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Temporary Stays and Persistent Gains: The Causal Effects
of Foster Care'

By MAX Gross AND E. JASON BARON

Six percent of children in the United States enter foster care by age
18. We estimate the effects of foster care on children’s outcomes by
exploiting the quasi-random assignment of child welfare investiga-
tors in Michigan. We find that foster care improved children’s safety
and educational outcomes. Gains emerged after children exited the
foster system when most were reunified with their birth parents, sug-
gesting that improvements made by their parents were an important
mechanism. These results indicate that safely reducing the use of fos-
ter care, a goal of recent federal legislation, requires more effective
in-home, prevention-focused efforts. (JEL H75, 121, J13, K42)

“There are two powerful, emotional story lines in child welfare ... There’s
a strong pull for us to reject the disruption of families by governmental

authorities. But children are sometimes harmed by their parents.”
— Dr. Matthew Stagner, Association for Public Policy Analysis and
Management Presidential Address, 2019

bout 250,000 children entered the foster system every year in the United States
from 2000 to 2017 because they were abused or neglected at home (AECF
2017; Children’s Bureau 2018b). By age 18, up to 6 percent of children—including
up to 10 percent of Black children and 15 percent of Native American children—
will have entered foster care at some point (Wildeman and Emanuel 2014). Among
historically vulnerable groups, foster children experience the worst life outcomes

*Gross: Mathematica (email: mgross@mathematica-mpr.com); Baron: Duke University and NBER (email:
jason.baron@duke.edu). David Deming was coeditor for this article. We would like to thank Brian Jacob, Michael
Mueller-Smith, Joseph Ryan, Charlie Brown, and Kevin Stange for their invaluable advice and guidance. We also
benefited from feedback from Anna Aizer, Mark Courtney, Ashley Craig, Joseph Doyle, Susan Dynarski, Sara
Heller, Sam Norris, Elizabeth Weigensberg, Fred Wulczyn, George Fenton, Ezra Goldstein, Matthew Gross, Parag
Mabhajan, Stephanie Owen, and Andrew Simon as well as feedback from seminar participants at Abt Associates,
the Association for Education Finance and Policy, the Association for Public Policy Analysis and Management,
Mathematica, and the University of Michigan. We appreciate the Child and Adolescent Data Lab for their gener-
osity in sharing data, Andrew Moore and Daniel Hubbard for their help with record linkage, and Jasmina Camo-
Biogradlija, Terri Gilbert, Andrea Plevek, and Nicole Wagner Lam for coordinating data access. We also thank the
many child welfare employees across Michigan for help in understanding how the system works in practice and
for bringing humanity to the data. The project received approval from the University of Michigan’s Institutional
Review Board: HUM00132379. We use data structured and maintained by the Michigan Consortium for Education
Research (MCER). MCER data are modified for analysis purposes using rules governed by MCER and are not
identical to those data collected and maintained by the Michigan Department of Education and the Center for
Educational Performance and Information.

TGo to https://doi.org/10.1257/app.20200204 to visit the article page for additional materials and author
disclosure statement(s) or to comment in the online discussion forum.

170


https://doi.org/10.1257/app.20200204
mailto:mgross@mathematica-mpr.com
mailto:jason.baron@duke.edu
https://doi.org/10.1257/app.20200204

VOL. 14 NO. 2 GROSS AND BARON: TEMPORARY STAYS AND PERSISTENT GAINS 171

(Barrat and Berliner 2013); however, there is little causal evidence on the impacts of
foster care. Pathbreaking research in Doyle (2007, 2008) studied placements nearly
two decades ago in Illinois and concluded that foster care was damaging for chil-
dren. But the foster system in Illinois was not representative of other states at the
time (Children’s Bureau 2004), and nationwide child welfare policy and practice has
since changed (ChildTrends 2018). Especially given their increased use in response
to the opioid epidemic (Talbot 2017; Neilson 2019), it is critical to understand the
effectiveness of current foster care systems.

This paper provides new estimates of the causal effects of foster care on cru-
cial indicators of child well-being: safety, education, and crime. Identifying causal
impacts is challenging because foster children differ from their peers along a vari-
ety of dimensions. To overcome selection bias, we leverage exogenous variation in
placement created by the quasi-random assignment of child welfare investigators
who vary in their propensity to recommend foster care. Using administrative records
from Michigan that link public school students to child welfare involvement and
juvenile court filings, this study analyzes over 200,000 maltreatment investigations
of school-age children between 2008 and 2016.

We find that foster care improved children’s outcomes. It reduced the likelihood
that children were alleged as victims of abuse or neglect in the future by 13.2 per-
centage points, a 52 percent reduction relative to a baseline mean of 25.5 percent.
In addition to improving child safety, placement had large, positive impacts on aca-
demic outcomes; it increased daily school attendance by 6.0 percent and standard-
ized math test scores by 0.36 standard deviations. We also find a substantial but less
precise reduction in juvenile delinquency. Taken together, these estimates indicate
that foster care had benefits in cases where investigators might disagree about place-
ment, which is a critical population for child welfare policy (Berrick 2018).

The results contrast with Doyle (2007, 2008), which used the same research
design but found that foster care reduced earnings and increased crime for Illinois
children investigated in the 1990s and early 2000s.!| In fact, we can statistically
reject that foster placement in Michigan during our sample period had the large neg-
ative impacts on children’s outcomes found in this earlier work. There are several
possible explanations for this discrepancy. A likely reason is that children’s expe-
riences while in the Illinois foster system were especially harmful. For example,
foster children in Illinois remained in the system longer than in any other state at the
time and changed foster homes at a higher rate than in all but two states (Figure||1).
Therefore, placements in other states may have been less damaging than in Illinois
and perhaps beneficial. Importantly, evidence from our study is more likely to be
representative because the system in Michigan functions similarly to others across
the country. Another explanation is that shifts in child welfare practice over time
may have helped foster systems improve nationwide, such as increasing placements

! They also differ from a sizable correlational literature that tends to find a negative association between foster
placement and children’s outcomes (Pears and Fisher 2005a; Ryan and Testa 2005; Pecora et al. 2006; Scherr 2007;
Trout et al. 2008; Wulczyn, Smithgall, and Chen 2009; Berzin 2010; Zlotnick, Tam, and Soman 2012; Barrat and
Berliner 2013). Interestingly, however, they are consistent with recent evidence on parental incarceration in the
United States from North Carolina (Billings 2019) and Ohio (Norris, Pecenco, and Weaver 2019), which is a some-
what analogous form of family separation.
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FIGURE 1. COMPARISON OF STATE FOSTER CARE SYSTEMS

Notes: These panels show statistics about state foster care systems from 1998, the first year of publicly available
data, reported in Children’s Bureau (2004), and from 2015, reported in KCDC (2015) and ChildTrends (2017b).
Due to a change in reporting, the horizontal axis shows the median number of months spent in foster care for
each state in 1998 and the average number of months in 2015. The vertical axis shows the share of foster children
who lived in at least three different foster homes in both periods. In 1998, ten states did not report either of these
statistics.

with relatives and decreasing length of stay in care (ChildTrends 2018). We find
less evidence for other potential reasons, such as differences between children at the
margin of placement.

The pattern of our results over time strongly suggests that improvements made
by birth parents were the primary channel through which foster care placement
improved children’s outcomes. In our setting, children were in the foster system for
19 months on average. During this initial period, there were no discernible differ-
ences in outcomes between children placed and not placed in foster care. Instead, the
gains in safety and education emerged in the range of three to five years after place-
ment, when most children were reunified with their birth parents.? A likely explana-
tion for this surprising pattern is that birth parents, who worked closely with social
workers following child removal, improved their parenting skills. Accordingly, we
find that perpetrators of child maltreatment, almost always a parent, were less likely
to abuse or neglect children even years later if their initial child victim entered foster
care. We also rule out several alternative mechanisms that could, in theory, drive
impacts. For example, though by definition, children moved to new homes when
they were removed, and prior work highlights the large impacts of geography on
child outcomes (Chetty, Hendren, and Katz 2016; Chyn 2018), we find no evidence
that placement caused lasting improvements to children’s neighborhoods or schools.

This paper improves upon Bald et al. (2019) and Roberts (2019), which also esti-
mate the effects of foster care using a similar research design, by demonstrating that
incomplete data coverage in these studies can create substantial bias.” Specifically,
these other studies do not follow children from the start of their child welfare

2We refer to the adult/s with legal custody of the child before foster placement as the child’s birth parents
throughout, even though in some cases the adult/s may not be their biological parent, for example, stepparents or
grandparents.

3Bald et al. (2019) studied about 12,000 children 0—17 years old and found substantial gains for girls younger
than 6 years old but imprecise null effects for other gender-age groups. Roberts (2019) examined about 17,000
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investigation. Rather, they focus exclusively on substantiated allegations (those in
which investigators found a preponderance of evidence to support the maltreatment
allegation). Such data restrictions may create bias because the same investigator
who determines foster placement also has discretion over substantiation. Thus, even
if cases are initially assigned at random, the subset of children with substantiated
allegations may not be balanced across investigators. To demonstrate this bias, in
online Appendix B, we replicate our primary analysis using only the sample of sub-
stantiated investigations and find estimates much smaller than the effects using the
full data.

Our study is especially relevant given the dramatic changes to child welfare policy
introduced in the Family First Prevention Services Act. The legislation, which took
effect in 2019, made reducing the use of foster care a federal priority by allowing
states to redirect up to $8 billion in federal funding from the foster system toward
services aimed at preventing foster care entry (Wiltz 2018). Our analysis finds that
placement improved children’s outcomes, suggesting that current efforts to prevent
child maltreatment in the home are falling short. To keep children safe at home
without foster care, it is critical for states to identify and invest in more effective
prevention services.

L. Overview of the Child Welfare System in Michigan

About one in five public school students in Michigan was the subject of a formal
investigation of child abuse or neglect by third grade (Ryan et al. 2018). One in 10
was the subject of more than one investigation, and 1 in 60 was placed in foster
care.” This section reviews the maltreatment investigation process in Michigan and
describes the state’s foster system.

A. Child Maltreatment Investigations

Figure 2 describes the maltreatment investigation process in Michigan, which
is similar to most other states. It begins when someone calls an intake hotline to
report child abuse (for example, bruises, burns, or sexual abuse) or neglect (for
example, unmet medical needs, lack of supervision, or food deprivation).” A hotline
employee, who does not participate in the investigation process, transfers relevant
reports to the child’s local child welfare office. The office assigns the report to a mal-
treatment investigator, who then has 24 hours to begin an investigation, 72 hours to
establish face-to-face contact with the alleged child victim, and 30 days to complete
the investigation.

children ages 2—17 and found positive impacts on on-time grade progression yet noisy estimates on daily school
attendance and test scores.

“These statistics reflect our calculations using the same sample as Ryan et al. (2018), which consists of over
700,000 third-grade students born between 2000 and 2006.

SThe intake process is the same regardless of the reporter. Anyone can call the hotline to report suspected mal-
treatment, yet we do not observe the reporter in the administrative data. According to publicly available data, the
most frequent reporters are people who are mandated by law to do so, such as education personnel (20.5 percent),
legal and law enforcement personnel (18.7 percent), and social service workers (10.7 percent) (Children’s Bureau
2020).
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FIGURE 2. OVERVIEW OF CHILD MALTREATMENT INVESTIGATIONS IN MICHIGAN

Notes: This figure describes the child maltreatment investigation process in Michigan. “Substantiated” means
that investigators found enough evidence to support the abuse or neglect allegation. Conditional on substantia-
tion, low-risk families receive a referral to community-based services like a local food pantry or drug rehabilitation
group; high-risk families additionally receive targeted services like substance abuse treatment or parenting classes.
In cases with the most intensive risk, the child is also removed from the home and placed in foster care.

Critical to our research design, maltreatment investigators are selected for cases
according to a rotational assignment system rather than their particular skill set.
Reports cycle through investigators based on who is next in the rotation. Since inves-
tigator assignment occurs within each local office—and within local geographic
areas in some larger counties—all of the analyses include zip code by investigation
year fixed effects, to compare children who could have been assigned to the same
investigator.”

Investigators make two crucial decisions that influence the intensity of child wel-
fare’s involvement. First, they must decide whether there is enough evidence to sub-
stantiate the maltreatment allegation. Investigators interview the people involved,
examine the home, and review any relevant police reports, medical records, or notes
from prior maltreatment investigations. Seventy-five percent of reports in 2016 went
unsubstantiated (Children’s Bureau 2018a, tables 3-1 and 3-3), meaning child wel-
fare offices did not follow up with the family further.

Second, investigators decide how much risk the child faces by continuing to live
in the home. They complete a 22-question risk assessment to compute a risk score,
which is used to determine whether foster placement is appropriate. Many of the
items require simple yes or no answers, such as “primary caretaker able to put child’s
needs ahead of own” and “primary caretaker views incident less seriously than the

SThere are two exceptions to the rotational assignment of investigators, which we exclude from the analysis.
First, given their sensitivity, reports of sexual abuse tend to be assigned to more experienced investigators. Second,
new reports involving a child for whom there was a recent prior report are usually assigned to the original investi-
gator since they have familiarity with the family. Anecdotally, such reports tend to reenter the rotation after a few
months. We exclude from the analysis those within one year of a prior investigation to be conservative.
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department.” Even with guidance on how to interpret these questions, some are
inherently subjective. Moreover, Bosk (2015) offers detailed qualitative evidence
that investigators often manipulate their responses to ensure risk scores that match
their priors. Therefore, even with a standardized system in place, investigators yield
immense discretion over foster placement.

Investigator judgment over both evidence and risk determines the outcome of
the investigation. If the investigator substantiates the allegation and the risk level is
low, the investigator must refer the family to community-based services like food
pantries, support groups, or other local nonprofits. These cases require no further
follow-up by child welfare. If the investigator substantiates the allegation and the
risk level is high, the family also receives more intensive, targeted services, such as
substance abuse treatment, parenting classes, or counseling. Local and state fund-
ing, and federal funding from Title IV-E, cover the costs of these targeted services.
Lastly, substantiated allegations with especially high risk not only trigger targeted
and community services but also require the investigator to file a court petition for
child removal. The main analysis in this study examines the combined effects of
child removal and these adult interventions on children’s outcomes, yet additional
analysis explores the effect of removal above and beyond adult services.

B. Foster Care System

Foster care is a family intervention: children are temporarily removed from their
homes while their birth parents receive services to improve their parenting. Removal
occurs quickly; just ten days pass between the start of an investigation and the
median placement. In Michigan and across the country, best practices recommend
a strict ordering of placement settings: placement with relatives, with an unrelated
family, and in group homes or institutions.’ In many cases, though, children do not
have suitable relatives available. In 2015, 41 percent of foster children in Michigan
were placed with an unrelated family, 35 percent lived with relatives, 9 percent
lived in group homes or institutions, and 14 percent lived in other settings, such
as pre-adoptive homes or supervised independent living.® It is common to switch
placement settings while in the foster system. Sixty percent of foster children in
Michigan in 2015 had lived in more than one setting, and 17 percent lived in at least
4. Michigan looks very similar to the rest of the country along these statistics (Child
Trends 2017a).

After placement, child welfare caseworkers (who are different from the investiga-
tor) meet with birth parents to create a reunification plan stating the conditions under
which they can regain custody of their child. Such plans might require the parent to
secure housing, overcome drug addiction, or keep enough food in the home. Birth
parents receive targeted services to address the challenges in their own lives, which

7 There is limited causal evidence on the effects of each placement type, and the instrumental variables design in
this study cannot separately identity each effect. However, OLS analysis in online Appendix E finds a larger positive
association between placement with relatives and children’s outcomes relative to other placement types.

8There are limited data available on the families who take in foster children. However, as shown in online
Appendix F, estimates from the American Community Survey suggest that households with foster children tend to
be larger and lower-income than other households with at least one member younger than 18 years old (ACS 2016).
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can include substance abuse treatment, parenting classes, counseling, and job train-
ing. Caseworkers monitor their progress and make changes to the reunification plan
as needed. Family reunification only occurs if a court decides that birth parents
made sufficient progress for their child to be safe in the home.

Ultimately, children in Michigan, including those outside of the analysis sample,
spent 17 months in the system on average, after which 47 percent were reunified
with their birth parents, 34 percent were adopted or had legal guardianship trans-
ferred, and 9 percent exited the system as independent adults upon turning 18. The
remaining 10 percent fell into less common exit categories, such as informal guard-
ianship with relatives, incarceration, or transfer to another agency.

Although child welfare systems vary across states, the system in Michigan is quite
similar to other states around the country on key foster care indicators. Specifically,
in 2015, Michigan (along with eight other states) ranked eighteenth in placement
length and seventeenth in the share of foster children who experienced three or more
placement settings, a measure of placement stability. Furthermore, the proportion of
children in Michigan who were reunified with their birth parents after exiting foster
care (47 percent) was very close to the national average (51 percent) (AECF 2017).
Therefore, there is little reason to suspect that the findings from this study would not
generalize to other child welfare systems across the country.

II. Data Sources and Sample Construction
A. Administrative Data Sources

This study uses administrative data from the Michigan Department of Health and
Human Services (MDHHS), Michigan Department of Education (MDE), Center
for Educational Performance and Information (CEPI), and Michigan State Court
Administrative Office (SCAO) to test the effects of foster placement on children’s
outcomes. Since there is no common identifier, we linked these files using a proba-
bilistic matching algorithm based on first name, last name, date of birth, and gender.
Overall, 84 percent of child welfare investigations of school-age children matched
to a student enrolled in a Michigan public school in the year of their investigation.
This match rate is quite high given that many investigated children should not have
matched to an enrolled public school student (for example, private or homeschooled
students, high school dropouts, and those who were not permanent Michigan res-
idents). Specifically, we estimate that if there were a common identifier, just 87.1
percent of investigated children would have matched to a currently enrolled stu-
dent.’] Online Appendix D describes the match process and match rate in greater
detail.

Child welfare data from MDHHS consist of the universe of maltreatment inves-
tigations in Michigan between August 1996 and July 2017 (MDHHS 2017). They
include details of each investigation, such as the allegation report date, allegation types

9We estimate that the remaining 12.9 percent of investigated children consist of private school students (4.6
percent), non-Michigan residents (3.4 percent), homeschooled students (2.6 percent), and youth who dropped out
of high school (2.1 percent).
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as coded by the investigator, the child’s zip code, and substantiation. Importantly,
the administrative data link investigations to placement records, which allows us to
directly observe whether a child was removed following a specific investigation. We
define treatment (foster placement) throughout the paper as removal due to a child
welfare investigation.' Conditional on placement, the data also contain limited
information on placement settings and permanency outcome (reunified with birth
parents, adopted, and so on). Critical to our analysis, the files also include unique
investigator identifiers beginning in 2008.""

Education data from CEPI and MDE cover the universe of public school stu-
dents in Michigan, including charter school students, between the 2002-2003 and
20162017 school years (MDE 2017; CEPI 2017). These records include demo-
graphic information such as race/ethnicity, gender, and free or reduced-price lunch
eligibility as well as indicators of academic progress like daily attendance rate and
standardized test scores. They also include the census block where a student lived
during the school year, which we link to publicly available census block group char-
acteristics from the US Census Bureau.

Juvenile justice data from SCAO include all juvenile court petitions filed in
almost every county in Michigan between 2008 and 2015 (SCAO 2015). A court
petition is an official document filed following juvenile arrest in cases where youth
are not immediately diverted from the courts. Petitions can be dismissed by the
court after filing and need not indicate that there was ever a formal court hearing.
The SCAO data cover 75 of Michigan’s 83 counties.'? We exclude the 19 percent
of investigated children who lived in these 8 counties from our analysis of juvenile
delinquency; the conclusions on other outcomes are similar when these children are
excluded.'

Using these administrative data sources, we construct an unbalanced panel at
the investigation by school year level and restructure non-educational outcomes to
follow the school year calendar. For example, we define maltreatment reports and
juvenile court petitions occurring between September 2010 and August 2011 as the
2010-2011 school year. Children age out of the panel for certain outcomes; for
example, the age at which young people are tried in the adult court system is 17
years old in Michigan, so 17-year-olds are ineligible for the juvenile delinquency
outcome.

10Tnvestigators are required by law to complete investigations within 30 days of a maltreatment report. Though
it is possible for investigations to take slightly longer, the process moves much faster for cases that result in foster
placement; the median amount of time between the start of an investigation and eventual placement is only ten days.

""Unlike two recent studies that offer quasi-experimental estimates of foster placement, this dataset includes
both substantiated and unsubstantiated cases (Roberts 2019; Bald et al. 2019). Online Appendix B describes how
incomplete data coverage can substantially bias estimates from the examiner assignment research design.

12 The data include Wayne County (home of Detroit) and the metro-Detroit area but exclude five urban and three
rural counties: Kent, Washtenaw, Ingham, Ottawa, Kalamazoo, Berrien, Delta, and Keweenaw. Together, these 8
counties include 3 of the state’s 10 most populated cities—Grand Rapids, Lansing, and Ann Arbor—and 3 more of
the top 30—Kalamazoo, Wyoming, and Y psilanti.

13Michigan’s juvenile arrest rate is similar to other states. The US Department of Justice’s Office of Justice
Programs reports that in 2017, Michigan ranked twentieth out of the 48 contiguous states in the lowest number of
aggravated assault arrests of persons under age 18 for every 100,000 persons aged 10-17. Illinois, the setting of
Doyle (2007), ranked eighteenth. It is important to note, however, that our juvenile delinquency measure differs
from Doyle (2007). We elaborate on this point in Table 7.
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B. Child Safety, Academic, and Crime Outcomes

We assess the effects of foster care across three dimensions of child well-being:
safety, schooling, and crime. Given that we study a variety of outcomes, multiple
inference issues can be important. For this reason, we construct a summary index of
child well-being so that the probability of a Type I error does not increase as addi-
tional outcomes are added. Furthermore, combining multiple outcomes into a single
summary index reduces measurement error by averaging across outcomes (Deming
2009). The index consists of six primary outcomes, described in detail below: two
measures of child safety, three academic outcomes, and one indicator of juvenile
delinquency.

Following Kling, Liebman, and Katz (2007) and Deming (2009), we normalize
each of the outcomes to have a mean of zero and a standard deviation of one. We addi-
tionally reverse-code “bad” outcomes (juvenile delinquency and child safety indi-
cators) so that positive values of the index represent “good” outcomes, and impute
any outcomes with missing values as the average of the remaining nonmissing stan-
dardized items in the index. Finally, we create a summary index variable that is
the weighted average of all six outcomes, where the average is weighted by the
inverse of the sample variance-covariance matrix to account for dependence across
outcomes, as in O’Brien (1984).

To measure child safety, we create indicators for whether children were the
alleged victim in a subsequent maltreatment investigation and whether they were a
confirmed (substantiated) victim in a subsequent investigation. Second, we examine
schooling by studying daily attendance rates and standardized math and reading test
scores. Daily attendance rates are the fraction of days that a student showed up to
school during the school year. Standardized test scores are normalized to have mean
zero and standard deviation one within year-grade-subject cells across the full pop-
ulation of public school students.'> Finally, we measure juvenile delinquency as the
filing of a juvenile court petition.

C. Overview of Analysis Sample

The analysis sample consists of public school students who were the alleged vic-
tim in a maltreatment investigation between 2008 and 2016. We exclude cases where
investigators were unlikely to have been quasi-randomly assigned—allegations of
sexual abuse and those involving children from a recent prior report. We also restrict
the sample to children enrolled in grades 1 through 11 in the school year of their
investigation to observe baseline characteristics and at least one follow-up year.'

14We impute missing values in this way because our best guess of the value of a missing outcome is the average
of the remaining standardized outcomes in the index.

15 These educational outcomes are included in the analysis only if they occur after a child’s investigation. That
is, we exclude scores from students investigated in the middle of the state testing cycle from the outcome analysis
since the exact dates of test administration for a given school-grade-subject are not publicly available.

!6The analysis sample excludes children who were too young to have entered school at the time of their inves-
tigation. Although these younger children appear in the child welfare data and, years later, may appear in public
school records, we find that foster placement caused a large and statistically significant reduction in the likelihood
that they ever enrolled in a Michigan public school. A likely explanation for this finding is that about one-third of
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Online Appendix D describes the sample restrictions in greater detail. Overall, we
focus on 242,233 investigations of 186,250 students and follow students for at most
9 years after their investigation.

Table 1| describes the sample. Column 1 consists of all public school students in
Michigan during the 2016-2017 school year, while column 2 consists of the inves-
tigations of children in the analysis sample. Black and low-income children were
disproportionately involved in the child welfare system; 29 percent of investigations
involved Black children, and 83 percent involved low-income children, despite their
making up just 21 percent and 49 percent of the population, respectively. Children
with child welfare involvement had noticeably lower baseline daily attendance rates
and scored about a quarter of a standard deviation worse on standardized math and
reading tests.

Column 3 describes children involved in the 2 percent of investigations that
resulted in foster placement. Relative to the overall sample in column 2, foster
children were disproportionately Black and low income, had much lower daily
attendance rates, and scored about one-tenth of a standard deviation lower on math
and reading tests. Taken together, these descriptive statistics indicate that children
placed in foster care differ in systematic ways from children who were investigated
but were not placed.

III. Empirical Strategy

A naive analysis of foster care might regress children’s outcomes, such as daily
school attendance rates or standardized test scores, on a binary treatment variable
equal to one if the child’s investigation resulted in foster placement. Even with con-
trols for a wide range of observable characteristics, estimates from such a regression
would likely be biased because foster children differ along unobservable dimen-
sions from those who were not removed. For example, they may have lived in more
difficult home environments or been more severely maltreated. Such unobserved
features would bias OLS estimates to understate the benefits of foster care and over-
state the costs.

A. Research Design

In order to overcome omitted variable bias, we use the examiner assignment
research design, which has been applied to other studies of foster care (Doyle
2007, 2008) as well as research on incarceration (Kling 2006; Aizer and Doyle
2015; Mueller-Smith 2015), disability insurance (Dahl, Kostgl, and Mogstad
2014), and evictions (Collinson and Reed 2019; Humphries et al. 2019), among
others. Specifically, we instrument for placement using the removal tendencies of
quasi-randomly assigned investigators. Children assigned by chance to especially

foster children were adopted upon exiting the foster system and may have legally changed their last name prior to
enrolling in school, meaning that the administrative child welfare and education records were unlikely to match.
It is also possible, however, that young children differentially moved out of state or enrolled in private schools.
Importantly, we find no evidence of differential attrition out of Michigan public schools for currently enrolled
students (online Appendix Table B1).
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TABLE 1—SUMMARY STATISTICS

All Michigan Analysis sample
students All Foster care
(1) ) 3)
Child sociodemographics
Female 0.49 0.49 0.47
White 0.67 0.62 0.52
Black 0.21 0.29 0.39
Hispanic 0.08 0.07 0.07
Other race 0.05 0.03 0.02
Age 11.70 10.34 10.59
Grade in school 6.15 4.76 4.93
Low income 0.49 0.83 0.87
Prior schooling characteristics
Attendance rate 0.95 0.81 0.74
Special education 0.14 0.22 0.23
Ever retained in grade 0.20 0.36 0.39
Standardized math score 0.00 -0.27 —0.36
Standardized reading score 0.00 —0.25 —0.34
Investigation characteristics
Had prior investigation 0.23 0.59 0.68
Abuse 0.32 0.26
Neglect 0.68 0.74
Substantiated 0.20 1.00
Foster care 0.02 1.00
Observations 1,262,665 242233 4,809

Notes: This table reports summary statistics for three groups of students. Column 1 consists
of the cross-section of Michigan public school students during the 2016-2017 academic year
enrolled in grades 1 through 11. All variables listed in column 1 are measured during the
2016-2017 school year, and age is defined as of September 1, 2016. Column 2 contains all
investigations in the analysis sample, and column 3 contains the subset of investigations that
resulted in foster placement. The sociodemographic variables in columns 2 and 3 are mea-
sured in the school year of the investigation. Low income is measured by free or reduced-price
lunch eligibility. The prior schooling characteristics are measured in the school year prior to
the investigation. Math and reading test scores are normalized for the entire state to have mean
zero and standard deviation of one within every subject by grade by year cell. The abuse and
neglect categories are coded to be mutually exclusive indicators such that abuse is equal to one
for any investigation that involved physical abuse and neglect is equal to one for all investiga-
tions that did not involve physical abuse.

strict investigators—those with high propensities to remove—were more likely to
enter foster care than they would have been if they happened to be assigned to a
more lenient investigator.

In order to extract signal from noise in a measure of removal tendency, we restrict
the analysis to children assigned to investigators who worked at least 50 cases, inclu-
sive of quasi-randomly assigned cases outside of the analysis sample.!” This restric-
tion leaves 3,073 investigators assigned to 315 cases each, on average. Following the
literature, we calculate the instrument as the fraction of all other investigations, both

7 Online Appendix Table A6 shows that the results are robust to larger thresholds.
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past and future, assigned to the same investigator that resulted in foster placement.
Specifically, for investigation i assigned to investigator w,

n,—1
(1) z5 = <nw%l> k;l (FCy)s
where n,, equals the total number of cases assigned to investigator w and F'Cy,, is an
indicator equal to one if investigation k resulted in foster care.'® This instrument is
equivalent to the investigator fixed effect from a leave-out regression where foster
placement is the dependent variable.

The instrument has a mean of 0.030 and a standard deviation of 0.024, indicat-
ing considerable variation in investigator tendencies. Crucial to the research design,
there is variation even among investigators who worked in the same local office.
Figure 3 shows the distribution of the instrument net of child zip code by investiga-
tion year effects. An investigator at the tenth percentile removed at a rate 2.1 percent-
age points less than the average investigator in their local area, whereas someone at
the ninetieth percentile removed at a rate 2.4 percentage points greater. Relative to
the average removal rate of 3 percent, this represents a 150 percent increase in the
likelihood of foster placement.

We use the following instrumental variables specification to measure the causal
effects of foster care:

(2) FCiw = ’ylzfew + ’YZXiw + 9r + Niws
(3) Yy, = /BlFéiw + BZXiw + 9r + €

where Y, is a child outcome, such as daily school attendance rate or score on a
standardized math test. The term X;,, is a vector of baseline covariates that includes
a variety of sociodemographic and academic characteristics, such as gender, race/
ethnicity, grade level fixed effects, baseline standardized test scores, and prior child
welfare involvement.'” ©, and 0, represent child zip code by investigation year
fixed effects to control for the level of investigator rotational assignment, restricting
the comparison to children who could have been assigned to the same investigator.
There are 7,534 unique rotation groups, consisting of 13 investigators on average.
Finally, we cluster standard errors at the child level to account for the correlation in
outcomes that arises mechanically by including the same child more than once in
the panel.”"

The parameter (3, is the local average treatment effect (LATE) of foster placement
where compliers are children for whom investigators might disagree about removal.
Given likely heterogeneous treatment effects, this study cannot speak to how foster

18 There are other reasonable ways to measure removal stringency. For example, this approach does not allow
for investigator tendencies to change over time. Section IVD describes several alternatives and shows that the results
are robust across measures.

19See online Appendix Table B10 (Column 5) for the full set of baseline characteristics.

2O There are other reasonable levels to cluster standard errors in our context, such as by investigator, by rotation
group, or by child and rotation group. Section IVD details several alternative approaches and reports that the results
are robust to the level of clustering.
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FIGURE 3. DISTRIBUTION OF INVESTIGATOR REMOVAL STRINGENCY INSTRUMENT

Notes: This figure shows the distribution of the removal stringency instrument residualized by the level of rotational
assignment. That is, the instrument is shown net of child zip code by investigation year fixed effects in order to show
that there is variation in propensity to remove within local offices. The instrument is calculated as the fraction of
all other investigations—both past and future—assigned to the same investigator that resulted in foster placement.
Superimposed over the histogram is the nonparametric regression of foster placement on investigator tendencies,
residualizing out child zip code by investigation year fixed effects. The shaded area represents the 95 percent con-
fidence interval.

care influences children so clearly in danger that all investigators would remove
(“always-takers”) and those so clearly safe that no investigators would remove
(“never-takers”). However, as Dr. Jill Duerr Berrick writes, the debate around foster
care placement is “not in the cases that are black and white, but in the cases that
occupy the center, gray area of child welfare” (Berrick 2018, 56). Therefore, com-
pliers represent a population that is especially relevant for child welfare policy.

B. Identifying Assumptions

Four assumptions must be satisfied to interpret our estimates as the causal effect
of foster care for children at the margin of placement: relevance, exogeneity, average
monotonicity, and exclusion.

Relevance requires that investigator removal stringency predicts foster care place-
ment (v, # 0). visually depicts the strong, positive relationship between
investigator removal stringency and placement, and reports the first-stage
regression of foster placement on the removal stringency instrument. The correla-
tion between the instrument and foster care is 0.48 (column 1) and a one standard
deviation (2.4 percentage points) increase in removal stringency increases the likeli-
hood of placement by about one percentage point (column 4). The F-statistic of 582
indicates that there is not a weak instruments problem.

Exogeneity requires that the unobserved determinants of children’s outcomes
are independent of investigator removal stringency (cov [ZR, e] = 0). We test
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TABLE 2—FIRST-STAGE EFFECT OF REMOVAL STRINGENCY ON FOSTER PLACEMENT

Foster care ~ Foster care ~ Foster care  Foster care

(1) (2) (3) (4)
Removal stringency 0.480 0.451 0.450 0.449
(0.019) (0.021) (0.021) (0.021)
Observations 242,233 242,233 242,233 242,233
F-statistic 898.405 586.569 584.34 582.28
Zip code by year fixed effects v v v
Sociodemographic controls v v
Academic controls v

Notes: This table reports the results from regressions of foster placement on the leave-
out measure of removal stringency. Each column includes a different set of covariates.
Sociodemographic controls include gender, race/ethnicity, indicators for grade in school, an
indicator for whether the child was the subject of a prior investigation, and the number of prior
investigations. Academic controls include an indicator for free or reduced-price lunch eligibil-
ity, an indicator for receipt of special education services, an indicator for ever expelled, daily
attendance rate—measured in the school year prior to the investigation—as well as the most
recent pre-investigation score from standardized math and reading test scores. Standard errors
are clustered by child.

an implication of exogeneity—that observable child and case characteristics are
uncorrelated with the removal tendencies of the assigned investigator. As expected
due to the rotational assignment of child welfare investigators, a rich set of charac-
teristics are not jointly predictive of the instrument despite being highly predictive
of placement itself ([Table 3)."

For average monotonicity to hold, the covariance between each child’s
investigator-specific removal treatment status and investigator stringency must be
weakly positive.” It follows from average monotonicity that removal stringency
and foster placement should be positively correlated for all child subgroups. We find
that the first stage is positive and statistically significant across gender, race/ethnic-
ity, age, and prior child welfare involvement groups (panel A of online Appendix
Table B2). We also find that the first stage remains positive and statistically signifi-
cant when we recalculate the instrument as a leave-subgroup-out measure (panel B
of online Appendix Table B2).

Our analysis also requires an exclusion restriction in order for the estimates to
be interpreted as local average treatment effects. We discuss exclusion in detail in
Section IVD.

21 As further evidence of exogeneity, the first-stage F-statistic in Table 2 is stable with the inclusion of covariates.

22Recent advances note that pairwise monotonicity—the assumption that children who were removed by a
particularly lenient investigator must also have been removed by a stricter investigator—is neither realistic in most
contexts nor necessary to estimate local average treatment effects (Norris 2019; Frandsen, Lefgren, and Leslie
2019). Specifically, while the pairwise monotonicity assumption ensures that the instrumental variables estima-
tor aggregates treatment effects across complier groups using Imbens and Angrist (1994) weights, if the weaker
assumption of average monotonicity holds, then our estimates will still be a proper weighted average of treatment
effects with the weights for each individual equal to the scaled covariance between foster care placement and inves-
tigator’s removal tendency (Norris, Pecenco, and Weaver 2019; Frandsen, Lefgren, and Leslie 2019).
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TABLE 3—BALANCE TESTS FOR THE CONDITIONAL RANDOM ASSIGNMENT OF INVESTIGATORS

Full sample 4th grade and above
Foster Investigator Foster Investigator
care removal stringency care removal stringency
Dependent variable: (1) 2) (3) (4)
F-statistic from joint test 24.421 1.092 14.434 1.030
p-value from joint test 0.000 0.341 0.000 0.421
Observations 242,233 242,233 144,032 144,032

Notes: This table reports the results from regressions of the dependent variable (either foster care placement or
investigator removal stringency) on a variety of sociodemographic and academic covariates as described in the main
text, as well as zip code by investigation year fixed effects. Columns 1 and 2 include the full sample of investiga-
tions and exclude standardized test scores in the vector of covariates. As students in Michigan begin taking state-
wide standardized tests in grade 3, columns 3 and 4 report results for students enrolled in at least grade 4 during the
maltreatment investigation and include standardized test scores. Standard errors are clustered by child.

IV. Causal Effects of Foster Care on Children’s Outcomes

Table 4 shows the OLS (panel A) and 2SLS (panel B) effects of foster care on
several critical indicators of child well-being covering the areas of safety, education,
and crime. Standard errors clustered at the child level are shown in parentheses.
Control means for OLS (the mean outcomes among all investigated children who
were not removed) and control complier means for 2SLS (the estimated outcomes
for compliers who were not removed) are reported in curly brackets.

The OLS analysis suggests that removal had a precise but near-zero impact on
the index of child well-being.”? In contrast, the 2SLS estimate is much larger and
reveals that removal improved the index of child well-being by 39.2 percent of a
standard deviation, an effect statistically significant at the 5 percent level. This sug-
gests that unobserved features like the severity of maltreatment, for example, may
lead OLS to understate the benefits of removal. Also, the control complier mean is
less than the control mean, indicating that children at the margin of placement were
worse off by remaining in the home than the average investigated child.

The index provides a useful summary, but in order to understand what drives the
improvement, as well as to more easily interpret the magnitudes, we turn next to the
effects on each of the six index components.

A. Effects on Child Safety, Academics, and Crime

Table 4 shows that the foster care system achieved its primary objective; place-
ment improved children’s safety. The 2SLS estimates show that removal reduced the
likelihood of being an alleged victim of maltreatment in a subsequent investigation
by 13.2 percentage points, a 52 percent reduction relative to a complier mean of

23This may be surprising, particularly in light of the sizable correlational literature that tends to find a negative
association between foster placement and children’s outcomes. However, the OLS results shown in Table 4 control
for lagged outcomes, and recent work by Berger et al. (2015) shows that controlling for these variables substantially
reduces the negative association. We replicate the negative relationship using simple bivariate regressions in online
Appendix Table B3.
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TABLE 4—EFFECTS OF FOSTER CARE ON CHILD OUTCOMES

Index Alleged Confirmed Daily Standard-  Standardized
of child victim of victim of attendance ized reading Juvenile
well-being maltreatment maltreatment rate math score score delinquency
(1) (2) (3) (4) (5) (6) (7)
Panel A. OLS
Foster care 0.026 —0.032 —0.007 0.011 0.057 0.065 0.041
(0.011) (0.004) (0.002) (0.002) (0.013) (0.014) (0.004)
{0.002} {0.177} {0.046} {0.912} {-0.501} {-0.479} {0.025}
Panel B. 2SLS
Foster care 0.392 —0.132 —0.053 0.055 0.356 0.175 —0.028
(0.164) (0.058) (0.028) (0.026) (0.203) (0.219) (0.040)
{-0.123} {0.255} {0.094} {0.893} {—0.429} {—0.234} {0.051}
One-sided 0.008 0.011 0.029 0.019 0.040 0.212 0.241
p-value
Observations 242,233 242,233 242,233 224,925 177,118 177,084 134,076

Notes: Panel A reports the results from OLS regressions of the outcome variable on foster care, while Panel B
reports the results from 2SLS regressions using removal stringency to instrument for foster care. Standard errors
clustered by child are shown in parentheses. The curly brackets below the standard error represent the control mean
in panel A and the control complier mean in panel B. All regressions include the covariates as listed in the text and
zip code by investigation year fixed effects. The education and crime outcomes do not include all of the observations
in the sample. Specifically, some grade level and attendance records are missing, and students may not have taken
a standardized math or reading test if they were too young or old to be in grades 3-8, were absent from school on a
test day, or were exempt. Furthermore, juvenile delinquency data are missing for 8 counties, available only through
2015, and relevant only for children younger than Michigan’s age of majority of 17.

25.5 percent. Similarly, it reduced the likelihood of being a confirmed victim of
maltreatment by 5.3 percentage points, a 56 percent reduction.

Although in theory these effects may represent a reduction in reporting behav-
ior without a change in underlying safety, the data do not support this interpreta-
tion. For example, suppose that teachers were less likely to report minor bruises
to child welfare if they knew that the bruised student was, or had been, in foster
care. We would still expect them to report especially severe abuse against fos-
ter children since teachers and other mandated reporters are required by law to
report suspected maltreatment. Therefore, if placement only reduced reporting
(without improving safety), then the reported incidents involving foster children
should, on average, be more severe than those involving children who were not
placed. However, we find no clear evidence that foster placement influenced the
likelihood of substantiation among children with a subsequent investigation.*
Moreover, caseworkers, who are also mandatory reporters, visited foster children
regularly, both during their time in the foster system and after they exited, sug-
gesting that actual maltreatment against foster children would have been reported
(Child Welfare Information Gateway 2016).

Consistent with an improvement in child safety, we find large gains in academic
outcomes. Removal increased daily school attendance rates by 5.5 percentage

24Specifically, we estimate equations (2) and (3) using an indicator for substantiation as an outcome and limit
the analysis to children with a subsequent investigation. We obtain a point estimate on foster placement of —0.14
and a standard error of 0.12.
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points; for the 180-day school year, this is equivalent to showing up for 10 additional
days of school. Furthermore, removal had a very large positive effect on standard-
ized math test scores, equal to 36 percent of a standard deviation.* This estimate is
statistically significant at the 10 percent level, yet we can rule out decreases greater
than 4 percent of a standard deviation. Although the point estimate on standardized
reading test scores is positive and substantively large, about half the size of the
effect on math, it is not statistically significant. This is not particularly surprising
because reading skills are considered less malleable than math at older ages.’S
Lastly, we find a large decrease in juvenile crime—a 55 percent drop relative to a
control complier mean of 5.1 percent—but the estimate is imprecise.

Given that prior work in Doyle (2007, 2008) as well as decades of correlational
studies find that placement harmed children’s outcomes, we also use a one-sided
hypothesis test to assess whether foster care worsened children’s outcomes. We can
statistically reject that placement reduced the index of child well-being at the 1
percent level. We also find that foster care did not increase children’s likelihood of
being confirmed as victims of maltreatment and can rule out that placement reduced
student attendance and math test scores. Overall, the results across dimensions of
safety, academics, and criminality consistently suggest that foster care improved
children’s outcomes.

B. Mechanisms: Evidence from the Timing of Impacts

Forty percent of children who were placed had exited the foster system after one
year, and nearly all had exited after two years (Figure 4).>” We create an index of
neighborhood and school characteristics according toKling, Liebman, and Katz
(2007) in order to explore the effects of placement on childhood environment. The
index consists of three neighborhood components: median household income, the
fraction of adults with a bachelor’s degree, and employment rate. It also includes
two school components: average math and reading test scores and the share of stu-
dents eligible for free or reduced-price lunch. There was a large and statistically
significant increase in the index during the first year after placement (panel A of
Table/5).>® Given that moving to areas with lower poverty levels can improve child
well-being (Chetty, Hendren, and Katz 2016; Kawano et al. 2017; Chyn 2018), such
exposure might lead to contemporaneous gains in children’s outcomes. However,
there were no discernible differences in year one outcomes between children placed
and not placed in foster care (panel A of Table 5). That foster children were no
more or less likely to be abused or neglected in the first year may be especially

25 As a benchmark, Goodman (2014) estimates that each additional student absence reduces math achievement
by 0.05 standard deviations, suggesting that the estimated math score effect is roughly in line with the increase in
daily school attendance.

26Removal did not influence the likelihood of taking standardized tests (online Appendix Table B4). We also
find imprecise impacts on high school graduation and college enrollment; because the sample of students old
enough to be eligible for these outcomes is small, we cannot rule out large positive or negative effects (online
Appendix Table B5).

27 They spent 19 months in foster care, on average (online Appendix Table B6).

28 This was driven by exposure to more highly educated neighborhoods and higher-income classmates (online
Appendix Table B7).



VOL. 14 NO. 2 GROSS AND BARON: TEMPORARY STAYS AND PERSISTENT GAINS 187

-0.5
Months after investigation
FIGURE 4. EFFECTS OF FOSTER CARE ON LIKELIHOOD OF BEING IN FOSTER SYSTEM OVER TIME

Notes: This figure reports the results from 2SLS regressions of the likelihood of being in the foster system on an
indicator for foster placement using removal stringency to instrument for placement. It plots both the point esti-
mates and their 95 percent confidence intervals. All specifications include the covariates as listed in the text as well
as zip code by investigation year fixed effects. Standard errors are clustered by child. Children are defined as being
in the foster system during a given month if they were ever in foster care during that month. The figure shows the
results from an unbalanced panel where children who turn 18 years old exit from the analysis. The point estimate
can be negative in the rare case that control compliers eventually enter foster care.

surprising since maltreatment in foster homes is extremely rare.”” It is possible,
however, that the threat of child removal reduced the maltreatment of children who
were not placed in the short run.

Nearly all (85 percent) foster children at the margin of placement had exited the
system after two years and reunified with their birth parents.?" Upon exiting, foster
children returned to neighborhoods and schools similar to those of children at the
margin who were not placed; we do not detect differences in the characteristics of
their neighborhoods or schools after the first year (panel B of Table 5). Despite
this, gains in safety and academic outcomes emerged several years after removal.
Specifically, the index of child well-being increased by 45 percent of a standard
deviation across all years after the first, driven by gains in safety, daily school atten-
dance rates, and standardized math test scores (panel B of Table 5). shows
the effects separately by year, revealing steady improvements in most outcomes that
persist for several years. For example, the likelihood of being the victim of maltreat-
ment only began to decrease after four years and continued to decrease every year
for three more.

291n 2018, 0.71 percent of foster children in Michigan were maltreated while in the foster system (Children’s
Bureau 2018c).

390nline Appendix Table Al shows that of the remaining 15 percent who exited, 8 percent were adopted, 5
percent had guardianship transferred, and 2 percent exited foster care as legal adults.
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TABLE 5—EFFECTS OF FOSTER CARE OVER TIME

Index of Received
neighborhood Index Confirmed Daily Standardized special
and school of child victim of attendance math education  Retained
characteristics ~ well-being maltreatment rate score services in grade

(1) (2) (3) 4) (5) (6) (7)

Panel A. One year after investigation

Foster care 0.257 0.231 —0.024 0.040 —0.207 —0.013 —0.035
(0.100) (0.211) (0.053) (0.034) (0.217) (0.063) (0.049)
{-0.147} {0.028} {0.068} {0.912} {0.062} {0.099} {0.065}
Panel B. Two+ years after investigation
Foster care 0.066 0.446 —0.064 0.060 0.579 0.014 —0.008
(0.125) (0.196) (0.032) (0.031) (0.239) (0.105) (0.036)
{-0.011} {-0.159} {0.102} {0.885} {-0.624} {0.035} {0.062}
Observations 242,233 242,233 242,233 224,925 177,118 242,233 242,204

Notes: This table reports the results from 2SLS regressions of the outcome variable on foster care using removal
stringency to instrument for foster care. Panel A reports results for outcomes measured during the first school year
after the investigation, and panel B reports results across all school years after the first. Standard errors are in paren-
theses and clustered by child. The curly brackets below the standard error represent the control complier mean. The
index of neighborhood and school characteristics is made up of neighborhood median income, educational attain-
ment, and employment rate as well as school average test scores and income level. The effects on each component
of the index of neighborhood and school characteristics are shown in online Appendix Table B7. All regressions
include the covariates as listed in the text and zip code by investigation year fixed effects.

Because most foster children were reunified with their birth parents upon exit-
ing the foster care system, the pattern of impacts over time strongly suggests that
improvements made by birth parents were the primary mechanism at work. There
are two institutional features that support this channel. First, after their children were
removed, birth parents worked closely with social workers to address challenges
in their own lives, such as confronting drug addiction, finding stable employment,
securing housing, or strengthening parenting skills. Birth parents received fully
funded services to help with these challenges, such as substance abuse treatment,
parenting classes, or counseling. Second, a judge needs to approve that it is safe
for children to return home before they can be reunified with their birth parents.
Moreover, we find statistical evidence of birth parent improvement. Perpetrators of
child maltreatment, almost always a birth parent, were less likely to abuse or neglect
children even years later if their initial child victim entered foster care (panel E of
Figure 5).

Though we cannot definitively rule them out, we find little evidence for two alter-
native explanations of the pattern of impacts. First, it is possible that moving to areas
with lower poverty levels during placement improved child outcomes. However,
credibly identified studies of mobility find that such effects increase with duration
(Chetty, Hendren, and Katz 2016; Chyn 2018), whereas exposure in our context
was only temporary. Studies also find that the long-run benefits of moving do not
run through schooling channels (Jacob 2004; Sanbonmatsu et al. 2006), yet foster
care had large impacts on educational outcomes. Second, it could be that foster care
triggers additional supports whose benefits take time to manifest. However, we find
no evidence that foster care increased supports in school either during placement or
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FIGURE 5. EFFECTS OF FOSTER CARE OVER TIME

Notes: These figures report the results from 2SLS regressions of the outcome variable on foster care using removal
stringency to instrument for foster care. They plot both the point estimates and their 95 percent confidence intervals.
All specifications include the covariates as listed in the text as well as zip code by investigation year fixed effects.
Standard errors are clustered by child. Follow-up years are defined by school years even for nonschooling out-
comes. Panel E of Figure 5 represents the effect of child removal on the cumulative number of future allegations of
child maltreatment against the original perpetrator. Since multiple perpetrators can be involved in the original case,
this represents the mean effect across all perpetrators. For reference, 56 percent of investigations involved a single
perpetrator, 97 percent involved one or two, and 99.4 percent involved three or fewer.

after exiting, as proxied by receipt of special education services and grade retention
(Table 5, columns 6 and 7).

Therefore, evidence from the timing of impacts suggests that positive changes
made by birth parents were the main channel through which foster placement
improved children’s safety and schooling.
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C. Compliers Analysis and Subgroup Effects

Contextualizing Children at the Margin of Foster Placement.—The estimates in
this study represent effects for children at the margin of placement, those for whom
investigators might disagree over whether foster care is appropriate. We find that
5 percent of investigated children in the sample were compliers. Compliers were
younger than the average foster child; 61 percent were 10 years old or younger at
the start of their investigation, relative to just 51 percent of foster children overall.
Yet these groups otherwise looked similar in terms of demographic and baseline
academic characteristics (online Appendix Table A2). In terms of experiences in
the foster care system, compliers had shorter and more stable placements and were
more likely to be reunified with their birth parents than the overall population of
foster children (online Appendix Table A3).

Heterogeneity by Child Age and Gender.—Prior research highlights disparities
in how children respond to environmental changes by age, finding that young chil-
dren benefit from moving to lower-poverty areas more than older youth (Chetty,
Hendren, and Katz 2016; Chyn 2018). Similarly, we find large and statistically sig-
nificant impacts of foster care on the index of child well-being for children age ten
and younger, yet smaller and statistically insignificant effects for older youth (online
Appendix Table A4). In addition, although previous work shows that male children
are often more vulnerable than female children to disadvantage or disruption (Kling,
Ludwig, and Katz 2005; Bertrand and Pan 2013; Autor et al. 2019), we find that the
impacts of placement were positive for both groups.?'

D. Threats to the Research Design and Robustness Checks

Exclusion and the Multidimensionality of Treatment.—The exclusion restriction
requires that the removal stringency instrument can only influence outcomes through
foster placement. A potential concern is that investigators might have influenced
children’s experiences in foster care. However, investigators did not work with chil-
dren after the investigation; cases that required follow-up were transferred to other
child welfare caseworkers. That is, investigators were not involved in determining
where children were placed, how long they stay in foster care, or the stability of
their placements.?? Accordingly, the instrument does not predict these indicators of
children’s experiences in foster care, nor is it jointly related to these factors (online
Appendix Table A5).

31 Previous studies of foster care using a similar research design find heterogeneous impacts by age and gender.
For instance, while Warburton et al. (2014) find that foster placement harms the outcomes of 16- to 18-year-old
males, Bald et al. (2019) find that placement significantly improves outcomes for young girls but has no impacts
on young boys.

For example, the length of placement depends on a variety of factors, none of which involve the initial inves-
tigator. First, it depends on the progress that birth parents make on their reunification plan, which details the steps
they must take to regain child custody. This progress is monitored by both a child welfare caseworker, who works in
a different department than the initial investigator, and a judge. If parental rights are terminated either by the birth
parents or the judge, then the length of placement depends on the supply of adoptive or guardian homes.
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Although investigators do not influence children’s experiences in foster care, they
may affect children and families during the investigation in ways that could poten-
tially impact outcomes. For example, investigators could vary in their sensitivity
to a family’s schedule or in how they conduct themselves during the investigation
process, which could alter outcomes. Even with detailed survey data on family
experiences, however, we would not be able to address all of the potential channels
through which investigators could impact children’s outcomes.

However, we can empirically account for perhaps the most important way in
which investigators might impact children’s outcomes other than removal: inves-
tigators influence whether families are referred to prevention-focused services.
As shown in Figure 2 and discussed in Section IA, investigators place families on
one of four tracks based on the strength of evidence that maltreatment occurred
and the child’s risk of future harm: (1) no services, (2) community-based ser-
vices, (3) both community-based and targeted services, and (4) child removal plus
community-based and targeted services. The exclusion restriction would be violated
if investigators who were more likely to remove children were also more likely to
recommend prevention services, and tendencies over prevention services are not
included in the estimation (Mueller-Smith 2015).

To account for investigator discretion over prevention services, we create two
new instruments according to equation (1): investigator propensity to recommend
community-based services alone (Z€) and investigator propensity to recommend
both community-based and targeted services without child removal (Z7€). Together
with the main removal stringency measure (denoted here by Z%7€), we use these new
measures to simultaneously instrument for tracks two, three, and four according to
the following three first-stage and one second-stage equations:

(4)  RTC,, = YWZRIC + nZIS + %ZG, + 1aXiw + K + iy

(5) TCi, = 1 ZRC + ZlS + a3 Z§, + ayXiy + X + Vi
(6) Ciw = 61 ZRIC+ 0,Z15 + 8:Z8, + 04X + T, + Cis
(7) Yiw = ﬁlRfCiw + B2Téiw + ﬂ3dw + B4Xiw + 1_-[r + Eiw’

where RTC;, is a binary variable equal to one if the child was removed, TC;, is
a binary indicator equal to one if the family was referred to both targeted and
community-based services, and C;, equals one if the family was only referred to
community-based services. Since the families of children who were removed also
received services, by construction, RTC;, can only equal one when TC;, and C;,
equal one. Therefore, 3, in equation (7) represents the additional impact of child
removal relative to both targeted and community-based services without removal.*”

33The first-stage relationships in equations (4) through (6) are strong, with F-statistics above 200 (online
Appendix Table B8), and balance tests indicate that each of the three instruments is unrelated to a rich set of
baseline child characteristics (online Appendix Table B9). The three instruments are positively, but not perfectly,
correlated with each other, indicating that there is independent identifying variation from each. Conditional on zip
code by year fixed effects, corr(ZX7,Z€) = 0.14, corr(ZX"€ 7€) = 0.24, and corr(27€,Z%) = 0.60.
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TABLE 6—EFFECTS OF ADULT INTERVENTIONS ON CHILD OUTCOMES

Index Alleged Confirmed Daily Std Std
of child victim of victim of attendance  math reading Juvenile
well-being maltreatment maltreatment rate score score  delinquency
(1) () (3) (4) (5) (6) (7)
Panel A. One year after investigation
Child removal, 0.033 0.031 —0.038 0.015  —0.337 —0.288 —0.005
targeted, and (0.294) (0.128) (0.074) (0.046) (0.296)  (0.318) (0.068)
community services
Targeted and 0.075 —0.108 —0.005 —0.000 0.157 0.040 —0.007
community services  (0.114) (0.049) (0.028) (0.014) (0.105)  (0.112) (0.027)
Community services 0.009 0.046 0.011 0.009  —0.110 0.050 0.008
(0.073) (0.032) (0.018) (0.009) (0.069)  (0.075) (0.017)
Panel B. Two+ years after investigation
Child removal, 0.350 —0.069 —0.037 0.075 0.564 0.188 —0.013
targeted, and (0.260) (0.087) (0.043) (0.040) (0.313)  (0.334) (0.064)
community services
Targeted and 0.128 —0.045 —0.024 0.003 0.081 0.031 —0.006
community services  (0.093) (0.032) (0.016) (0.013)  (0.113)  (0.119) (0.024)
Community services — —0.090 0.018 0.012 —0.010 —0.086 —0.005 —0.006
(0.060) (0.020) (0.010) (0.009) (0.074)  (0.079) (0.015)
One-sided p-value 0.089 0.215 0.192 0.031 0.036 0.286 0.421

Notes: This table reports estimates of /3;, 3,, and /35 from equation (7). One-sided p-values are for estimates of 3,
after the first year following the investigation. Standard errors are in parentheses and clustered by child.

Table 6 provides evidence that the removal stringency instrument operates
through foster care placement. Specifically, the impacts of prevention services with-
out child removal (both community-based services alone and community-based and
targeted services) are mostly small and statistically insignificant. This indicates that
investigator stringency over prevention services was largely unrelated to children’s
outcomes. In contrast, we find that the impacts of child removal above and beyond
prevention services are very similar in magnitude to the main estimates in Table 5.
Although the estimate on the index of child well-being is less precise than in the
main specification, we can reject that placement hurt children’s outcomes at the 10
percent level using a one-sided hypothesis test. We also find positive impacts on
educational outcomes that are statistically significant at the 10 percent level. Taken
together, this exercise suggests that any bias from investigators’ involvement in
referring prevention services is likely to be small.?} Overall, the evidence presented
in this section suggests that there is little cause for concern regarding the exclusion
restriction in our context.

Beyond a test of the exclusion restriction, the analysis in Table 6 is one of the first
to test the causal impacts of prevention-focused child welfare interventions. We find

34The exclusion restriction could also be violated if the decision of whether to substantiate influences children’s
outcomes regardless of the decision to place children in foster care. However, online Appendix Table B15 shows
that the additional impact of foster placement relative to substantiation without removal is nearly identical to the
main results shown in Table 4. Finally, a remaining concern is whether investigator placement tendencies are related
to the match quality of families and services. This is unlikely in our context because investigators choose from a
standard set of community service options and do not make specific referrals to targeted services.



VOL. 14 NO. 2 GROSS AND BARON: TEMPORARY STAYS AND PERSISTENT GAINS 193

little evidence that prevention services without removal influence children’s out-
comes.? It is critical for future research to more deeply explore the implementation
and impacts of such prevention-focused services.

Robustness Checks.—Online Appendix Table A6 shows that the main results are
robust in both sign and magnitude to a variety of design decisions. We conduct the
analysis using alternative samples (panel A). First, we limit the sample to only the
first investigation of each child. Next, we test sensitivity to the number of cases an
investigator must have been assigned to be included in the sample.’® Moreover,
because we observe outcomes for a different number of years for each child, one
may worry that the time pattern of the effects reflects sample-composition changes
rather than the true dynamics of the treatment effects. Thus, we restrict the analysis
to a balanced panel consisting of the first five follow-up years for students who
could be observed in the public school system for five years after their investigation
based on their grade level and year of investigation (that is, children investigated in
seventh grade or below in 2012 or earlier). The results from these first three alterna-
tive samples are similar to those in the main analysis. Although the impacts of foster
placement are substantially larger in the balanced panel than in the main analysis,
the time pattern of impacts is nearly identical (online Appendix Figure A1).?”

We also check for robustness using other reasonable ways to measure investiga-
tor removal tendencies (panel B of online Appendix Table A6). First, we randomly
split the sample in half and define the instrument as the investigator’s removal rate
from the other half of the sample. Second, we allow tendencies to vary over time by
creating a leave-out-other-years measure. Third, we address concerns that removal
decisions occurring around the same time may be correlated by constructing a
leave-out-same-year measure. Fourth, as in Mueller-Smith (2015) and Bald et al.
(2019), we allow the removal rate to vary by child and case characteristics.’ Lastly,
since including many controls (for example, over 7,500 rotation fixed effects) can
induce bias in leave-out instrument approaches, we implement the unbiased jack-
knife instrumental variables (UJIVE) approach of Kolesar (2013), which is robust

35This is consistent with Grimon (2020), who finds that having a child welfare case opened without removal has
no impacts on mothers’ criminal justice involvement or use of social services up to six years after the investigation,
despite increasing the take-up of mental health and substance abuse services in the short run.

36The main analysis excludes children assigned to investigators who worked fewer than 50 cases, so we
strengthen this threshold to 75.

37The larger effects for this balanced sample are consistent with the previously discussed results. Specifically,
the effects in the main analysis could not have been driven by the placement of older children or those investi-
gated later in the sample period because Section IVB shows that impacts appear only several years after removal.
Similarly, the subgroup analysis in Section IVC shows considerably larger effects for younger children.

38Specifically, we created five potential instruments based on leave-out measures of investigator removal ten-
dency calculated for five types of child and case characteristics: (1) gender (female or male); (2) race/ethnicity
(child of color or White); (3) allegation type (physical abuse or not); (4) perpetrator type (parent or not); (5) age
at investigation (younger than ten years old or not). For each characteristic, we defined mutually exclusive groups
of children and calculated the leave-one-out measure of removal tendency based on the investigator tendency for
the group. For example, for gender, we calculate for each investigator the tendency measure for male and female
cases. A male child assigned to investigator w will get investigator w’s removal rate from all other cases involving
male children. Similarly, a female child assigned to investigator w will get investigator w’s removal rate from all
other cases involving female children. We also create tendency measures using the other four binary covariates. This
yields a total of five potential instruments. We then use LASSO regressions to select the instruments with the great-
est predictive power of foster care placement in the first-stage equation and estimate the second-stage specification
using the selected instruments.
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to this issue.”” Though they vary in precision, we find large, positive effects of foster
care across all of the alternative instruments.

We also test sensitivity to the definition of rotational assignment (panel C). The
main analysis includes zip code by investigation year fixed effects because some of
the local offices in Michigan divide investigators into teams based on small regions.
A tiny fraction of zip codes in Michigan cross county lines, however, which could
create measurement error in the main analysis. Yet the results are very similar when
we instead include county by investigation year fixed effects.

In addition, given that the 2SLS regressions in Table 4 include a variety of addi-
tional controls beyond rotation fixed effects, one may worry that the main results of
the paper are unique to a particular specification. However, estimates of the effects
of foster placement on the index of child well-being consistently show large and
positive effects (ranging from 30 to 40 percent of a standard deviation) regardless of
the control variables we include (online Appendix Table B10).

Finally, we test the sensitivity to alternative levels of clustering standard errors.
We cluster standard errors at the child level in our main specification in order to
account for the correlation in outcomes that arises mechanically by including the
same child more than once in the panel. However, the results are robust to clustering
at the investigator level, the zip code—year level, two-way clustering at the child
and investigator level, and two-way clustering at the child and zip code—year level
(online Appendix Table B11).*

V. Comparison to Doyle (2007, 2008)

The analysis in this study contrasts with the findings in Doyle (2007, 2008),
which conclude that foster care placement had large, negative impacts on children’s
long-term outcomes. These two studies also apply the examiner assignment design
but use administrative data on children investigated between 1990 and 2003 in
[llinois. Table 7 compares our estimates to these earlier results. Column 1 of panel
A reports our main estimate on standardized math test scores from Table 4; place-
ment increased math scores by 0.36 standard deviations, an effect that is statistically
significant at the 10 percent level. Since Doyle (2007, 2008) do not examine test
scores but do explore earnings, we use estimates from Deming et al. (2016) that link
test scores and earnings as a benchmark. Specifically, Doyle (2007) finds that foster
care reduced adult quarterly earnings by about $1,300, which, as shown in column
2, translates to a decrease in math scores of about 0.83 standard deviations. We can
statistically reject that placement in our setting led to this large reduction in math
achievement at the 1 percent level (column 3). Columns 4 and 5 also report that we
can rule out the large decline in math scores using estimates from Table 6, which

39The UJIVE approach of Kolesar (2013) uses a leave-out approach to estimate investigator removal tendency
conditional on the control variables included in the first and second stages in equations (2) and (3).

40Because the same investigator is assigned to multiple investigations throughout the panel, clustering at the
investigator level accounts for potential correlations in the error term within investigator but across investigations
and time. Clustering at the zip code—year level accounts for potential neighborhood- or child welfare office-level
shocks. Lastly, two-way clustering by child and investigator as well as two-way clustering by child and zip code—
year level account for all of the potential correlations in outcomes described above.
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TABLE 7—COMPARISON TO DOYLE (2007)

Main estimate Comparable Table 6, panel B
Gross and estimate Doyle p-value Gross and Baron p-value
Baron (2022) (2007) (H)=1(2) (2022) 4)=(2)

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

Panel A. Standardized math test scores

0.356 —0.83 0.000 0.564 0.000
(0.203) (0.313)
Panel B. Juvenile delinquency
—0.028 0.10 0.002 —0.013 0.077
(0.040) (0.064)

Notes: This table compares the main results of this paper to those in Doyle’s (2007) seminal
study. The first column of the table presents the main 2SLS estimates (from Table 4) of fos-
ter care placement on standardized math test scores (panel A) and juvenile delinquency (panel
B). Column 2 presents what we call “comparable” estimates from Doyle (2007). We calculate
these two estimates as follows: Doyle (2007) finds that removal reduced annual earnings by
$1,300 for 18- to 28-year-olds. We rely on estimates from Deming et al. (2016, table 2) to link
test scores to future earnings. Deming et al. (2016) show that a school accountability program
increased 10th grade math scores for students who had failed their 8th grade exam by 0.19
standard deviations and increased earnings at age 25 by $298. We use this subgroup of students
to mirror the low average baseline performance of children with a report of abuse or neglect.
Based on these estimates, Doyle’s (2007) estimate on earnings would imply a decline in test
scores of roughly 83 percent of a standard deviation. In terms of juvenile delinquency, Doyle
(2007) finds that removal increased juvenile delinquency by about 300 percent relative to the
sample mean. It is important to note that we use a slightly different measure of juvenile delin-
quency than Doyle (2007). Specifically, our outcome measures the filing of a juvenile court
petition, which occurs following arrest so long as youth are not immediately diverted from
the courts. In contrast, Doyle (2007) examines appearance before a juvenile court, which the
study notes, “usually entails three juvenile arrests or an arrest for a serious charge” (p. 1589).
Since the outcome in Doyle (2007) indicates greater involvement with the juvenile justice sys-
tem than the filing of a court petition, our analysis likely underestimates a potential reduction
in juvenile court appearances in this comparison. Nevertheless, given that average juvenile
delinquency in our sample is roughly 2.5 percent, Doyle’s (2007) estimates would imply an
increase of roughly 10 percentage points, or 0.10, in the juvenile delinquency rate. Column 3
tests whether our main estimates are equal to Doyle’s (2007) comparable estimates. Column 4
presents the estimates of foster placement on math test scores and juvenile delinquency shown
in Table 6, which controls directly for targeted and community services. Finally, column 5 tests
whether the estimates in Table 6 are equal to Doyle’s (2007) comparable estimates.

explicitly account for investigator propensity to refer families to services. Similarly,
Panel B shows that we can also statistically rule out the 300 percent increase in juve-
nile delinquency found in Doyle (2007) at the 1 percent level using our main spec-
ification and at the 10 percent level using the more demanding specification from
Table 6. Taken together, the evidence strongly suggests that foster care in Michigan
during our sample period did not have the same harmful effects as it did for foster
children in Illinois in earlier years.

There are two likely reasons as to why our findings differ from these earlier
results, which we summarize next and offer a more detailed explanation for in online
Appendix C. First, children’s experiences in foster care were tremendously different
across study settings. Median placement length in Illinois during the earlier period
was over two years longer than in Michigan more recently (Wulczyn, Hislop, and
Goerge 2000; Children’s Bureau 2003, 2017). These long placements were also less
stable; 45 percent of foster children in Illinois lived in 3 or more different homes in
1998 compared to an average of 31 percent across our 10-year panel in Michigan
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(Children’s Bureau 2003; AECF 2017). It is perhaps unsurprising that a setting with
considerably shorter and more stable placements would have less harmful impacts.
A second potential reason for the difference in findings is that national changes to
child welfare over time likely improved foster care across the country. For example,
the Adoption and Safe Families Act of 1997—which took effect in the middle of
Doyle’s (2007, 2008) sample period—sought to reduce the length of foster place-
ments. There has also been a considerable push to increase placements with relatives
over the last two decades (ChildTrends 2018). Both of these national trends could
have contributed to improvements in foster care over time in both Michigan and
[linois.

We find less evidence for other plausible explanations for the contrast in findings.
For example, there is mixed evidence that observable characteristics of compliers
like age, gender, and race /ethnicity drive the differences. Furthermore, it is unlikely
that the counterfactual for children placed (that is, the quality of available alterna-
tives) was considerably worse in our setting than in earlier work; in fact, family pre-
vention services have grown and improved substantially over time (Child Welfare
Information Gateway 2017). Overall, the most likely explanation seems to be the
large institutional differences in placement length and stability between foster care
in Illinois during the earlier period and Michigan more recently.

VI. Conclusion

This paper offers some of the only causal estimates of foster care on crucial indi-
cators of child well-being: safety, education, and crime. To do so, we leverage the
quasi-random assignment of child welfare investigators who vary in their propen-
sity to recommend placement. Using detailed administrative data from Michigan
to study over 200,000 child welfare investigations between 2008 and 2016, we find
that placement improved children’s outcomes. Foster children were 50 percent less
likely to be abused or neglected in the future. Placement also increased daily school
attendance by 6 percent and improved standardized math test scores by one-third
of a standard deviation, the equivalent of moving from the thirty-third to the
forty-sixth percentile in the state. We also estimate a substantively large yet impre-
cise reduction in juvenile delinquency. Furthermore, we can statistically reject that
foster placement had the large negative impacts on children’s outcomes found in
Doyle (2007, 2008).

The new research findings from this paper have important implications for public
policy, especially in light of the Family First Prevention Services Act that took effect
in October 2019. The legislation introduced massive changes to the child welfare
system. Most relevant for this study, it made reducing the use of foster care a federal
priority by allocating up to $8 billion of federal Title IV-E funds for states to spend
on alternatives to placement. Previously reserved for foster care and adoption bud-
gets, except for waivers permitted in special cases, states can now use this funding
stream on services to prevent foster care entry among children at risk of placement.

The results from this study, which indicate that foster care placement improved
children’s outcomes, suggest that current efforts to prevent child maltreatment in
the home are falling short. To keep vulnerable children safe at home without foster
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care, policymakers must focus on implementing more effective prevention pro-
grams. Identifying what works to ensure the safety and well-being of abused and
neglected children who remain in their homes—and learning how to scale these
interventions—is a crucial frontier for future research.
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