district that individual attended their last year of high school. Robust standard errors
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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FIGURE A1. Kernel Density Estimation of Log-Earnings by Education Level
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FIGURE A2. Transition In and Out of the ECE Sector - More Sectors
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FIGURE A3. Kernel Density Estimation of Log-Earnings by Ethnicity and Eligibility Status
for Free or Reduced-Price Lunch
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FIGURE A4. Fixed Effect Estimates by Ethnicity and Education
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Appendix E. Dynamics of Enrollment in Higher Education and Labor
Force Participation

Next, we compare their life paths starting at 19. In what follows, we describe patterns of
college enrollment, participation in the labor force, and accumulation of labor market
experience.

College Enrollment. Figures A5 and A6 present data on college enrollment. Figures A5A
and A5B display college enrollment rates and accumulated credit hours by a quarter from
age 19 to 29. These figures demonstrate that ECE workers are less likely to enroll in college
after high school (Figure A5A). And, conditional on college registration, they accumulate
fewer credit hours (Figure A5B).

Figures A6A and A6B report completed educational attainment and accumulated credit
hours by age 29. ECE workers are much less likely to have four-year degrees than Non-ECE
counterparts. Non-ECE workers have accumulated more credit hours even when they
achieve similar degree levels. For example, conditional on Some College, Non-ECEs have
nine more credit hours on average, equivalent to three more courses.

FIGURE A5. College Enrollment and Cumulative Credit Hours Over Time
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FIGURE A6. Completed Education and Total Credit Hours by 29 Years Old
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Participation in the Labor Force. Figure A7A shows that ECE Workers are likelier to enter
the labor force after graduating high school. Up until 24 years old, ECE workers are, on
average, nine percentage points more likely to be in the labor force. However, Non-ECE
workers catch up by 24 years old, when most individuals leave college.

Interestingly, Figure A8 shows that accumulated experience at 29 years old, represented
by the total number of quarters worked, is not so different between the two groups. This
finding indicates that although Non-ECE workers stay outside the labor force in their early
years, they have a stronger attachment to the labor force later. Figure A7B supports this
finding by showing ECE workers are more likely to be neither in the labor force nor in
school at all times by around five percentage points. Therefore, by the age of 29 years,
ECE workers accumulate less human capital through education but slightly more through
work.
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FIGURE A7. Labor Force Attachment Over Time
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FIGURE A8. Accumulated Experience in Quarters
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Our regression equation (2) included controls for time-varying factors but not time-
invariant ones. For example, we did not have achievement scores. We expect the individual
fixed effects to capture these terms in equation (2). Figure A4 compares the density of
fixed effects for the ECE and Non-ECE workers by education and race and ethnicity groups.
The ECE density has a lower mean and variance than the Non-ECE one. The figure also
shows that the distance between the modes of the two density functions increases with
educational attainment for all races and ethnicities.
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Appendix F. Structural Model: Fit and Unobserved Heterogeneity

F.1. Model Fit

FIGURE A9. Model Fit - Choice Frequencies
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FIGURE A10. Model Fit - Earnings
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FIGURE A11. Model Fit - Turnover
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TABLE A5. Model Estimates

Data

Others EH ECE School Home
Others 0.77 0.04 0.01 0.03 0.15
EH 0.08 0.76 0.01 0.03 0.12
ECE 0.15 0.08 0.54 0.03 0.20
School 0.09 0.04 0.01 0.62 0.24
Home 0.18 0.08 0.02 0.07 0.65

Simulated
Others EH ECE School Home

Others 0.71 0.06 0.02 0.02 0.18
EH 0.11 0.79 0.01 0.01 0.09
ECE 0.26 0.02 0.56 0.05 0.11
School 0.10 0.06 0.01 0.66 0.17
Home 0.21 0.04 0.01 0.07 0.67

F.2. Unobserved Heterogeneity

TABLE A6. Unobserved Heterogeneity Types - Coefficient Estimates

Coefficient
Estimate

Type 1 Type 2 Type 3 Type 4

Value -2.334 -0.742 0.742 2.334

Others -0.604 1.474 0.468 -0.468 -1.474
HE -0.002 0.053 0.017 -0.017 -0.053
ECE -0.984 2.506 0.796 -0.796 -2.506
School 0.145 -0.408 -0.13 0.13 0.408
Home 1.1493 -2.937 -0.933 0.933 2.937

Frequency - 4.61% 45.49% 45.29% 4.62%
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TABLE A7. Unobserved Heterogeneity Types - Simulated Distribution Among Choices

Type 1 Type 2 Type 3 Type 4

Others 0.06% 80.29% 19.42% 0.23%
EH 10.23% 76.08% 13.47% 0.22%
ECE 0.00% 76.32% 23.51% 0.17%
School 18.38% 15.71% 64.08% 1.82%
Home 0.00% 7.55% 79.19% 13.25%

TABLE A8. Impact of Wage Supplementation Policies on the ECEWorkforce Composition

Baseline
Value

Static
$1,500 Bonus
(% Change)

Conditional
$1,500 Bonus
(% Change)

ECEWorkers 0.11 13.8% 0.31%
Demographic and Economic Characteristics
White & Not Economically Disadvantaged 0.41 0.14% -0.92%
Black & Not Economically Disadvantaged 0.11 -0.88% -0.68%
Hispanic & Not Economically Disadvantaged 0.12 0.19% -0.26%
White & Economically Disadvantaged 0.06 -0.62% 3.18%
Black & Economically Disadvantaged 0.10 0.90% 1.83%
Hispanic & Economically Disadvantaged 0.21 -0.20% 0.58%

Achievement 11.81 0.06% 0.22%
This table shows the impact of different earnings policies. The "Baseline" column shows the same statistics
implied by the model with no policy. The second column shows the percent change in overall composition
after a static $1,500 bonus, the third column shows the percent change in composition after a conditional
$1,500 bonus. ECE Workers denote the proportion of individuals that at some point work in the ECE sector.
Ethnicity, Econ. (Economically Disadvantaged dummy), and Achievement are proportions. Achievement is
derived from 3 dummies representing the different ranges in the distribution. We transform them into a
continuous variable by using the midpoint of each interval.
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