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Abstract

Ten percent of Black children in the U.S. spend time in foster care—twice the rate of
white children. We estimate unwarranted disparities in foster care placement decisions,
adjusting for differences in the potential for future maltreatment by leveraging the
quasi-random assignment of cases to investigators. Using a sample of nearly 220,000
maltreatment investigations, we find that Black children are 1.7 percentage points
(50%) more likely to be placed into foster care following an investigation than white
children conditional on subsequent maltreatment potential. This disparity is entirely
driven by white investigators and by cases where maltreatment potential is present, in
which Black children are twice as likely to be placed as white children (12% vs. 6%).
These results suggest white children may be harmed by “under-placement” in high-risk
situations via the leniency that white investigators afford to white parents. Leveraging
the additional quasi-random assignment of hotline call screeners, we find that both
screeners and investigators are responsible for unwarranted disparities in placement,
with investigators amplifying the disparity for cases with subsequent maltreatment
potential and mitigating it for lower-risk cases. This finding highlights the importance
of “systems-based” analyses of inequity in high-stakes decisions, where discrimination
can compound across multiple decision-makers.
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I Introduction

Child protective services (CPS) aim to prevent child maltreatment by investigating reported

cases of abuse or neglect and placing children in foster care when deemed necessary to ensure

their safety. In the U.S., CPS involvement is remarkably common: 37% of children experience

a maltreatment investigation and 5% spend time in foster care (Wildeman and Emanuel, 2014;

Kim et al., 2017). CPS involvement is also racially disparate: the majority of Black children

(53%) experience an investigation compared to 28% of white children (Kim et al., 2017), and

Black children are twice as likely to spend time in foster care (10%, compared to 5% of white

children; Wildeman and Emanuel, 2014).

There is enormous interest in these racial disparities and the extent to which they might reflect

discrimination in the decisions of CPS investigators. This question has been studied for at

least fifty years, garnering significant popular and media attention.1 For example, both the

United Nations and the American Bar Association recently released reports calling for the

U.S. to take all appropriate measures to eliminate racial discrimination in child protection.2

Interest in these disparities reflects the fact that CPS actions can have a tremendous impact

on the lives of children and parents, and involve a difficult trade-off. Leaving children in

high-risk situations may lead to subsequent maltreatment, which is associated with impaired

physical and mental health (Lansford et al., 2006), decreased educational attainment and

future earnings (Currie and Spatz Widom, 2010), and increased criminal activity (Currie and

Tekin, 2012; Doyle and Aizer, 2018).3 At the same time, foster care placement is among the

most far-reaching government interventions with large potential effects on a child’s educational

attainment, earnings, and criminal activity (Doyle, 2007, 2008; Bald et al., 2022a,b; Baron

and Gross, 2022; Grimon, 2023; Gross and Baron, 2022; Helénsdotter, 2022). Discrimination

in placement decisions thus stands to exacerbate inequities in many long-term outcomes.

Attributing disparities to racial discrimination is fundamentally challenging, however. The

central mandate of CPS investigators is to place a child in foster care when the potential for

future maltreatment in the home is high. Unconditional disparities in foster care placement

1Academic work includes: Billingsley and Giovannoni (1972); Chibnall et al. (2003); Roberts (2009); Drake
et al. (2011); Font et al. (2012); Pryce et al. (2019); Dettlaff and Boyd (2020); Reddy et al. (2022). For a
popular account, see Newman, A (2022), Is N.Y.’s Child Welfare System Racist? Some of Its Own Workers
Say Yes, The New York Times. Accessed at: https://www.nytimes.com/ (11/23/2022).

2See Kelly, J (2022), UN Committee Suggests the US Change or Repeal Major Child Welfare Policies,
The Imprint. Accessed at: https://imprintnews.org/ (5/6/2023); White, S and Persson, S (2022), Racial
Discrimination in Child Welfare Is a Human Rights Violation–Let’s Talk About It That Way, The American
Bar Association. Accessed at: https://www.americanbar.org/ (5/6/2023).

3Peterson et al. (2018) estimate that the lifetime cost of new child abuse and neglect cases in the U.S.
each year is as high as 10.9% of GDP.

1

https://www.nytimes.com/2022/11/22/nyregion/nyc-acs-racism-abuse-neglect.html
https://imprintnews.org/subscriber-content/un-committee-suggests-to-american-child-welfare-policy/173176
https://www.americanbar.org/groups/litigation/committees/childrens-rights/articles/2022/fall2022-racial-discrimination-in-child-welfare-is-a-human-rights-violation/


rates may therefore suffer from omitted variables bias (OVB) by not adjusting for differences in

future maltreatment potential. This bias is difficult to address since maltreatment potential

in the home is only selectively observed among children who are not placed in foster care.

Studies that condition disparities on other traits, such as poverty, may further suffer from

included variables bias (IVB) if discrimination operates indirectly through such traits.4

A further empirical challenge arises from the multi-phase nature of CPS systems, where

foster care outcomes are technically determined in two phases. Hotline screeners first choose

to “screen-in” calls and launch investigations before investigators decide whether to place

screened-in children in foster care. A large theoretical literature notes the importance of

accounting for the ways in which discrimination can be sustained, amplified, or mitigated

across decision-makers in such multi-phase systems (Pincus, 1996; Powell, 2008). But bringing

to data such a “systems-based” analysis of discrimination in high-stakes decisions is usually

difficult, in part because of the potential for OVB and IVB at each phase of the system.

This paper—the first quasi-experimental analysis of racial discrimination in foster care

decisions—develops and applies new empirical tools for overcoming these persistent challenges.

We measure discrimination as unwarranted disparities (UDs): racial disparities in foster care

placement rates conditional on a child’s potential for future maltreatment in the home. This

measure captures classic drivers of inequity in economics such as racial bias (Becker, 1957)

and statistical discrimination (Phelps, 1972; Arrow, 1973; Aigner and Cain, 1977), as well as

indirect forms of discrimination arising from non-race characteristics (Bohren et al., 2022).5

In the first part of the study, we estimate UDs in the placement decisions of Michigan CPS

investigators using nearly 220,000 screened-in calls from 2008 to 2016. Our initial focus on

the post-screening phase follows much of the academic literature and recent policy debates,

and is natural since investigators make the ultimate placement recommendations.

An important question for the analysis is how to measure subsequent child maltreatment. Our

primary UD measure compares the foster care placement rates of white and Black children with

the same potential for a subsequent child maltreatment investigation in the home within six

months—a common proxy for subsequent maltreatment in the child welfare literature (Antle

et al., 2009; Putnam-Hornstein et al., 2021). This proxy is imperfect insofar as it may miss

unreported maltreatment, it may be influenced by discriminatory practices among reporters,

and it is a binary measure that does not distinguish between different levels of maltreatment

4Examples of observational disparity analyses in this setting include Paxson and Waldfogel (1999, 2002);
Putnam-Hornstein et al. (2013); Shaw et al. (2008); Wulczyn et al. (2013); Billingsley and Giovannoni (1972);
Chibnall et al. (2003); Font et al. (2012); Courtney et al. (1996); Drake et al. (2011).

5As we discuss below, our UD measure aligns with the legal theory of disparate impact as well as notions
of algorithmic fairness in the computer science literature (Arnold et al., 2021, 2022).
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severity. We take these issues seriously in the analysis, showing that our results are similar

when using other proxies for subsequent maltreatment that reflect varying time frames and

levels of severity (including subsequent foster care placement) and across reporter types.6 For

ease of exposition, we refer to the baseline six-month re-investigation proxy as “subsequent

maltreatment” throughout the paper.

The key identification challenge in measuring UDs is the selective observability of a child’s

potential for subsequent maltreatment in the home. We address this challenge by leveraging

variation across quasi-randomly assigned investigators who differ in their tendency to place

children into foster care. To build intuition for this approach, consider a randomly assigned

investigator whose placement rate is near zero. By virtue of random assignment, the

subsequent maltreatment rates observed among Black and white children left at home by

this investigator are close to the average rates among all Black and white children. These

race-specific maltreatment rates capture the correlation between future maltreatment potential

and race, and they can be used to correct for OVB in unconditional placement disparities.

Absent such an investigator, we estimate the key race-specific maltreatment rates by

extrapolating from the observed maltreatment rates among quasi-randomly assigned

investigators with low placement tendencies. This identification strategy builds on Arnold

et al. (2022), who use quasi-random bail judge assignment to measure discrimination in pretrial

release decisions, as well as a broader literature on “identification at infinity” in sample

selection models. The CPS setting is particularly well-suited to this strategy: placement

rates are low, making extrapolation more credible while also allowing us to construct highly

informative bounds on the average maltreatment rates and UDs without any extrapolation.

We find significant evidence of unwarranted disparity in investigators’ placement decisions:

Black children are 1.7 percentage points (50%) more likely to be placed in foster care than

white children with identical potential for subsequent maltreatment in the home. Correcting

for the selective observability of maltreatment potential is substantively important: UD

estimates are nearly 90% larger than placement disparities from an observational analysis

that conditions on child and investigation traits.7 Estimates from a simple model of

investigator decision-making suggest that UDs arise from racial bias and not accurate

6We prefer subsequent investigation as our baseline proxy because it is not directly influenced by the initial
investigator. Since re-investigations within short time frames tend to be re-assigned to the initial investigator,
subsequent placement recommendation is potentially endogenous. Importantly, our analysis is not premised
on the view that differences in re-investigation rates are unaffected by discrimination in other phases of the
CPS system or society as a whole. We return to this point extensively below.

7The fact that observational disparities understate the level of UD reflects that OVB attenuates disparities
in our context: Black children in our sample are around 2 percentage points (13%) less likely to see future
maltreatment when left at home than white children.
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statistical discrimination, differences in investigator skill, or non-race factors.

We then document two striking forms of heterogeneity in the UDs. First, we find that the

placement disparity is concentrated among children with subsequent maltreatment potential

in the home, with Black children placed in foster care at twice the rate of white children

in this subpopulation (12% versus 6%). In contrast, the placement disparity is small and

statistically insignificant in the subpopulation of children without maltreatment potential.

Second, investigators display a racial concordance effect in cases with maltreatment potential,

being significantly less likely to place children of their own race than children of another race.

Since the vast majority of investigators in Michigan are white (86%), this concordance effect

yields higher conditional placement rates for Black children.

The finding that unwarranted disparity is concentrated among high-risk cases implies that

a higher placement rate may actually offer protection to Black children relative to white

children. Indeed, prior research in our setting finds that both Black and white children at risk

of subsequent maltreatment in the home have better outcomes when placed in foster care,

including a lower likelihood of subsequent maltreatment and adult criminal justice contact

along with better educational outcomes (Baron and Gross, 2022; Gross and Baron, 2022).

These findings add nuance to ongoing policy debates over the reform of CPS systems, which

often focus on the possibility that Black children are “over-placed” in foster care.8 While it

is true that Black children in Michigan are disproportionately placed in foster care relative to

white children in homes with future maltreatment potential, white children may be harmed

by “under-placement” in these high-risk situations. The finding of a racial concordance effect

suggests that the leniency afforded by white investigators to white parents may, perhaps

counterintuitively, lead to worse outcomes for their children relative to Black children who

are placed at higher rates. A simple back-of-the-envelope calculation shows that lowering the

placement rate of Black children to equalize placement rates across race would lead to a 7%

increase in the number of Black children who are subsequently maltreated in the home.

These findings are not unique to Michigan CPS. Nationwide (though more limited) data from

the National Child Abuse and Neglect Data System (NCANDS, 2023) allow us to construct

non-parametric bounds on foster care placement UD for almost all states in the U.S. This

supplementary analysis replicates our main findings for Michigan while showing qualitatively

similar patterns in most other states. Nationwide, UD in low-risk cases tends to be small

while UD in high-risk cases is often as large or larger than in Michigan.

8See, for example, the Minnesota African American Family Preservation Act, as well as policy
recommendations in the New York State Bar Association’s “Resolution addressing systemic racism in the
child welfare system of the State of New York.”

4



In the final part of the study, we extend our quasi-experimental approach to conduct a

systems-based analysis of unwarranted disparity in foster care placement. Our primary

analysis, by design, isolates UDs in investigator decisions holding fixed initial screening

decisions that determine whether or not to launch an investigation. Exploiting a novel source

of variation—the quasi-random assignment of CPS hotline screeners—and imposing some

additional structure allows us to additionally trace UDs across both phases and study how

screeners and investigators jointly contribute to discrimination in foster care placement.

The systems-based analysis shows that our primary findings hold in the population of all

calls, including those that were screened out of investigation. In total, hotline calls involving

Black children are more likely to result in foster care placement than calls involving white

children with identical maltreatment potential, with the UD entirely driven by calls with

future maltreatment potential. Notably, this pattern holds despite UDs in the initial screening

phase for cases both with and without maltreatment potential. We reconcile these results by

decomposing the total UD into components due to screeners and investigators, building on the

framework of Bohren et al. (2022). Because investigators are skilled at inferring risk, they place

a small share of children in cases without maltreatment potential—thereby mitigating initial

screener UDs in low-risk cases. In contrast, investigators amplify initial UDs in high-risk cases,

such that both screeners and investigators contribute to the potential “under-placement” of

white children. Our decomposition shows that screeners account for up to 14% of this effect,

showing that eliminating UD may require intervention at both phases of the system.

This study contributes to several related literatures. First, we add to the literature examining

CPS systems by conducting the first quasi-experimental study of racial discrimination in foster

care decisions. We also leverage a new source of variation (quasi-random screener assignment)

to study the decision to launch investigations. While there is a growing literature examining

the causal effects of foster care on the outcomes of screened-in children (see Bald et al. (2022b)

for a review), much less is known about the broader effects of CPS.9

Second, we add to a recent methodological literature that explores how the quasi-random

assignment of decision-makers can be used to estimate different forms of bias and

discrimination in high-stakes decisions, such as pretrial release (e.g., Arnold et al. (2018), Hull

(2021), Arnold et al. (2022), Rambachan (2022), and Canay et al. (2022)), traffic stops (e.g.,

Goncalves and Mello (2021) and Feigenberg and Miller (2022)) and lending (e.g., Dobbie et al.

(2021)).10 Our analysis benefits from the foster care setting featuring many decision-makers

9A related literature explores the impact of algorithmic decision tools within CPS: see, e.g., Chouldechova
et al. (2018), Brown et al. (2019), Grimon and Mills (2022) and Rittenhouse et al. (2022).

10See also Chan et al. (2022) and Angelova et al. (2023) for related quasi-experimental approaches to
evaluating decision-maker skill.
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with very low treatment rates, which allows for both precise non-parametric inferences on

overall UDs and the statistical power to distinguish between disparities among high- or low-risk

home situations. Our framework for linking such heterogeneity to welfare considerations and

policy responses may be useful in future studies of unwarranted disparity.

Third, this is the first quasi-experimental analysis of how discrimination perpetuates and

compounds across multiple decision-makers in a system. A large theoretical literature

emphasizes this possibility and its implications for policy (see Bohren et al. (2022) for a

review). These insights, while potentially valuable in many areas within economics (e.g.,

studies of discrimination in the criminal justice system or the labor market), are often hard to

bring to data because of the non-random decision-making at either or both phases of a system

(e.g., police officer and prosecutor decisions). We provide a practical framework for how to

conduct such an analysis when the multiple decision-makers are quasi-randomly assigned.11

The remainder of the paper is organized as follows. Section II describes the CPS setting.

Section III describes our analysis sample and presents motivating results. Section IV

develops our UD measures and empirical approach. Section V presents our main findings

on investigators’ decisions. Section VI introduces a novel screening instrument to study how

UDs propagate through CPS. Section VII concludes.

II Setting

The CPS system aims to protect children from maltreatment in their home environment;

Figure 1 summarizes the process in Michigan and most states. The process begins when a call

is made to the state’s central hotline to report suspected child abuse (e.g., bruises or burns) or

neglect (e.g., improper supervision).12 Anyone can make a report to the hotline, though the

most common reporters are educators and law enforcement personnel (Benson et al., 2022).

Calls to the CPS hotline are answered by screeners who assess whether the allegation of

maltreatment conforms with state law and guidance from Michigan’s Department of Health

11In an innovative paper, Harrington and Shaffer (2022) study how racial disparities change across police and
prosecutor decision-making. The paper leverages quasi-experimental variation in prosecutor decision-making,
though the setting does not include such variation for police officers.

12Most CPS investigations involve at least one allegation of neglect. Definitions of neglect tend to be broad
and vary across states, leading to concerns that investigations of neglect may be driven by poverty-based
hardship alone (e.g., Raz and Sankaran (2019)). However, there is mounting evidence that this is not the
case. The vast majority of states, including Michigan, do not consider involuntary neglect (i.e. deprivation
due to financial inability alone) as neglect for the purposes of a CPS investigation (Rebbe, 2018). Examples
of neglect instead include exposure to family violence and unsafe supervision due to parental substance abuse.
Neglect allegations furthermore tend to be co-reported along physical and emotional abuse (Palmer et al.,
2022). Indeed, the association between neglect investigations and later-in-life outcomes tends to be at least
as negative as that of physical abuse investigations (Font and Maguire-Jack, 2020).
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and Human Services (MDHHS). Screeners sit centrally in two offices (one in Grand Rapids,

MI and one in Detroit, MI), both with the same CPS hotline number. Conditional on

exact day by shift, incoming calls are randomly assigned to screeners with no exceptions.

Incoming calls enter a queue, and the hotline system routes the call to the available screener

who has been waiting the longest since her last call. Calls typically last about 15 minutes.

Screeners have substantial discretion in whether to screen-in a call, though they follow general

guidelines. Screeners are instructed to screen-in calls to minimize the likelihood of subsequent

maltreatment if the call is screened-out. Screeners play no other role in the process: if a call is

screened-in (roughly 60% of all calls), it is sent to the alleged victim’s local child welfare office

for formal investigation. A screened-out call concludes MDHHS involvement and screeners do

not systematically learn the eventual outcome of a given investigation.

Once referred to a local office, screened-in calls are quasi-randomly assigned to the office’s

investigators. Every county in Michigan has at least one local office, with some larger and

more urban counties containing multiple offices. Some offices further split investigators into

geographic-based teams. Within teams, the assignment of most cases is rotational: reports

cycle through investigators based on who is next up in the rotation and investigators are not

assigned based on their specific characteristics or skill sets. There are two notable exceptions

to quasi-random assignment: cases of sexual abuse tend to be assigned to more experienced

investigators, and repeat reports involving a child who was recently investigated are often

re-assigned to the initial investigator. We isolate the quasi-random variation from rotations

with the child’s ZIP code by investigation year (“rotation”) fixed effects, excluding cases of

sexual abuse and those involving children who had been the subject of an investigation in the

year before the report. Once a case is assigned, the investigator 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.

Investigators make two primary decisions. First, an investigator must decide whether there

is enough evidence to substantiate the allegation. This determination is based on interviews

with the child maltreatment reporter and family members, as well as police and medical

reports. In Michigan, around three quarters of investigations are unsubstantiated over our

study period. An unsubstantiated finding concludes the investigation. If the investigation

is substantiated, the investigator makes a judgement on whether to place the child in foster

care. Under CPS guidelines, the only justification for placement is a potential for subsequent

maltreatment in the home: investigators are instructed to place the child in foster care if the

child is in imminent danger of maltreatment in the home, but to otherwise keep the child with

their family.13 Investigators have immense discretion over foster care placement. While there

13For example, Michigan’s Department of Health and Human Services’ Children’s Protective Services Policy
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is a standardized 22-question risk assessment form in Michigan that helps determine whether

placement is appropriate, many of the questions are inherently subjective and ethnographic

research suggests investigators often manipulate responses to match their priors (Gillingham

and Humphreys, 2010; Bosk, 2015).

If the investigator determines that the potential for maltreatment is high, she requests her

supervisor submit a court petition to place the child in foster care. In practice, it is rare

for either the supervisor or the judge to disagree with the investigator’s recommendation.

Regardless of the placement decision, investigators can recommend preventative referrals to

support the family. These referrals range from food banks to substance abuse or parenting

classes, though parents are not typically compelled to use them. Past work has found minimal

impact of these prevention-referral decisions (Baron and Gross, 2022; Gross and Baron, 2022).

Around 3% of screened-in cases result in foster care placement. In these cases the child is

placed with either an unrelated foster family, relatives, or (much less frequently) in a group

home, while their custodial parents receive services to support reunification. Children spend

around 17 months in foster care on average, after which most are reunified with their parents.

III Data

III.A Data Sources and Analysis Sample

Our primary analysis uses data from the Michigan Department of Health and Human Services,

consisting of the universe of maltreatment investigations (screened-in calls) in Michigan

between January 2008 and June 2017. The data include details of each investigation, such as

the allegation report date, allegation types as coded by the screener, the child’s ZIP code, and

indicators for substantiation and foster care placement. The files also include information on

the child’s age, sex, race, and ethnicity, as well as the name of the investigator.14 We use the

investigators’ names to predict their race, ethnicity and gender.15

Manuals reads: “placement of children out of their homes should occur only if their well-being cannot be
safeguarded with their families” (p.3). It further instructs investigators to recommend placement “in situations
where the child is unsafe, or when there is resistance to, or failure to benefit from, CPS intervention and that
resistance/failure is causing an imminent risk of harm to the child” (p.5).

14A more recent MDHHS dataset (from January 2017—December 2019) contains information on both the
hotline screeners assigned to each call and the outcomes of screened-out calls. In this subset we can thus
follow an initial hotline call through both the screening and foster care placement decisions, though we do not
observe the characteristics of CPS investigators. As discussed in Section VI, we use this dataset to study how
UDs persist and compound across the the two phases of the CPS system.

15Specifically, we impute investigator race/ethnicity via the ethnicolr package in Python, which uses U.S.
census data, the Florida voting registration data, and Wikipedia data collected by Skiena and Ward (2014)
to predict race/ethnicity based on first and last name. We predict investigator gender using the R package
predictrace, which uses data from the U.S. Social Security Administration (SSA) to determine the probability
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We construct our analysis sample from these data as follows. We begin with the 573,349 unique

investigations of children in Michigan between January 2008 and June 2017 that did not involve

either sexual abuse or repeat reports within one year since these cases are not quasi-randomly

assigned. We then drop a relatively small number of cases with missing child ZIP code

information (N = 9, 970), since quasi-random assignment of investigators is conditional on

geography. We further drop cases involving children not classified as white or Black (N =

91, 085), cases assigned to investigators who handled fewer than 200 investigations of white

and Black children (N = 234, 430), and cases assigned to investigators who handled either

investigations of only white or only Black children (N = 7, 237). The latter two restrictions

ensure a relatively large sample for studying investigator heterogeneity. We then drop children

for whom we cannot observe child welfare outcomes for at least six months after the focal

investigation (N = 11, 623), as this will be our primary outcome of interest. Finally, we drop

observations in rotations with only one investigation (N = 1, 300).

The resulting analysis sample consists of 217,704 investigations of 181,928 unique children.

There are 699 unique investigators, each assigned to 312 cases and 6,644 rotations on average.

Panel A of Table 1 summarizes this sample. Overall, 70% of children in our sample are white

and 48% are female. The average child is nearly seven years old. A large share of children

(46%) have a previous investigation, with around one previous investigation on average.

Panel B of Table 1 shows that 43% of investigations include a physical or substance abuse

allegation with nearly 53% including an improper supervision allegation. These rates are

higher for white children, while the rate of investigations including a physical neglect allegation

(around 45%, on average) is higher for Black children. Around 91% of alleged perpetrators

include a parent or stepparent.16

Panel C of Table 1 shows that 3.4% of investigated children in our sample are placed in foster

care. There are clear racial disparities in this rate: 4.3% of Black children are placed in foster

care, relative to 3.1% of white children. That is, on average, investigated Black children are

1.2 percentage points (35%) more likely to be placed in foster care.

Finally, Panel D of Table 1 summarizes future maltreatment outcomes among children not

placed in foster care. Two months after the start of an investigation, around 7% of non-placed

children are re-investigated for child maltreatment. This rate rises steadily with time, with

around 17% of non-placed children re-investigated for child maltreatment after six months.

We take this six-month outcome as our primary measure of subsequent maltreatment, though

we explore robustness to the other shorter-horizon outcomes. Our focus on these short-run

that a given first name is of a particular gender.
16These categories are not mutually exclusive since there can be multiple allegations and perpetrators.

9



outcomes is consistent with investigator manuals instructing workers to place a child in foster

care if they believe the child is in “imminent risk.”17

Our primary maltreatment measure considers whether the child was re-investigated, which

entails both a report to CPS and a decision by a hotline screener to begin an investigation. This

is a common measure of subsequent maltreatment in the child welfare literature (Antle et al.,

2009; Putnam-Hornstein and Needell, 2011; Casanueva et al., 2015; Putnam-Hornstein et al.,

2015, 2021). As mentioned above, only 60% of all hotline calls are assigned for investigation.

While a subsequent investigation is not the only potential proxy for subsequent maltreatment,

it is our preferred measure because it is not impacted by decisions of the initial investigator.

Recall that subsequent investigations within a few months are often re-assigned to the initial

investigator, while neither the decision to report nor to screen-in a case—both of which are

necessary for a re-investigation—involve the investigator. Nevertheless, we show below that

our results are robust to considering alternative maltreatment outcomes, such as whether the

child was a substantiated victim of child maltreatment within 6 months, whether the child was

placed in foster care within 6 months, or whether the child had an investigation for physical

abuse (as opposed to neglect). Our estimates can be seen to isolate policy-relevant measures

of unwarranted disparity, with the outcome representing a substantial intervention (including

a 30-day investigation of the family). For ease of exposition, we refer to our primary outcome

of re-investigation within six months as “subsequent maltreatment.”

Importantly, our analysis is not premised on the view that differences in re-investigation rates

are unaffected by discrimination at other points of the system or in society more broadly.

Indeed, we find evidence of discrimination in hotline screening decisions below (Section

VI). Differences in re-investigation risk could moreover be driven by the over-reporting of

Black children to CPS. For example, prior research suggests that Black children may be

disproportionately likely to be reported by medical personnel conditional on case severity

(Lane et al., 2002).18 Both of these scenarios could cause us to understate UDs, since

they would inflate measured maltreatment risk for Black children. Nevertheless, our goal

in conditioning on re-investigation risk is to isolate a particular form of UDs that may be

reliably targeted by policy, holding fixed other forms of discrimination that may be harder to

quantify or address through reforms to CPS.

Panel D of Table 1 shows that, when left at home, white children are more likely than Black

17We omit the first month after the start of an investigation since we do not observe a disposition date in
the data and, as mentioned above, investigators have 30 days to complete the focal investigation.

18As we discuss below, however, our UD estimates are similar across reporter types (e.g., mandated reporters
such as educational, medical, and law enforcement personnel versus non-mandated reporters such as neighbors
or other family members), suggesting that our results are not driven by the biases of particular reporter types.
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children to experience subsequent maltreatment. Within six months of the focal investigation,

17% of white children see subsequent maltreatment, compared to 15% of Black children. Taken

at face value, this outcome disparity may suggest white children have a higher level of “need”

for foster care placement—which in turn suggests the placement rate disparity in Panel C

understates the conditional disparity among children with the same level of need. Importantly,

however, the outcomes in Panel D are only measured among children endogenously left at

home. Since the average stay in foster care in our setting is 17 months long, and very few

children return home within six months, we do not observe subsequent maltreatment in the

home within six months if a child is temporarily placed in foster care. We are thus unable to

directly adjust for potential maltreatment outcomes when assessing placement disparities.

III.B Descriptive Disparity Analysis

As an initial analysis of the overall foster care placement disparity, we estimate descriptive

regressions of placement decisions on an indicator for the child’s race controlling for a variety of

child and investigation characteristics. Specifically, we estimate ordinary least squares (OLS)

regressions of the form:

Di = α + βBi +X ′
iγ + ϵi (1)

where Di is an indicator equal to one if child i is placed in foster care following a maltreatment

investigation, Bi is an indicator equal to one if the child is Black, and Xi is a vector of controls.

Estimates of β thus capture placement disparities among observably similar cases.

Column 1 of Table 2 presents estimates from a simple bivariate regression of Di on Bi without

any controls. The 1.2 percentage point disparity in this specification corresponds to the gap

previously discussed in Panel C of Table 1. Column 2 of Table 2 shows this disparity is

unchanged with rotation (ZIP code by year) fixed effects. Column 3 further adds controls for

the child and focal investigation characteristics in Panels A and B of Table 1. The disparity in

this specification shrinks slightly to 0.9 percentage points (27% of the mean placement rate).

A significant disparity in placement rates thus remains among observably similar children and

cases. At 27% of the overall placement rate, this 0.9 percentage point disparity is meaningful.

But the implications of this controlled disparity for UDs are at this point unclear: we cannot

adjust these descriptive regressions for subsequent maltreatment potential, the evaluation of

which is the sole objective of child welfare investigators. Consequently, the overall disparity in

Column 1 of Table 2 may suffer from OVB and either over- or under-state the true level of UD

across child welfare investigators in Michigan. The controlled disparities in Columns 2 and 3

may furthermore suffer from included variables bias (IVB) if the controls include mediators

of UD. We next discuss the empirical strategy we will use to overcome both challenges.
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IV Methods

IV.A Unwarranted Disparity Measure

We formalize our discrimination measure and estimation approach by considering a population

of screened-in cases (indexed by i), each assigned to one of J investigators (indexed by j).

Each case involves either a Black or white child, indicated by Ri ∈ {b, w}. Each child has a

potential for future maltreatment Y ∗
i ∈ {0, 1}, with Y ∗

i = 1 indicating future maltreatment

when the child is not placed into foster care. Without directly observing Y ∗
i , investigators

make a decision Dij ∈ {0, 1} to place child i in foster care, with Dij = 1 indicating placement

when child i is assigned to investigator j. We study discrimination in these potential placement

decisions, leaving unspecified for now the assignment process of investigators.

We measure discrimination as UDs: racial disparities in foster care placement rates conditional

on a child’s true potential for subsequent maltreatment in the home Y ∗
i . This measure builds

on Arnold et al. (2021, 2022), who study discrimination in the bail context by racial disparities

in pretrial release rates conditional on a defendant’s true potential for pretrial misconduct.

As in that context, our UD discrimination measure is natural given clear decision-maker

objectives: under CPS investigator guidelines, the only justification for foster care placement

is a potential for subsequent maltreatment in the home. Arnold et al. (2021, 2022) show

how such a measure aligns with the legal theory of disparate impact, economic notions of

discrimination among equally productive workers, as well as more recent notions of algorithmic

discrimination from the computer science literature.19

Importantly, unwarranted disparity can arise from both “direct” discrimination on the basis

of race itself and from “indirect” discrimination through non-race characteristics (such as

poverty levels). The former source, which has historically been the focus in economics, includes

discrimination from biased preferences and beliefs (e.g. Becker (1957); Bordalo et al. (2016);

Bohren et al. (2020)) and statistical discrimination (e.g. Phelps (1972); Arrow (1973); Aigner

and Cain (1977)). The latter source, which historically has been more often studied outside

of economics, can arise when non-race characteristics embed discrimination from the past or

other domains (Bohren et al., 2022). We explore the role of each of these potential drivers

using a simple model of investigator decision-making below.

19Disparate impact is one of two main legal doctrines of discrimination in U.S. case law, which concerns
the discriminatory effects of a policy or practice rather than a decision-maker’s intent. The disparate impact
standard applies to programs and activities receiving federal financial assistance via Title VI of the 1964 Civil
Rights Act, including the child protection systems we consider (DHHS, 2016; DOJ, 2016). Both screening and
investigation are explicitly required to comply with this standard (DHHS, 2016). See Section I.A of Arnold
et al. (2022) for more background and discussion of relevant case law.
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To build up to our UD measure, we first define the placement rate disparity for each

investigator j among Black and white children without future maltreatment potential:

∆j0 = E[Dij | Ri = b, Y ∗
i = 0]− E[Dij | Ri = w, Y ∗

i = 0], (2)

along with the corresponding disparity among children with future maltreatment potential:

∆j1 = E[Dij | Ri = b, Y ∗
i = 1]− E[Dij | Ri = w, Y ∗

i = 1]. (3)

We measure the overall UD by averaging these two conditional disparities:

∆j = ∆j0(1− µ̄) + ∆j1µ̄, (4)

with weights given by the average future maltreatment risk in the population, µ̄ = E[Y ∗
i ].

The ∆j average thus captures the expected level of UD when investigator j encounters a

representative pool of children with unknown future maltreatment potential. We measure the

system-wide level of UD by the case-weighted average of ∆j across investigators. By holding

the potential population of assigned children fixed, variation in ∆j around this average is

meaningfully attributed to investigator heterogeneity.20

While our initial focus is on ∆j, in additional analyses we separately study the two individual

components, ∆j0 and ∆j1, as this can lead to a more nuanced analysis of unwarranted disparity

in foster care placement. A finding of ∆j0 > 0, for example, would suggest that Black

children without future maltreatment potential are “over-placed” in foster care relative to

white children without future maltreatment potential. This disparity would be unambiguously

harmful to Black children, since family separation is costly and they would have been safe

in their homes. However, a finding of ∆j1 > 0 would suggest that, while Black children

are placed at higher rates than white children, the higher placement rate may actually be

protective to Black children, since they experience subsequent maltreatment potential in their

homes and previous research in our context shows that the causal effects of foster care are

positive for both Black and white children—especially in cases with maltreatment potential

in the home (Baron and Gross, 2022; Gross and Baron, 2022). Thus, a finding of ∆j1 > 0

20Our measures of discrimination, which condition on the potential for child maltreatment in the home,
follow naturally from investigators’ mandate to focus on these outcomes. Another possible measure would
condition on a child’s potential reduction in maltreatment if placed into foster care. These measures are likely
to be very similar, since maltreatment is very rare while in foster care: 0.88% of children entering foster care in
Michigan in 2017 were maltreated during their stay (USDHHS, 2017; Biehal, 2014). Investigators’ placement
tendencies are also uncorrelated with children’s experiences in foster care, such as length of stay, number of
different placements, and placement type (Baron and Gross, 2022), suggesting that investigators’ decisions are
not influenced by their expectations of children’s foster care experiences. Moreover, Baron and Gross (2022)
show that the causal effects of foster care are similar for Black and white children at the margin of placement.
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could be interpreted as “under-placement” of white children relative to Black children.

The fundamental challenge in estimating UDs is the selective observability of maltreatment

potential. Among children who are not placed in foster care, Y ∗
i is directly observed by future

maltreatment outcomes. But since future maltreatment in the home is unobserved among

children who are placed in foster care we cannot directly estimate equations (2)-(4).21

We address this selection challenge, following Arnold et al. (2022), by first re-writing the

components of equations (2)-(4) in terms of a set of directly estimable moments and two

unknown parameters: the average future maltreatment risk in the population of Black and

white children, µb = Pr(Y ∗
i = 1 | Ri = b) and µw = Pr(Y ∗

i = 1 | Ri = w). Specifically:

E[Dij | Ri = r, Y ∗
i = 1] = 1− E[(1−Dij)Y

∗
i | Ri = r]

E[Y ∗
i | Ri = r]

= 1− (1− ϕjr)ψjr

µr

(5)

and

E[Dij | Ri = r, Y ∗
i = 0] = 1− E[(1−Dij)(1− Y ∗

i ) | Ri = r]

E[1− Y ∗
i | Ri = r]

= 1− (1− ϕjr)(1− ψjr)

1− µr

(6)

for each j and r, where ϕjr = Pr(Dij = 1 | Ri = r) is investigator j’s potential foster care

placement rate for children of race r and ψjr = Pr(Y ∗
i = 1 | Dij = 0, Ri = r) is the subsequent

maltreatment rate of children of race r who would be left at home by investigator j.

Since placement is directly observed, and since future maltreatment outcomes directly reveal

future maltreatment potential Y ∗
i among children not placed in foster care, the ϕjr and ψjr

moments in equations (5) and (6) are not affected by the selective observability of Y ∗
i . In

fact, when investigators are randomly assigned, these moments are identified simply by the

race-specific placement rates and at-home maltreatment rates among cases assigned to each

investigator.22 Thus, in quasi-experimental data the challenge of identifying ∆j reduces to the

challenge of identifying the two remaining parameters in equations (5) and (6): µb and µw.

IV.B Identification Strategies

We consider two strategies, building on Arnold et al. (2022), for estimating the two key mean

risk parameters, µb and µw. Each strategy yields corresponding estimates of the UDs.

21Since the average stay in foster care is 17 months and very few children return home within six months,
it is usually impossible to see if a child placed in foster care is maltreated at home within six months.

22Formally, ϕjr = E[Dij | Ri = r] = E[Di | Zij = 1, Ri = r] and ψjr = E[Y ∗
i | Dij = 0, Ri = r] =

E[Yi | Di = 0, Zij = 1, Ri = r] where Zij indicates the assignment of case i to investigator j, Di indicates
realized foster care placement for case i, and Yi indicates realized future maltreatment for case i. Here we
assume simple random assignment, such that Zij is independent of (Dij , Y

∗
i , Ri). We discuss how we handle

conditional random assignment below.
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Bounding with Observed Subsequent Maltreatment. Our first strategy forms

non-parametric bounds on each µr using the directly estimable moments ϕjr and ψjr. For

each investigator j, a lower bound is given by:

µL
jr ≡ (1− ϕjr)ψjr = E[(1−Dij)Y

∗
i | Ri = r] ≤ E[Y ∗

i | Ri = r] = µr. (7)

Intuitively, this lower bound is derived by assuming none of the children who would be placed

in foster care by investigator j (and thus for whom we cannot observe future maltreatment

potential Y ∗
i ) would have had future maltreatment. Similarly, an upper bound is given by:

µU
jr ≡ 1− (1− ϕjr)(1− ψjr) = 1− E[(1−Dij)(1− Y ∗

i ) | Ri = r]

≥ 1− E[1− Y ∗
i | Ri = r] = µr, (8)

Intuitively, this upper bound is derived by assuming all of the children who would be placed

in foster care by investigator j would have had future maltreatment.

The [µL
jr, µ

U
jr] bounds can be estimated from the placement rates and future maltreatment

rates of each quasi-randomly assigned investigator j, as detailed below, or from an average

of these rates across investigators. Tighter bounds are obtained by focusing on investigators

with lower placement rates, since:

µU
jr − µL

jr = 1− (1− ϕjr)(1− ψjr)− (1− ϕjr)ψjr = ϕjr. (9)

Because placement in foster care is relatively rare, ϕjr = Pr(Dij = 1 | Ri = r) is relatively

small for many investigators such that our bounds are likely to be informative. Intuitively,

the mean future maltreatment rate in the full population cannot be too far away from the

observed maltreatment rates among children left at home when placement is relatively rare.

Extrapolating Maltreatment Variation Across Investigators. Our second strategy

for estimating the two mean risk parameters extrapolates observed variation in subsequent

maltreatment rates across as-good-as-randomly assigned investigators. To build intuition

for this approach, suppose investigators are completely randomly assigned and there is an

investigator j∗ who places virtually no children of either race in foster care such that ϕj∗r =

Pr(Dij∗ = 1 | Ri = r) ≈ 0. For each race, this investigator’s future maltreatment rate among

children left at home would be close to the mean maltreatment risk of that race:

ψj∗r = E[Y ∗
i | Dij∗ = 0, Ri = r] ≈ E[Y ∗ | Ri = r] = µr (10)

Moreover, by random assignment, ϕj∗r and ψj∗r are identified by the realized race-specific
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placement rates and future maltreatment rates among children assigned to the investigator.

Absent such an investigator, the key mean risk parameters can be estimated by extrapolating

maltreatment rate variation across quasi-randomly assigned investigators. This approach

is conceptually similar to how average potential outcomes at a treatment cutoff can be

extrapolated from nearby observations in a regression discontinuity design. Here, potential

maltreatment risk is extrapolated from quasi-randomly assigned investigators with low

placement rates to the hypothetical investigator whose placement rate is zero. Mean risk

estimates may, for example, come from the vertical intercept at zero of linear, quadratic, or

local linear regressions of estimated at-home maltreatment rates E[Y ∗
i | Dij = 0, Ri = r] on

estimated placement rates Pr(Dij = 1 | Ri = r) across investigators j within each race r.23

We apply both strategies accounting for the fact that investigators in Michigan are only

as-good-as-randomly assigned conditional on rotation fixed effects. We first use linear

regression to estimate ϕjr and ψjr adjusting for these strata. Specifically, we estimate:

Di =
∑
j

ϕjw(1−Bi)Zij +
∑
j

ϕjbBjZij +X ′
iγ + εi (11)

among all screened-in cases, and:

Yi =
∑
j

ψjw(1−Bi)Zij +
∑
j

ψjbBjZij +X ′
iλ+ νi (12)

among screened-in cases where the child is not placed in foster care (Di = 0). Here Di =∑
j ZijDij indicates observed foster care placement, Yi = DiY

∗
i indicates observed future

maltreatment, and Bi = 1[Ri = b] indicates a case involving a Black child. The Zij ∈
{0, 1} dummies indicate assignment of case i to investigator j, and Xi is a vector of rotation

fixed effects within which investigators are as-good-as-randomly assigned. We estimate both

regressions with Xi de-meaned, such that the ϕjw and ϕjb coefficients capture strata-adjusted

placement rates of investigator j among white and Black children, respectively. Similarly,

the ψjw and ψjb coefficients capture strata-adjusted maltreatment rates among the white and

Black children left at home by investigator j.24 We use these estimates to bound or estimate

the key mean risk parameters µw and µb, following the above formulas. Finally, we combine

these two sets of estimates to estimate UDs, following equations (5) and (6).

23More precisely, this approach builds on a long literature on “identification at infinity” in sample selection
models (Chamberlain, 1986; Andrews and Schafgans, 1998; Heckman, 1990).

24Regression adjustment is appropriate when placement and re-investigation rates are linear in the rotation
strata for each judge and race, with constant coefficients (Arnold et al., 2022). We show below that our results
are nearly identical if we do not adjust for strata fixed effects, however. This is because variation in placement
rates is largely driven by variation within, rather than across, the strata (Baron and Gross, 2022).
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IV.C Identifying Assumptions

The first assumption underlying our two strategies is the quasi-random assignment of

investigators in Michigan, who vary in their tendency to place children in foster care. To

verify this assumption, we construct a measure of investigator placement tendencies as a

leave-one-out rate among all cases in the sample that were quasi-randomly assigned to the

investigator. This measure is similar to instruments previously constructed to estimate the

causal effects of foster care placement among screened-in cases (Doyle, 2007, 2008; Bald et al.,

2022a; Baron and Gross, 2022; Gross and Baron, 2022). Specifically, we first regress the

foster care placement indicator Di on the rotation fixed effects Xi. We then calculate the

leave-one-out average residual from this regression for each investigator.

Figure A1 summarizes the leave-one-out placement tendency measure. The measure ranges

from -0.03 to 0.04, with a standard deviation of 0.023. Within a rotation, moving from the

investigator with the lowest tendency to place to the one with the highest tendency is thus

estimated to increase the probability that the child is placed in foster care by 7 percentage

points, or over 200% relative to the mean placement rate in our sample. The figure further

shows a strong, positive relationship between investigators’ placement tendencies and the

child’s likelihood of being placed in foster care.

Table A1 confirms this first-stage relationship by reporting estimates of an OLS regression of

placement decisions on the tendency measure, separately by race. Columns 1 and 3 include

only rotation fixed effects, while Columns 2 and 4 add baseline controls. A one percentage

point increase in an investigator’s placement tendency increases the probability that the child

is placed in foster care by 0.536 percentage points for Black children, and 0.591 percentage

points for white children. The F-statistic for placement tendency ranges from 133 to 257,

indicating a strong relationship.

Table A2 further probes an implication of as-good-as-random assignment: that observable

child and case characteristics are uncorrelated with the placement tendencies of the assigned

investigator. Separately by race, each column reports point estimates from an OLS regression

of an indicator equal to one if the child was placed (Columns 1 and 3) and the investigator’s

placement tendency (Columns 2 and 4) on all child and investigation characteristics and

rotation fixed effects. As expected due to the rotational assignment of child welfare

investigators, a rich set of characteristics are not jointly predictive of the instrument (p = 0.201

for Black children and p = 0.183 for white children) despite being very predictive of placement.

Moreover, Table A3 shows that investigators of a given race/gender are not differentially likely

to be assigned to same-race/same-gender cases.
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The second assumption underlying our two strategies is an implicit exclusion restriction: that

investigators’ placement tendencies only impact subsequent maltreatment outcomes through

the decision to place a child into foster care. This assumption is inherently untestable,

and—even with rich administrative data—we could not rule out all possible channels through

which investigators with higher or lower tendencies to place may influence children’s outcomes.

Nevertheless, we believe exclusion is reasonable in this context.

One possible concern for the exclusion restriction is that investigators could influence children’s

experiences while in foster care. CPS investigators, however, do not remain in contact with

children after placement. Once a child is placed in foster care, their case is transferred to

a different agency staff member who works in a separate Foster Care Department. These

workers are often also assigned to cases according to a rotation, but this rotation is distinct

from the one for the initial investigators as they include different types of workers.

Another concern for the exclusion restriction in our setting is investigator discretion over

the decision to assign families to prevention services. Specifically, investigators could

assign families to community-based or targeted services, which range from referrals to food

pantries to substance abuse and parenting classes. If these preventative services impact

the probability of subsequent abuse, and these decisions are systematically correlated with

investigator placement tendencies, then these decisions would violate the exclusion restriction.

However, Gross and Baron (2022) and Baron and Gross (2022) show that the effects of these

other decisions on children’s outcomes (including subsequent maltreatment) are small and

statistically insignificant in Michigan.

Importantly, although our approach can be understood as leveraging quasi-random

investigator assignment as an instrument for placement—similar to conventional instrumental

variables (IV) studies of foster care effects—it does not require the conventional IV assumption

of first-stage monotonicity: i.e., that investigators have a common ranking of cases by their

appropriateness for foster care placement.25 Intuitively, the non-parametric bounds on µr do

not come from comparisons across investigators, while the extrapolated estimates of µr are

valid as long as the average relationship between subsequent maltreatment rates and placement

rates across investigators can be reliably estimated (at least for low placement rates).26 In

25See Mueller-Smith (2015); Norris (2019); Mogstad et al. (2021) and Frandsen et al. (2023) for critiques
of conventional first-stage monotonicity in similar settings.

26To see how reliable extrapolation is possible when first-stage monotonicity fails, consider a simple model
of investigators’ placement decisions: Dij = 1[κj ≥ νij ] where νij |κj , λj ∼ U(0, 1) and (κj , λj) are random
investigator-specific parameters. Further assume E[Y ∗

i |νij , κj , λj ] = µ + λj(νij − 1
2 ). This model can violate

conventional first-stage monotonicity, since investigators can differ both in their ordering of individuals by
the appropriateness of placement (νij) and their relative skill at predicting subsequent maltreatment (λj).
Nevertheless, when E[λj |κj ] is constant (linear) in κj , average future maltreatment rates are linear (quadratic)
in placement rates, such that simple parametric extrapolations identify mean risk µ.
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practice, the large number of foster care investigators with low placement rates in our setting

are likely to both make the non-parametric bounds informative and the extrapolations reliable.

V Unwarranted Disparity in Investigator Decisions

V.A Main Estimates

Bounding with Observed Subsequent Maltreatment. We first compute a range of

possible mean maltreatment risk parameters, given by the overall average rates of placement

and future maltreatment in our analysis sample. Applying equations (7) and (8) to the rates in

Table 1, we estimate Black mean risk bounds of µb ∈ [0.144, 0.187] and white mean risk bounds

of µw ∈ [0.168, 0.199]. We then estimate the range of system-wide UDs given all combinations

of (µb, µw) in these bounds, using equations (5) and (6) along with the investigator-specific

estimates from equations (11) and (12).

Figure 2 shows robust evidence of system-wide UD in foster care placement decisions. The

range of possible system-wide UDs, as measured in the case-weighted average ∆j, is estimated

to be from around 1.2 percentage points to around 2.4 percentage points. This range is

thus above the observed racial disparity in placement rates (around 1.2 percentage points).

Intuitively a higher average ∆j reflects the fact that the range of white mean risk is generally

higher than the range of Black mean risk, consistent with the selected outcome rates in Panel

D of Table 1. By standard OVB logic, if investigators are more likely to place a child in foster

care when the maltreatment potential is high, and maltreatment potential is lower among

Black cases, then adjusting for maltreatment potential Y ∗
i in our UD measure should increase

the estimated disparity.27

Tighter bounds on system-wide UD can be obtained by using the placement and future

misconduct rates of investigators with low placement rates, as shown in equation (9). Column

1 of Appendix Table A4 shows that restricting our focus to investigators with an estimated

(strata-adjusted) placement rate of 0.03 or lower yields mean risk bounds of µb ∈ [0.146, 0.176]

and µw ∈ [0.167, 0.197]. These race-specific bounds allow us to construct a tighter bound on

system-wide UD of [0.014, 0.020]. Columns 2 and 3 show the bounds are tightened further by

27Formally, E[Dij | Ri = b] − E[Dij | Ri = w] −∆j = [(δjw1 − δjw0)pb + (δjb1 − δjb0)pw] (µb − µw) when
investigators are randomly assigned, where δjry = E[Dij | Ri = r, Y ∗

i = y] gives race- and investigator-specific
placement rates among cases with or without future maltreatment potential and pr = Pr(Ri = r) gives the
share of Black or white cases (see Section II.B of Arnold et al. (2022) for a derivation). Since investigators
are likely to respond to maltreatment potential (δjr1 > δjr0), this formula shows adjusting for maltreatment
potential differences is likely to increase placement rate disparities when maltreatment potential is higher
among white cases than Black cases (µw > µb).
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focusing on investigators with estimated placement rates below 0.02 and 0.01. We estimate

system-wide UD to be in [0.016, 0.018] with the narrowest mean risk bounds.

Extrapolating Maltreatment Variation Across Investigators. To obtain point

estimates of UDs, we extrapolate variation in the race-specific placement and subsequent

maltreatment rates across the quasi-randomly assigned investigators. Figure 3 plots this

variation, with a binned scatterplot of the estimates from equations (11) and (12).28

A large number of investigators have a placement rate close to zero, suggesting plausible

grounds for extrapolation. We find that rates of future maltreatment among non-placed

children tend to decrease with investigator placement tendencies for both white and Black

children. This is consistent with a decision-model where, at the margin, investigators with

greater tendencies to leave a child at home leave children with higher risk in the home;

in such a model the similarity of the slopes by race suggests similar investigator skill at

predicting maltreatment potential among white and Black children.29 The strong negative

relationship between investigators’ placement tendencies and subsequent maltreatment is

found with three specifications: linear, quadratic, and local linear regression.30 The intercepts

of each specification yield estimates of the key mean risk parameters.

Panel A of Table 3 reports our three sets of mean risk point estimates, which are very similar

across specifications. As depicted by the black lines in Figure 2, our estimates fall on the low

end of the non-parametric bounds. The most flexible local linear extrapolation indicates that

the average future maltreatment rate is 0.177 (SE=0.002) in the population of white children

and 0.154 (SE=0.003) in the population of Black children. Again, this two percentage point

gap suggests that observational disparities in placement rates are likely to understate the

extent of true UD in Michigan (negative OVB).

Panel B of Table 3 reports corresponding estimates of system-wide UD. All three

extrapolations yield virtually identical estimates of 0.017 (SE=0.002), suggesting that, on

average, Black children are placed in foster care at a 1.7 percentage point higher rate than

white children with identical potential for future maltreatment. This represents a disparity of

roughly half of the overall placement rate of 3.4 percentage points, and is nearly 90% larger

than the observational disparity of 0.9 percentage points.

28Figure A2 shows that the extrapolation is nearly identical if we do not adjust for strata fixed effects.
29We formalize these observations with a parametric model of investigator decision-making in Online

Appendix B. The slopes in Figure 3 can also be related to IV coefficients from race-specific regressions of
maltreatment outcomes on placement decisions with investigator instruments. A negative slope suggests
an IV coefficient finding foster care placement reduces future maltreatment, which is again consistent with
investigators acting on predictions of maltreatment potential.

30Each specification is weighted inversely by the variance of estimation error in each investigator’s
re-investigation rates.

20



V.B Robustness

Table A5 considers robustness to alternative time frames for re-investigation, finding that

the specific period considered has little impact. Our main outcome throughout the study is

whether the child was re-investigated for alleged child maltreatment in the home within six

months of the focal investigation; this time horizon is somewhat arbitrary.31 In Columns 2

through 5 of the table we instead use re-investigation within two, three, four or five months.32

Reassuringly, we find very similar estimates of UD across all horizons.

Another concern is the potential disconnect between actual maltreatment versus reported

maltreatment. For example, subsequent investigations could be partially driven by racial

biases in the reporting of child maltreatment. Prior research suggests that Black children may

be disproportionately likely to be reported conditional on case severity (Lane et al., 2002).

Such bias would tend to understate UD in our context by inflating the risk of a subsequent

investigation for Black children left at home.

Nevertheless, we next examine robustness of our proxy for subsequent maltreatment potential.

Columns 6, 7, and 8 of Table A5 show that we obtain very similar results when we

instead consider the potential for a subsequent substantiated investigation, the potential

for a subsequent investigation that includes physical abuse, or the potential for foster care

placement within six months if left at home. While we prefer subsequent re-investigation as

Y ∗
i because other measures may be endogenously determined through re-assignment to the

initial investigator, it is reassuring that we find similar levels of UD by conditioning on more

severe (though potentially endogenous) maltreatment proxies.

We also explore this concern using a subset of data (discussed in Section VI) that contain the

category of the initial maltreatment reporter. When we estimate UDs separately for children

referred by mandated (social workers, educational, medical, and law enforcement personnel)

and non-mandated reporters (neighbors or other family members), we find similar estimates of

UD across these two reporter types: we find a point estimate of 0.018 for mandated reporters

(SE=0.003) and 0.015 for non-mandated reporters (SE=0.002). These results suggest that

our main estimates are not driven by biases from a particular reporter type.

31As noted in Section II, investigator manuals often instruct workers to place a child in foster care if
they believe the child is in imminent risk, which we interpret as focusing investigators on the likelihood of
maltreatment in the short run rather than the long run.

32As mentioned above, we omit the first month after the start of an investigation since investigators have
30 days to complete the focal investigation, and we do not observe a disposition date in the data.
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V.C Potential Drivers

As noted in Section IV, UDs can arise from direct discrimination on the basis of race as

well as indirect discrimination through non-race characteristics. We first examine the scope

for indirect discrimination by testing whether adjusting for child-specific traits (such as age,

gender, and prior investigations) as well as investigation-specific traits (such as the nature

of the allegations and relationship to the alleged perpetrator) changes the UD estimates. To

do this, we adjust the estimated investigator- and race-specific placement and subsequent

maltreatment rates by the child and investigation characteristics in Column 3 of Table 2. We

then recompute mean maltreatment risk and system-wide UD with these adjusted rates.

Table A6 suggests limited scope for indirect discrimination on non-race characteristics.

Adjusting for child- and investigation-specific traits leads to very similar estimates of

system-wide UD relative to our baseline estimates in Table 3 (1.6 and 1.7 percentage points,

respectively). This finding suggests UD is similar across these non-race characteristics; indeed,

Table A7 shows limited heterogeneity across separate analyses conducted for particular child

subgroups. While estimates of UD are more positive for female children relative to male

children, younger children relative to older children, and investigations involving neglect

as opposed to physical abuse, all estimates are above 1 percentage point and statistically

significant. In other words, we find meaningful UD across all observed subgroups.

We next study the potential drivers of direct discrimination. Without imposing additional

structure on the quasi-experimental variation, it is difficult to disentangle racial bias and

statistical discrimination (Hull, 2021). In Online Appendix B, we estimate a structural model

of investigator decision-making akin to that in Arnold et al. (2022), which parameterizes the

quasi-experimental variation via a series of marginal treatment effect frontiers. Estimates

from this model suggest that racial bias, either from racial preferences or inaccurate beliefs,

is the primary driver of UD in foster care placement decisions. We find little evidence for

statistical discrimination: estimates suggest that investigators act on similarly-precise signals

of maltreatment potential by race. Furthermore, estimates of mean maltreatment risk by race

suggest investigators should, if accurately statistically discriminating, place white children at

higher rates than Black children of identical maltreatment potential.

V.D Heterogeneity and Policy Implications

As noted above, we find minimal heterogeneity in unwarranted disparity by observable child

and investigation characteristics. To further unpack the policy implications of unwarranted

disparity in child protection, this section considers heterogeneity along two other key

dimensions: by case severity and by investigator traits.
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Heterogeneity by Maltreatment Potential

Table 4 shows significant heterogeneity in the UDs by the unobserved level of maltreatment

potential that we condition on. Recall that our baseline UD measure ∆j is a weighted average

of two conditional disparities: the disparity among children with potential for subsequent

maltreatment (∆j1) and the disparity among children with no potential for subsequent

maltreatment (∆j0). The table shows that our average 1.7 percentage point disparity is

concentrated in the former at-risk population, with a system-wide average of ∆j1 ranging

from 5.7 percentage points to 6.1 percentage points, depending on the extrapolation. Panel

B shows that white children with maltreatment potential are placed in foster care at a rate of

around 5.8%, and Black children are about twice as likely to be placed in foster care in this

subpopulation.33 In contrast, there is little disparity among children without maltreatment

potential, with a statistically insignificant average of ∆j0 of around 0.8 percentage points.

Heterogeneity by Investigator Characteristics

We next examine heterogeneity in the UDs across the observable characteristics of

investigators. Since UD primarily arises among children with subsequent maltreatment

potential, we focus on heterogeneity in the investigator-specific ∆j1’s, though results are

similar for heterogeneity in the overall ∆j’s. Specifically, Table 5 reports estimates from

OLS regressions of the estimated ∆j1 on several investigator characteristics.

Column 1 of Table 5 documents significant racial concordance effects in investigator decisions:

white investigators tend to place white children in high-risk situations at lower rates than

Black children in high-risk situations, and vice-versa for Black investigators.34 These estimates

suggest that investigators of a given race may give the “benefit of the doubt” to families of

their same race in high-risk situations. However, because the vast majority of investigators in

Michigan are white, the result is that, on average, Black children have higher placement rates

in cases with maltreatment potential.

Other investigator traits are associated with smaller disparities. Female investigators,

investigators working in urban counties, and investigators with a caseload featuring an

above-median share of Black children also have lower levels of UD in this subpopulation.

33Panel B of Table 4 also shows that investigators do distinguish between children in homes with and without
subsequent maltreatment potential. For both Black and white children, placement rates are much lower in
the population without subsequent maltreatment potential (Y ∗ = 0) than in the population with subsequent
maltreatment potential (Y ∗ = 1), reinforcing that investigator decision-making distinguishes between the two
types of home circumstances.

34See Dee (2005); Alsan et al. (2019); Ba et al. (2021); Edmonds (2022); Gershenson et al. (2022) for
evidence of such effects in other high-stakes settings.
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Policy Implications

The estimates thus far show that, while Black children in Michigan have higher foster care

placement rates than white children conditional on subsequent maltreatment risk, the disparity

is entirely concentrated among high-risk cases. These results provide a better understanding

of racial discrimination in child protection, which may help guide the appropriate policy

response. In particular, a question that our findings may speak to is whether Black children

are “over-placed” relative to white children or whether white children are “under-placed.”

Properly evaluating this question requires an understanding of the benefits and costs of

placement for marginal cases.

Two pieces of evidence suggest that in our context foster care placement improves children

well-being, reducing subsequent maltreatment and improving longer-term outcomes. First, the

quasi-experimental variation in Figure 3 shows that the likelihood of subsequent maltreatment

is decreasing in investigator placement rates. Maltreatment is known to carry substantial

costs for children’s short- and long-term outcomes (Currie and Spatz Widom, 2010; Currie

and Tekin, 2012; Soares et al., 2021; Doyle and Aizer, 2018), and failing to place high-risk

cases means these costs are more likely to be realized.

Second, among marginal cases where investigator assignment matters for foster care

placement decisions, prior research in our setting suggests foster care improves longer-term,

welfare-relevant outcomes for children. Gross and Baron (2022) and Baron and Gross (2022)

show that foster care placement causes significant declines in later-in-life criminal justice

contact as well as improvements in schooling outcomes such as attendance, test scores, high

school graduation, and postsecondary enrollment. These benefits are similar for white and

Black children—if anything, the estimates are larger for white children in percent terms.

Moreover, comparisons across investigator types in Baron and Gross (2022) suggest that

the effects are most positive for children assigned to low-placement-rate investigators. This

demonstrates the intuitive notion that marginal cases at particularly high-risk are more likely

to benefit from placement. Our current results show that racial disparities are found precisely

in these high-risk cases (Y ∗ = 1).35

These results suggest that high-risk cases may benefit from placement both in terms of

short-run maltreatment risk and longer-run outcomes, such as improvements in educational

outcomes and reductions in criminal justice involvement. A full welfare consideration would

include a wider set of benefits and costs, as well as the unobserved willingness to pay by

35While the causal effects of foster care for children on the margin may vary by context (e.g., see Doyle (2007,
2008)), the effects are likely to be most positive precisely in cases where there is subsequent maltreatment
potential in the home.
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parents to avoid child placement in foster care. Nevertheless, in contrast to the motivation

for numerous reforms recently proposed in child welfare policy—which are based on the

premise that Black children tend to be over-placed relative to white children—our findings

seem consistent with white children at high risk of continued maltreatment being relatively

under-placed compared to Black children. This conclusion is bolstered by the structural model

analysis in Online Appendix B, which suggests marginal white children face significantly

higher rates of future maltreatment when left at home. Our findings of racial concordance

in investigator decisions suggest that the leniency afforded by white investigators to white

parents may, perhaps counterintuitively, lead to worse outcomes for their children.

These findings add nuance to ongoing policy debates over the possible “over-placement” of

Black children in foster care.36 Consider, for example, a policy that lowers the placement rate

of Black children to equalize white and Black placement rates among children with identical

maltreatment potential. Because the placement rate disparity is entirely driven by disparities

in the population of children with Y ∗
i = 1, the policy would only affect placement rates in

this subpopulation. A back-of-the-envelope calculation based on our estimates suggests such

a policy would increase the number of Black children who are subsequently maltreated by 7%

(from around 8,800 to around 9,400 in our sample period).37

V.E External Validity

Because CPS is administered at the state or local level and the decision-making process of

CPS agents may vary across states, a natural concern is to what extent our key findings are

generalizable outside of Michigan CPS. To examine this question, we use more limited but

nationwide data from the National Child Abuse and Neglect Data System (NCANDS, 2023)

from 2008 to 2016 (matching our main sample period). This dataset contains information on

child maltreatment investigations in most states in the U.S.38 The data contain key variables

such as the child’s race, subsequent CPS investigations, and whether the investigation resulted

in foster care placement. While the data do not contain unique investigator identifiers (which

prevents us from using extrapolation methods in other states), we leverage the fact that the

36See, for example, the Minnesota African American Family Preservation Act, as well as policy
recommendations in the New York State Bar Association’s “Resolution addressing systemic racism in the
child welfare system of the State of New York.”

37There are 64,489 investigations of Black children in our sample (Table 1). Combining this with our
estimate of µb = 0.155 (Table 3) suggests roughly 10,000 children will be subsequently maltreated if not
placed in foster care. In the status quo, 12% (or 1,200) of such children are placed into foster care. In a
counterfactual where this share is lowered to 6% to equalize the placement rate of white and Black children
with maltreatment potential (Table 4), 600 Black children are placed instead. Thus the number of Black
children who are subsequently maltreated when left at home would increase from 8,800 to 9,400.

38While not publicly available, these data can be obtained by researchers free of charge upon request.
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non-parametric bounds introduced in Section IV can be applied to state-level statistics to

estimate state-specific UDs. As mentioned above, these bounds tend to be informative in the

CPS context, given low treatment rates in most states. Online Appendix C describes the data

and approach in more detail, and shows that we can replicate our key findings for Michigan

CPS using this more limited dataset.39

Non-parametric bounds for each state in the NCANDS data show that our primary findings are

generalizable to most U.S. states. Overall, we estimate nationwide UD bounds of [0.002, 0.017].

That is, the average state in the NCANDS data places Black children in foster care at higher

rates than white children conditional on future maltreatment potential. Figure 4 further

plots the average estimate in state-specific UD bounds, separately for cases with and without

maltreatment potential. As in Michigan, UD in cases without maltreatment potential is near

zero in most states while UD in cases with maltreatment potential tends to be significantly

larger. We estimate a nationwide average UD among cases without maltreatment potential

of 0.5 percentage points, while the average UD among cases with maltreatment potential is

estimated at 3.6 percentage points.

VI A Systems-Based Analysis of Discrimination

By design, our estimates so far capture unwarranted disparity in investigator placement

decisions holding fixed any decisions prior to the start of investigations. This focus

follows much of the academic literature and recent policy discussions, and is natural since

investigators directly make placement recommendations. A more complete analysis of

discrimination in child protection would, however, take into account the possibility that earlier

decisions—namely, the decision to screen-in calls for investigation—could affect and interact

with subsequent foster care placement decisions.40 This kind of “systems-based” analysis can

reveal whether there is discrimination in the screening stage, and whether discrimination in

this initial phase is mitigated or amplified by decisions made in the subsequent phase.

In contrast to investigators, screeners have received little attention in the literature and in

39As explained in Online Appendix C, our approach with these data does not leverage quasi-random
investigator assignment (which is not possible, since the dataset does not contain investigator identifiers and
investigators may not be quasi-randomly assigned to cases in all states). The non-parametric UD bounds are
derived from aggregate statistics and, unlike in our primary analysis, do not adjust for rotation fixed effects.
Reassuringly, this matters little for our Michigan replication.

40The analysis focuses on discrimination at the two stages under the purview of CPS. Potential
external sources of discrimination include policies affecting maltreatment reporting, family reunification, and
maltreatment itself. Recall that foster care supervision and reunification are handled by a separate department
within the Department of Health and Human Services. Thus, screeners and investigators—the decision-makers
we study—are the only decision-makers within CPS.
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the popular press, perhaps due to a lack of data on screeners’ actions and the fact that the

screening decision is less salient. Nevertheless, there are reasons to suspect that the screening

decision matters for racial disparities. Screeners screen-out 40% of initial calls; these calls

tend to be short (about 15 minutes), and quick decisions may be particularly susceptible to

bias (Devine, 1989; Dovidio et al., 1997; Kahneman, 2011; Agan et al., 2023). Screeners are

told to screen-in calls in a way that minimizes the likelihood of subsequent maltreatment if

the call is screened out, and have substantial discretion in how to implement this charge.

A systems-based analysis requires quasi-random assignment of cases at each stage in the

process. Importantly, in our context, screeners are quasi-randomly assigned conditional on

a day by shift fixed effect, as described in Section II. We use a more recent subset of the

MDHHS data (2017–2019) that contains information on both the hotline screeners assigned

to each call and the outcomes of screened-out calls. In this subset, we can thus follow an

initial hotline call through both the screening and investigation decisions.41

We use this novel variation to measure total UDs in placement among all calls, and to

decompose this total across the screening and investigation phases. With additional structure,

this decomposition, which builds on the framework of Bohren et al. (2022), reveals the share of

racial discrimination in eventual placement decisions that is attributable to screener decisions

versus investigator decisions. Online Appendix D describes the sample for this analysis in

more detail and validates the identifying assumptions required for our approach.

VI.A Decomposing Total Discrimination Across Two Phases

To formalize our approach, suppose i now indexes incoming calls rather than screened-in

cases. Omitting screener and investigator indexing for simplicity, let Si ∈ {0, 1} equal one if

incoming call i would be screened-in and let Di ∈ {0, 1} equal one if the call, when screened-in,

would result in foster care placement. Placement decisions for each call i are thus given by

Pi = SiDi. Previously, we implicitly conditioned on Si = 1 (in which case Di = Pi) to estimate

UDs in investigator decisions. This UD measure, now denoted ∆I = ∆I
0(1 − µ̄) + ∆I

1µ̄ for

µ̄ = E[Y ∗
i | Si = 1], is composed of the conditional disparities:

∆I
y ≡ E[Di | Ri = b, Y ∗

i = y, Si = 1]− E[Di | Ri = w, Y ∗
i = y, Si = 1]. (13)

Now, without conditioning on screening, we can also consider a measure of “total” UD

composed of conditional-on-Y ∗
i disparities in foster care placement across the full population

41As we show below, estimates of UDs in investigator placement decisions are nearly identical in this later
sample as those in Section V.
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of calls:

∆T
y ≡ E[Pi | Ri = b, Y ∗

i = y]− E[Pi | Ri = w, Y ∗
i = y]. (14)

Namely, we consider ∆T = ∆T
0 (1− µ̄full) + ∆T

1 µ̄
full for µ̄full = E[Y ∗

i ].

To relate the investigator UDs studied previously to these new total UD measures, we use the

fact that:

E[Pi | Ri, Y
∗
i ] = E[Di | Ri, Y

∗
i , Si = 1]Pr(Si = 1 | Ri, Y

∗
i ). (15)

Hence, we can decompose equation (14) and relate it to equation (13) as:

∆T
y = ∆I

yPr(Si = 1 | Ri = b, Y ∗
i = y) + ∆S

yPr(Di = 1 | Ri = w, Y ∗
i = y, Si = 1) (16)

where

∆S
y ≡ E[Si | Ri = b, Y ∗

i = y]− E[Si | Ri = w, Y ∗
i = y]. (17)

Equation (16) decomposes total UDs in the full sample of calls, ∆T
y , into two terms. The

first term involves UDs by investigators among screened-in calls, ∆I
y. The second term

involves UDs by screeners in the full sample of calls, ∆S
y . In equation (16), these two

disparities are weighted by the screening rate of Black children with Y ∗
i = y and the

conditional-on-screening placement rate of white children with Y ∗
i = y, respectively. This is

akin to a Kitagawa–Oaxaca-Blinder (KOB) decomposition, derived by adding and subtracting

E[Di | Ri = w, Y ∗
i = y, Si = 1]Pr(Si = 1 | Ri = b, Y ∗

i = y) and rearranging terms. Bohren

et al. (2022) propose similar KOB decompositions for studying how discrimination evolves

over systems comprised of multiple decision-makers.42

As usual with KOB decompositions, an alternative version of equation (16) comes from

changing the “order” of the decomposition across the two phases. Namely, we can write:

∆T
y = ∆I

yPr(Si = 1 | Ri = w, Y ∗
i = y) + ∆S

yPr(Di = 1 | Ri = b, Y ∗
i = y, Si = 1), (18)

by swapping the race of the children used to weight the ∆I
y and ∆S

y terms. We estimate both

decompositions below.

42In the Bohren et al. (2022) framework, the first term of equation (16) can be seen as isolating
discrimination from “signal inflation”: i.e., from racial disparities in the generation of a “screened-in” signal
Si which constrains investigator actions. The second term of equation (16) potentially incorporates indirect
discrimination from other signals, though as noted above we find minimal role of such non-race characteristics
in driving investigator UDs.
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As before, the challenge of estimating total UD is the selective observability of Y ∗
i . We

follow a similar approach as above to address this challenge. Specifically, we leverage the

quasi-experimental assignment of screeners to estimate mean risk by race in the full population

of calls µfull
r = E[Y ∗

i | Ri = r], and we then use these estimates to compute system-wide

UD in this population. These mean risk estimates also yield estimates of screener UDs and

the corresponding conditional screen-in rates Pr(Si = 1 | Ri = r, Y ∗
i = y), which enter

the decompositions. To complete the decompositions, we estimate system-wide UD in the

screened-in subpopulation. We use the quasi-experimental assignment of investigators to

estimate µr as before, but in the later sample of years where we observe both screener and

investigator decisions. As we show below, mean risk and UD estimates in this sample are nearly

identical to those in Table 3. This step also yields estimates of the conditional placement rates

Pr(Di = 1 | Ri = r, Y ∗
i = y, Si = 1), which enter the decompositions.

As in our main analysis, leveraging the quasi-random assignment of screeners for identification

relies on an implicit exclusion restriction: that screener tendencies impact subsequent

outcomes solely through the decision to screen-in calls. This assumption is inherently

untestable, but seems plausible given the limited channels by which screeners can impact

cases after their short calls. However, this analysis also relies on an additional assumption:

that the act of investigation itself does not change the potential for future maltreatment in

the home (except through foster care placement). We provide evidence for this assumption in

Online Appendix D. Specifically, we derive bounds for such direct effects using the two-stage

quasi-randomization of screeners and investigators and show that, at least among marginal

cases, these bounds are tight and straddle zero. Nevertheless, this is an additional assumption

that is not required in the analyses in Section V.

The precision of these bounds and the estimation of µfull
r are assisted by relatively low

placement rates (since foster care placement censors observations of Y ∗
i ). In the full sample of

calls, placement rates are even lower than among screened-in-calls (2%, as shown in Table

A9), since Pi = DiSi is zero whenever Si or Di are zero. We follow our baseline local

linear extrapolation strategy to point identify µfull
r —however, given the low placement rates,

non-parametric bounds on µfull
r and the other objects of interest are quite narrow.43

VI.B Results

We first show that the main patterns of investigator UDs shown in Section V hold up in the

full population of calls: there is significant evidence of UDs, and these are concentrated among

43Figure A4 displays the extrapolations in the full population of calls, while Figure A5 displays
non-parametric bounds instead.
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calls with subsequent maltreatment potential. Panel A of Table 6 shows precise estimates of

µfull
b = 0.130 and µfull

w = 0.138, while Panel B shows that total UD (∆T ) is 1.1 percentage

points (55% of the placement rate in the full sample of calls). This gap is larger than the

unconditional disparity of 0.08 percentage points (shown in Table A9), again showing evidence

of negative OVB via the difference in mean risk parameters. Panel B also shows that total

UD is driven by disparities in the population with maltreatment potential. Specifically, the

Black-white disparity in placement rates conditional on maltreatment potential (∆T
1 ) is nearly

four percentage points, while the disparity in the population with no maltreatment potential

(∆T
0 ) is significantly smaller (0.6 percentage points) and statistically insignificant.

We next document UDs in screener decisions. Panel B of Table 6 shows that calls involving

Black children are screened-in at a rate 4.9 percentage points higher than those involving

white children with identical maltreatment potential. This represents a disparity of roughly

8%, relative to a screen-in rate of 60% (see Table A9). In contrast to investigator decisions,

this disparity is driven by both calls with and without subsequent maltreatment potential (4.5

and 5 percentage points, respectively). One possible explanation for this result is that the

speed at which screeners make decisions makes it hard to infer maltreatment potential.

Taken together, these findings reveal an interesting pattern: Ultimate UDs in foster care

placement decisions are entirely driven by disparities in the population of calls with subsequent

maltreatment, despite UDs in screener decisions in both subpopulations (Y ∗ = 1 and Y ∗ = 0).

We use the KOB decomposition to reconcile these results. We first replicate our main estimates

of investigator UDs (in the population of screened-in calls), but in this more recent subsample.

Panel B of Table 6 shows an overall disparity of 1.6 percentage points which is again driven by

children with subsequent maltreatment potential.44 The pattern of investigator UDs suggest

that, even though screeners’ decisions yield UDs in the subpopulation of calls with Y ∗ = 0,

investigators, who make the ultimate placement recommendations, do not discriminate in this

subpopulation. Indeed, as mentioned above, investigators are skilled at inferring risk and

place a very small number of children with Y ∗ = 0 (Table 4, Panel B), thereby mitigating

initial UDs at the screening phase in this subpopulation.

In contrast, the estimates in Panel B of Table 6 show that investigators amplify initial screener

UDs in the population with Y ∗ = 1, despite observing effectively the same information

and deliberating over a much longer time frame. This suggests that both screeners and

investigators contribute to the eventual “under-placement” of white children. To quantify

how much of the total “under-placement” is driven by screeners versus investigators, we obtain

estimates of the two KOB decompositions. We focus on the subpopulation with Y ∗ = 1, since

44These estimates are nearly identical to those in Section V, suggesting stable patterns of UD over time.
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total UD in the subpopulation with Y ∗ = 0 is virtually zero. Estimates in Panel C of Table 6

show that screener decisions account for 8-14% of eventual disparities in this subpopulation.

The fact that call screeners drive a significant share of eventual UD in foster care placement

is surprising, since only a small share of screened-in investigations result in placement. This

finding highlights the importance of a systems-based analysis of discrimination in high-stakes

settings like CPS. At the same time, the fact that investigators are the main contributors to

total UDs underscores the importance of our primary analyses that focus on their decisions.

VII Conclusion

This study is the first to use quasi-experimental variation to measure racial discrimination in

foster care placement decisions. We find substantial unwarranted disparity in the decisions of

CPS investigators in Michigan, which exceeds observational racial disparities in placement

rates because of negative OVB. Specifically, comparing Black and white children with

the same potential for future maltreatment in the home, we find that Black children are

nearly 2 percentage points (50%) more likely to be placed in foster care following a CPS

investigation. This UD is concentrated in the population of children with subsequent

maltreatment potential, is more pronounced among white investigators, and appears to be

driven by direct discrimination in the form of racial bias. Together, these findings add nuance

to ongoing policy recommendations focused on addressing UDs by raising the threshold to

place Black children in foster care. Our findings show how UDs can arise from the relative

under-placement of at-risk white children, perhaps through white investigators giving a broad

benefit of the doubt to white parents. Using more limited nationwide data, we show that our

primary findings generalize to most CPS systems in the U.S.

This study is also the first to use the quasi-random assignment of multiple sets of

decision-makers to study how discrimination can perpetuate and compound across systems

with multiple phases. Our estimates show that eliminating total UDs in foster care placement

may require intervention at both phases of CPS involvement: policies that are able to reduce

UDs in only the investigation or screening phase leave behind discrimination. Our KOB

decomposition gives a simple empirical framework for crafting appropriate policy responses.

Since the decomposition varies by future maltreatment potential, policymakers with scarce

resources can structure policy responses as a function of both the relative costs of intervening

at the screening versus investigation phases and how they weigh false positives and false

negatives in placement decisions. Developing such policy responses given the findings in this

paper is an important next step.
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Figure 1: Child Protection in Michigan
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Notes: The figure describes the child protection process in Michigan. Both screeners and investigators are
quasi-randomly assigned. The percentages on screening in and out refer to all calls received; percentages
thereafter refer to investigated cases.
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Figure 2: Robustness of System-Wide UD Estimates
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Notes. This figure shows how our estimates of system-wide UD change under different estimates of Black and
white mean risk. The mean risk estimates obtained from the linear, quadratic, and local linear extrapolations
in Panel A of Table 3 are indicated by solid, dashed, and dotted lines, respectively. The ranges of Black and
white mean risk reflect the bounds implied by the average placement and subsequent maltreatment rates in
the sample: µb ∈ [0.144, 0.187] and µw ∈ [0.168, 0.199].
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Figure 3: Investigator Placement and Conditional Maltreatment Rates
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Notes. The figure shows a binscatter (20 equal-sized bins) of placement rates, by race, for the 699 investigators
in our sample against rates of a subsequent maltreatment investigation within 6 months for children left
at home. All estimates adjust for ZIP code by investigation year fixed effects. The figure also plots
race-specific linear, quadratic, and local linear curves of best fit, obtained from investigator-level regressions
that inverse-weight by the variance of the estimated re-investigation rate among children left at home. The
local linear regressions use a Gaussian kernel with a race-specific rule-of-thumb bandwidth (0.11).
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Figure 4: Nationwide Unwarranted Disparity by Underlying Case Severity

(a) No maltreatment potential (Y ∗ = 0) (b) Maltreatment potential (Y ∗ = 1)

Notes. This figure uses national data from NCANDS to show the mean of state-specific UD bounds between
2008 and 2016. Panel (a) presents estimates for cases without maltreatment potential while Panel (b) presents
estimates for cases with maltreatment potential. See Online Appendix C for additional details regarding the
dataset and methodology.
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Table 1: Summary Statistics

(1) (2) (3)
All Black White

Children Children Children

Panel A: Child Characteristics
White 0.704 0.000 1.000
Female 0.482 0.483 0.481
Age at investigation 6.804 6.467 6.945
Child had a previous investigation 0.455 0.447 0.458
Number of previous investigations 1.030 0.947 1.065

Panel B: Investigation characteristics
Investigation included a. . .
Domestic violence allegation 0.106 0.099 0.108
Drug residence allegation 0.031 0.034 0.030
Physical or substance abuse allegation 0.426 0.412 0.432
Physical neglect allegation 0.445 0.483 0.429
Improper supervision allegation 0.525 0.493 0.538
Threatened harm allegation 0.329 0.325 0.331

Alleged perpetrator includes the parent/step-parent 0.910 0.902 0.913
Alleged perpetrator includes a non-parent relative 0.052 0.063 0.048
Alleged perpetrator includes someone unrelated 0.103 0.095 0.106

Panel C: Treatment
Foster care placement rate 0.034 0.043 0.031

Panel D: Outcomes, if not placed
Re-investigated for child maltreatment within. . .
2 months 0.065 0.060 0.067
3 months 0.094 0.085 0.097
4 months 0.120 0.108 0.125
5 months 0.144 0.129 0.150
6 months 0.166 0.150 0.173

Number of investigations 217,704 64,489 153,215
Number of children 181,928 54,873 127,055

Notes. This table summarizes the analysis sample. The sample consists of maltreatment
investigations of children in MI (0-16 years old) between 2008 and 2016, assigned to investigators
with at least 200 cases of both white and black children during this period. The sample
excludes investigations of sexual abuse (about 1% of all investigations), since these cases are
not quasi-randomly assigned. The final sample consists of 217,704 unique investigations of
181,928 children assigned to 699 investigators.
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Table 2: Descriptive Regressions of Foster Care Placement

(1) (2) (3)

Black 0.012*** 0.012*** 0.009***
(0.002) (0.002) (0.001)

Female -0.001
(0.001)

Child had a previous investigation 0.002*
(0.001)

Number of previous investigations 0.002***
(0.000)

Domestic violence allegation -0.004*
(0.002)

Drug residence allegation 0.045***
(0.007)

Physical or substance abuse allegation 0.015***
(0.001)

Physical neglect allegation 0.024***
(0.002)

Improper supervision allegation 0.006***
(0.001)

Threatened harm allegation 0.024***
(0.002)

Alleged perpetrator includes the parent/step-parent 0.017***
(0.005)

Alleged perpetrator includes a non-parent relative -0.000
(0.002)

Alleged perpetrator includes someone unrelated 0.020***
(0.002)

Mean placement rate 0.034 0.034 0.034
Number of investigations 217,704 217,704 217,704
Age dummies N N Y
Rotation Group FE N Y Y

Notes. This table reports OLS estimates of regressions of an indicator equal to one if the
child was placed in foster care on child and investigation characteristics. The regressions
are estimated on the sample described in Table 1. Robust standard errors, two-way
clustered at the child and investigator levels, are reported in parentheses. Age dummy
variables are included in Column 3 but are excluded for ease of exposition.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 3: Estimates of Mean Maltreatment Risk by Race and UD

(1) (2) (3)
Linear Quadratic Local linear

extrapolation extrapolation extrapolation

Panel A: Mean maltreatment risk by race
Black children 0.155*** 0.154*** 0.154***

(0.002) (0.002) (0.003)
White children 0.176*** 0.177*** 0.177***

(0.002) (0.002) (0.002)

Panel B: System-wide UD
Mean across investigators 0.017*** 0.017*** 0.017***

(0.002) (0.002) (0.002)

Mean placement rate 0.034 0.034 0.034
Number of investigators 699 699 699

Notes. The table summarizes estimates of mean maltreatment risk and UD from
different extrapolations of the variation in Figure 3. Panel A reports estimates of
race-specific average re-investigation risk. Panel B reports estimates of system-wide
UD (weighted by the number of investigations assigned to each investigator). To
estimate mean risk, Column 1 uses a linear extrapolation of the variation in Figure
3, while Column 2 uses a quadratic extrapolation and Column 3 uses a local linear
extrapolation with a Gaussian kernel and a rule-of-thumb bandwidth. Robust
standard errors, two-way clustered at the child and investigator level, are obtained
by a bootstrapping procedure (500 times) and appear in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 4: Decomposition of UD by Subsequent Maltreatment Potential

(1) (2) (3)
Linear Quadratic Local linear

extrapolation extrapolation extrapolation

Panel A: Conditional UD
With maltreatment potential 0.061*** 0.058*** 0.057***

(0.021) (0.021) (0.021)
No maltreatment potential 0.008 0.008 0.009

(0.006) (0.006) (0.006)

Panel B: Conditional placement rates
Black, with maltreatment potential 0.119 0.117 0.115
White, with maltreatment potential 0.059 0.058 0.058
Black, no maltreatment potential 0.034 0.034 0.034
White, no maltreatment potential 0.025 0.026 0.026

Number of investigators 699 699 699

Notes. This table summarizes estimates of racial disparities in true/false negative rates
from different extrapolations of the variation in Figure 3. ∆j1 reflects racial disparities
among children with potential for subsequent maltreatment (Y ∗

i = 1) and ∆j0 captures racial
disparities among children without potential for subsequent maltreatment (Y ∗

i = 0). Panel B
shows removal rates conditional on Y ∗

i and race. Robust standard errors, two-way clustered
at the child and investigator level, are obtained by a bootstrapping procedure (500 times) and
appear in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

46



Table 5: Regressions of UD On Investigator Characteristics

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

Black investigator -0.141** -0.081
(0.063) (0.066)

Other race -0.224 -0.208
(0.150) (0.152)

Female investigator -0.118** -0.108**
(0.052) (0.055)

New investigator -0.067 -0.060
(0.049) (0.054)

Urban county -0.152*** -0.063
(0.048) (0.050)

High share of Black children -0.158*** -0.102**
(0.048) (0.047)

Low placement rate -0.009 -0.012
(0.050) (0.054)

Control Mean 0.081 0.141 0.086 0.132 0.136 0.064 0.059
Number of investigators 699 699 699 699 699 699 699

Notes. This table reports OLS estimates of regressions of estimates of ∆j1 (based on a local linear
extrapolation) on investigator observable characteristics. Except for Column 7, the “control mean” refers
to the average value of dependent variable, weighted by the number of investigations assigned to each
investigator, for the omitted category. The omitted category in Column 1 is an indicator variable for whether
the investigator is White. 86% of investigators in our sample are White, 12% are Black, and 2% are another
race, such as Hispanic or Asian. Column 7 reports the (weighted) average value of the dependent variable in
the entire sample of investigators, as previously reported in Panel A, Column 3 of Table 4. New investigators
are defined as those hired during our estimation period. There are 457 new investigators in our sample.
Investigators with a high share of Black children are those whose caseloads have an above-median share of
Black children. “Low placement rate” investigators are those with a placement rate below the sample median,
controlling for rotation fixed effects. All specifications are weighted by the number of investigations assigned
to the specific investigator. Robust standard errors are reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 6: Systems-Based Analysis of Discrimination

(1) (2) (3)

Panel A: Mean maltreatment risk
Full sample Screened-in sample

Black children 0.130*** 0.132***
(0.004) (0.003)

White children 0.138*** 0.147***
(0.003) (0.002)

Panel B: System-wide UD
Total Screeners Investigators

Total 0.011*** 0.049*** 0.016***
(0.001) (0.011) (0.002)

Maltreatment potential 0.038*** 0.045*** 0.055***
(0.014) (0.014) (0.021)

No maltreatment potential 0.006 0.050*** 0.008
(0.005) (0.011) (0.006)

Panel C: KOB decompositions (first/second)
Total Screeners Investigators

With maltreatment potential 1.00 0.080 / 0.140 0.920 / 0.860

Notes. The table summarizes estimates of mean risk of maltreatment within 6 months
and system-wide UD in screener and investigation decisions, based on local linear
extrapolations as described in the text. The sample includes 190,776 cases, 162 screeners,
and 642 investigators in Michigan from 2017–2019. Panel A shows mean risk by race in
the full population of calls received at the child abuse hotline as well as in the subsample
of screened-in calls. Panel B shows estimates of total UD (∆T ), as well as UDs in
screener decisions (∆S) and investigator decisions (∆I), both among all children and
by maltreatment potential. Panel C shows our two KOB decompositions of total UD
among all children and by maltreatment potential. Standard errors are obtained by a
bootstrapping procedure (500 times) and appear in parentheses. Standard errors in the
first and second columns are clustered at the screener level, while standard errors in the
third column are clustered at the investigator level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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A Supplemental Figures and Tables

Figure A1: Distribution of Investigator Placement Tendency
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Notes. This figure shows the distribution of the investigator foster care placement tendency instrument net
of ZIP code by investigation year fixed effects. The dashed line shows point estimates from a non-parametric
regression of an indicator variable equal to one if the child was placed in foster care on Z and the shaded
region shows the 95 percent confidence interval. Standard errors are clustered by child and investigator.
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Figure A2: Investigator Placement and Conditional Maltreatment Rates Without Strata
Adjustment
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Notes. The figure shows a binscatter (20 equal-sized bins) of placement rates, by race, for the 699 investigators
in our sample against rates of a subsequent maltreatment investigation within 6 months for children left
at home. In contrast to Figure 3, these estimates do not adjust for ZIP code by investigation year fixed
effects. The figure also plots race-specific linear, quadratic, and local linear curves of best fit, obtained from
investigator-level regressions that inverse-weight by the variance of the estimated re-investigation rate among
children left at home. The local linear regressions use a Gaussian kernel with a race-specific rule-of-thumb
bandwidth.
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Figure A3: Distribution of Screener Tendencies
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Notes. This figure shows the distribution of the screener tendency instrument net of day × shift fixed effects.
The dashed line shows point estimates from a non-parametric regression of an indicator variable equal to one
if the child was screened-in on Z and the shaded region shows the 95 percent confidence interval. Standard
errors are clustered by screener.
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Figure A4: Screener Placement and Conditional Maltreatment Rates
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Notes. The figure shows a binscatter (20 equal-sized bins) of placement rates, by race, for the 162 screeners
in our sample against rates of a subsequent maltreatment investigation within 6 months for children left
at home. All estimates adjust for day by shift fixed effects. The figure also plots race-specific local linear
curves of best fit, obtained from screener-level regressions that inverse-weight by the variance of the estimated
re-investigation rate among children left at home. The local linear regressions use a Gaussian kernel with a
race-specific rule-of-thumb bandwidth.
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Figure A5: Robustness of UD Estimates in the Full Population of Calls
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Notes. This figure shows how our estimates of ∆T change under different estimates of Black (µfull
b ) and

white mean risk (µfull
w ) in the full population of calls. The mean risk estimates obtained from local linear

extrapolations in Figure A4 are indicated by dashed lines. The ranges of Black and white mean risk reflect the
bounds implied by the average placement and subsequent maltreatment rates in the sample: µb ∈ [0.123, 0.148]
and µw ∈ [0.135, 0.152].

5



Figure A6: Non-Parametric Bounds of UD (MDHHS vs. NCANDS)
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Panel B: Cases without Maltreatment Potential
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Panel C: Cases With Maltreatment Potential
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Notes: This figure shows non-parametric bounds of UD using our primary administrative dataset from MDHHS
(left-hand side) and more limited NCANDS data (right-hand side). The figures show how estimates of UD
change under different estimates of Black (µb) and white (µw) mean risk. The ranges of Black and white mean
risk reflect the bounds implied by the average placement and subsequent maltreatment rates in the respective
sample.
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Table A1: First-Stage Effects of Investigator Removal Tendency

(1) (2) (3) (4)
Black children White children

Placement tendency 0.548*** 0.536*** 0.625*** 0.591***
(0.048) (0.046) (0.039) (0.038)

F-statistic 133 134 257 238

Observations 64,489 64,489 153,215 153,215
Rotation group FE Y Y Y Y
Baseline controls N Y N Y
Age fixed effects N Y N Y

Notes. This table reports OLS estimates of regressions of an
indicator equal to one if the child was removed on investigator removal
tendencies. The regressions are estimated on the sample described in
Table 1. Removal tendency is estimated using data from other cases
assigned to the investigator. All regressions control for zip code by
investigation year fixed effects. Columns 2 and 4 include age fixed
effects and the variables listed in Column 3 of Table 2. We report
robust Kleibergen-Paap F-statistics, which in the just-identified case
are equivalent to the effective F-statistics of Olea and Pflueger (2013)
(Andrews et al., 2019). Robust standard errors, two-way clustered at
the child and investigator level, are reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A2: Balance Tests for Investigator Assignment

(1) (2) (3) (4)
Black children White children

Dependent variable: Placed Placement Placed Placement
Tendency Tendency

Female -0.0011 0.0002 -0.0011 0.0001
(0.0015) (0.0002) (0.0008) (0.0001)

Child had a previous investigation 0.0051* -0.0004 0.0027** 0.0001
(0.0027) (0.0004) (0.0014) (0.0001)

Number of previous investigations 0.0018* -0.0000 0.0020*** 0.0000
(0.0011) (0.0001) (0.0005) (0.0000)

Domestic violence allegation -0.0107** -0.0005 -0.0010 0.0002
(0.0044) (0.0005) (0.0022) (0.0002)

Drug residence allegation 0.0094 0.0014 0.0553*** -0.0000
(0.0104) (0.0009) (0.0076) (0.0003)

Physical or substance abuse allegation 0.0123*** 0.0008** 0.0189*** 0.0004***
(0.0029) (0.0004) (0.0014) (0.0001)

Physical neglect allegation 0.0205*** 0.0004 0.0270*** 0.0002
(0.0026) (0.0004) (0.0016) (0.0002)

Improper supervision allegation -0.0004 0.0004 0.0107*** 0.0000
(0.0026) (0.0004) (0.0015) (0.0001)

Threatened harm allegation 0.0364*** 0.0005 0.0266*** 0.0004**
(0.0034) (0.0004) (0.0016) (0.0002)

Alleged perpetrator includes the parent/step-parent 0.0060 0.0014 0.0198*** 0.0006
(0.0078) (0.0010) (0.0057) (0.0005)

Alleged perpetrator includes a non-parent relative -0.0032 0.0001 0.0023 -0.0000
(0.0043) (0.0006) (0.0029) (0.0003)

Alleged perpetrator includes someone unrelated 0.0261*** 0.0001 0.0169*** 0.0001
(0.0045) (0.0005) (0.0024) (0.0002)

Age dummies Y Y Y Y
F-Statistic from Joint Test 18.903 1.222 35.902 1.242
P-Value from Joint Test 0.000 0.201 0.000 0.183
Observations 64,489 64,489 153,215 153,215

Notes. This table reports OLS estimates of regressions of the dependent variable on child/investigation
characteristics. The regressions are estimated on the sample described in Table 1. Removal tendency is
estimated using data from other cases assigned to the investigator. All regressions control for zip code
by investigation year fixed effects. The p-values reported at the bottom of each column are from F tests
of the joint significance of the variables listed in the rows and individual age dummy variables, which we
exclude from the table for ease of exposition. Robust standard errors, two-way clustered at the child and
investigator levels, are reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A3: Additional Balance Tests for Investigator Assignment

(1) (2) (3)
Dependent variable: White Black Female

Investigator Investigator Investigator

White child 0.0016
(0.0035)

Black child 0.0001
(0.0032)

Female child 0.0012
(0.0017)

Constant 0.8640*** 0.1097*** 0.6925***
(0.0125) (0.0109) (0.0157)

Number of investigations 217,704 217,704 217,704

Notes. This table reports OLS estimates of regressions of the dependent
variable on child characteristics. The regressions are estimated on the sample
described in Table 1. All regressions control for zip code by investigation
year fixed effects. Robust standard errors, two-way clustered at the child and
investigator levels, are reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A4: Bounds on Estimates of Mean Maltreatment Risk and UD

(1) (2) (3)
From 0.03 From 0.02 From 0.01

Placement Rate Placement Rate Placement Rate

Panel A: Mean maltreatment risk by race
Black children [0.146***, 0.176***] [0.148***, 0.168***] [0.151***, 0.161***]

(0.002,0.002) (0.002,0.002) (0.002,0.002)
White children [0.167***, 0.197***] [0.170***, 0.190***] [0.173***, 0.183***]

(0.001,0.001) (0.001,0.001) (0.001,0.001)

Panel B: System-wide UD
Mean across investigators [0.014***, 0.020***] [0.016***, 0.019***] [0.016***, 0.018***]

(0.002,0.002) (0.002,0.002) (0.002,0.002)

Number of investigators 699 699 699

Notes. Panel A reports bounds on race-specific average re-investigation risk, while Panel B
reports bounds on system-wide (case-weighted) UD. To estimate bounds on mean risk, Column
1 uses a local linear fit of re-investigation rates among investigators who remove 3% of Black and
white children. Columns 2 and 3 form bounds from investigators who remove 2% and 1% of Black
and white children, respectively. Bounds are formed under the assumption that either none or all
of the children placed in foster care in each column have potential for re-investigation. Panel B
searches within these bounds to find the combination of Black and white mean risk that minimize
or maximize each UD statistic. Robust standard errors on the endpoints of each set of bounds,
two-way clustered at the child and investigator levels, are obtained by a bootstrapping procedure
(500 times) and appear in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A5: Estimates of Mean Maltreatment Risk by Race and UD (Alternative Outcomes)

(1) (2) (3) (4) (5) (6) (7) (8)
Baseline Inv. Inv. Inv. Inv. Confirmed Abuse Placed

within 5 within 4 within 3 within 2 victim inv. within 6
months months months months within 6 within 6 months

months months

Panel A: Mean maltreatment risk by race
Black children 0.154*** 0.131*** 0.110*** 0.086*** 0.059*** 0.039*** 0.017*** 0.004***

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002) (0.002) (0.001)
White children 0.177*** 0.153*** 0.129*** 0.099*** 0.067*** 0.049*** 0.019*** 0.005***

(0.002) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001)

Panel B: System-wide UD
Mean across investigators 0.017*** 0.016*** 0.016*** 0.016*** 0.015*** 0.015*** 0.016*** 0.016***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Number of investigators 699 699 699 699 699 699 699 699

Notes. This table summarizes estimates of mean risk and UD for different outcome variables. Panel A reports estimates of
race-specific average re-investigation risk, while Panel B reports estimates of system-wide (case-weighted) UD. Estimates in Panel
A come from local linear extrapolations. Robust standard errors, two-way clustered at the child and investigator levels, are
obtained by a bootstrapping procedure (500 times) and appear in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A6: Estimates of Mean Risk by Race and UD (Covariate Adjustment)

(1) (2) (3)
Linear Quadratic Local linear

extrapolation extrapolation extrapolation

Panel A: Mean maltreatment risk by race
Black children 0.140*** 0.142*** 0.140***

(0.002) (0.002) (0.003)
White children 0.165*** 0.153*** 0.163***

(0.002) (0.002) (0.003)

Panel B: System-wide UD
Mean across investigators 0.016*** 0.016*** 0.016***

(0.001) (0.001) (0.001)

Number of investigators 699 699 699

Notes. The table summarizes estimates of mean risk and UD from different
extrapolations of the variation in Figure 3 but where placement and re-investigation
rates adjust for the covariates in Column 3 of Table 2 in addition to zip code by
year fixed effects. Panel A reports estimates of race-specific average re-investigation
risk. Panel B reports estimates of system-wide UD (weighted by the number of
investigations assigned to each investigator). To estimate mean risk, Column 1 uses
a linear extrapolation of the variation in Figure 3, while Column 2 uses a quadratic
extrapolation and Column 3 uses a local linear extrapolation with a Gaussian kernel
and a rule-of-thumb bandwidth. Robust standard errors, two-way clustered at the
child and investigator level, are obtained by a bootstrapping procedure (500 times)
and appear in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A7: Heterogeneity in UD by Child and Investigation Characteristics

(1) (2) (3) (4) (5) (6) (7)
All Male Female Young Old Physical Neglect

Children Children Children Children Children Abuse
Panel A: Mean maltreatment risk by race

Black children 0.154*** 0.156*** 0.150*** 0.154*** 0.148*** 0.140*** 0.155***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.006) (0.002)

White children 0.177*** 0.174*** 0.176*** 0.196*** 0.155*** 0.145*** 0.182***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.006) (0.002)

Panel B: System-wide UD
Mean across investigators 0.017*** 0.013*** 0.015*** 0.018*** 0.011*** 0.010** 0.015***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.005) (0.002)

Number of investigators 699 701 661 691 571 229 807

Notes. This table summarizes estimates of mean risk and UD separately by child and investigation characteristics.
For each subgroup, we require that an investigator handled at least 100 cases in order to be included in the sample.
Therefore, the number of investigators varies across the columns depending on how many investigators in the sample
met the requirement. We define “young” as a child who is 7 years old or younger (the median age in our sample).
Investigations coded as “neglect” are those that did not include a physical abuse allegation. Estimates come from a
local linear extrapolation of the variation in Figure 3. However, unlike Figure 3, the extrapolations are done within
the given characteristic. Panel A reports estimates of race-specific average re-investigation risk, while Panel B reports
estimates of system-wide (case-weighted) UD. Robust standard errors, two-way clustered at the child and investigator
levels, are obtained by a bootstrapping procedure (500 times) and appear in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A8: Hierarchical MTE Model Estimates

(1) (2) (3)
White Black

Diff.
Children Children

Mean Risk 0.216*** 0.192*** 0.024***
(0.001) (0.002) (0.002)

Mean Marginal Outcome 0.929*** 0.875*** 0.053**
(0.018) (0.019) (0.026)

Mean Signal Quality 4.579 3.049*** 1.530
(2.992) (1.126) (3.219)

Marginal Outcome Std. Dev. 0.178*** 0.229*** -0.051**
(0.019) (0.014) (0.022)

Number of investigators 699 699 –

Notes. This table reports simulated minimum distance estimates of moments of the MTE model. Robust
standard errors, two-way clustered at the child and the investigator level, are obtained by a bootstrapping
procedure and appear in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A9: Summary Statistics (Calls from 2017–2019)

(1) (2) (3) (4) (5) (6)
All Hotline Calls Screened-in Calls

All Black White All Black White
Children Children Children Children Children Children

Panel A: Child characteristics
White 0.647 0.000 1.000 0.627 0.000 1.000
Female 0.491 0.489 0.492 0.485 0.485 0.485
Age at investigation 8.407 7.879 8.695 7.930 7.442 8.220

Panel B: Call characteristics
Call included:
Physical abuse 0.243 0.251 0.238 0.267 0.275 0.263
Physical neglect 0.305 0.341 0.285 0.330 0.365 0.308
Improper supervision 0.719 0.691 0.734 0.709 0.685 0.723
Threatened Harm 0.103 0.108 0.100 0.128 0.126 0.129

Reporter category:
Education personnel 0.185 0.149 0.205 0.177 0.144 0.197
Law enforcement personnel 0.150 0.155 0.148 0.179 0.181 0.178
Family member 0.197 0.175 0.209 0.184 0.167 0.195
Medical personnel 0.123 0.153 0.107 0.129 0.153 0.115
Counselor/therapist 0.055 0.039 0.063 0.043 0.031 0.051
Other 0.290 0.329 0.268 0.287 0.324 0.265

Panel C: Treatment
Screen-in rate 0.596 0.630 0.578 1.000 1.000 1.000
Foster care placement rate 0.020 0.025 0.017 0.034 0.040 0.030

Panel D: Outcomes, if not placed
Re-investigated within 6 months 0.133 0.126 0.137 0.134 0.124 0.139

Number of calls 190,776 67,348 123,428 113,776 42,413 71,363

Notes. This table summarizes the analysis sample of hotline calls for alleged child maltreatment in Michigan
from 2017–2019.
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Table A10: First-Stage Effects of Screeners

(1) (2) (3) (4)
Black children White children

Screen-in tendency 0.750*** 0.758*** 0.927*** 0.938***
(0.077) (0.081) (0.043) (0.051)

F-statistic 95 88 467 339

Observations 67,267 67,267 123,404 123,404
Day-by-shift FE Y Y Y Y
Baseline controls N Y N Y
Age FE N Y N Y

Notes. This table reports OLS estimates of regressions of an
indicator equal to one if the child was screened-in on the screener’s
tendencies to screen-in. All specifications include day × shift fixed
effects. Screen-in tendency is estimated using data from other
cases assigned to the screener. We report robust Kleibergen-Paap
F-statistics, which in the just-identified case are equivalent to the
effective F-statistics of Olea and Pflueger (2013) (Andrews et al.,
2019). Robust standard errors, clustered at the screener level, are
reported in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A11: Balance Tests for Screener Assignment

(1) (2) (3) (4)
Black children White children

Dependent variable: Screened-in Screen-in Screened-in Screen-in
Tendency Tendency

Female -0.007** 0.000 -0.015*** -0.000
(0.004) (0.000) (0.003) (0.000)

Physical neglect 0.070*** 0.001 0.064*** 0.001
(0.007) (0.001) (0.006) (0.001)

Improper supervision -0.018** 0.001 -0.032*** 0.000
(0.007) (0.001) (0.005) (0.001)

Threatened Harm 0.093*** -0.002 0.157*** -0.002
(0.012) (0.002) (0.012) (0.002)

Education personnel reporter -0.046*** -0.000 -0.058*** -0.001
(0.010) (0.001) (0.007) (0.001)

Family member reporter -0.087*** -0.001 -0.085*** -0.000
(0.009) (0.001) (0.006) (0.001)

Medical personnel reporter -0.054*** -0.000 -0.028*** -0.000
(0.011) (0.001) (0.008) (0.001)

Counselor/Therapist reporter -0.152*** 0.001 -0.143*** -0.000
(0.014) (0.002) (0.009) (0.001)

Other reporter -0.075*** -0.001 -0.054*** -0.001
(0.008) (0.001) (0.006) (0.001)

Age dummies Y Y Y Y
F-Statistic from Joint Test 40.987 1.299 99.894 1.430
P-Value from Joint Test 0.000 0.235 0.000 0.171
Observations 67,267 67,267 123,404 123,404

Notes. This table reports OLS estimates of regressions of the dependent variable on
child/investigation characteristics. Screen-in tendency is estimated using data from
other cases assigned to the screener. All regressions control for day × shift fixed
effects. The p-values reported at the bottom of each column are from F tests of
the joint significance of the variables listed in the rows and individual age dummy
variables, which we exclude from the table for ease of exposition. Robust standard
errors, clustered at the screener level, are reported in parentheses. The variables
included in this table differ from those in Table A2 because the 2017–2019 subsample
includes a slightly different set of variables. For example, it includes a smaller subset
of allegation descriptions and it includes the reporter type of the initial allegation.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A12: Bounds on E[Y ∗
i1 − Y ∗

i0|Si1 > Si0]

E[(1−Di)Y
∗
i1|Si1 > Si0] 0.148***

(0.017)
E[Di|Si1 > Si0] 0.022**

(0.015)
E[Y ∗

i1|Si1 > Si0] ∈ [0.148***, 0.170***]
(0.017,0.019)

E[Y ∗
i0|Si1 > Si0] 0.154***

(0.014)
E[Y ∗

i1 − Y ∗
i0|Si1 > Si0] ∈ [-0.007, 0.016]

(0.022,0.024)

Notes. The table summarizes estimates of each of
the components needed to bound E[Y ∗

i1−Y ∗
i0|Si1 >

Si0]. Standard errors reported in parentheses are
clustered at the screener level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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B Potential Drivers of Unwarranted Disparity

The main analysis shows unwarranted disparity in foster care placement decisions in Michigan,

both on average and for various subgroups. Such disparities could arise from racially biased

preferences and beliefs (e.g., Becker (1957); Bordalo et al. (2016); Bohren et al. (2020)) or

accurate statistical discrimination (e.g., Phelps (1972); Arrow (1973); Aigner and Cain (1977)),

as well as indirect discrimination through non-race characteristics (e.g. Bohren et al., 2022).

Our primary analysis suggests that non-race characteristics play a limited role, leaving on the

table classic models of race-based bias and statistical discrimination.

This section imposes additional structure on the quasi-experimental variation in order to

understand the role that racial bias and statistical discrimination play in shaping UDs

in foster care decisions. We follow the model and estimation approach in Arnold et al.

(2022). Specifically, we fit a hierarchical marginal treatment effect (MTE) model to the

quasi-experimental variation in investigator placement and subsequent maltreatment rates.

We first present a behavioral model of individual investigator placement decisions and then

show that this model parameterizes a set of investigator- and race-specific MTE frontiers

that capture racial bias and statistical discrimination. We then estimate the model via

simulated minimum distance (SMD), matching moments of the quasi-experimental variation

to the corresponding moments implied by the model.

Model Setup

Assume each investigator j observes a noisy signal of subsequent maltreatment potential for

case i, νij = Y ∗
i + ηij, with conditionally normally distributed noise: ηij | Y ∗

i , (Ri = r) ∼
N(0, σ2

jr). The “quality” (i.e. precision) of risk signals τij = 1/σjr is allowed to vary both

across investigators and race. Investigators with a higher τjr can be seen as being more skilled

at inferring potential for subsequent maltreatment, either by having a richer information set

or by a higher ability to infer true potential conditional on an information set. We assume that

investigators form accurate posterior risk predictions from the noisy signal and the child’s race:

pj(νij, Ri) = Pr(Y ∗
i = 1|νij, Ri). Each investigator further has a subjective benefit of leaving

at home children of race r, πjr ∈ (0, 1). Investigators leave at home all children for whom the

benefit of leaving at home exceeds the posterior risk cost, yields the following decision rule:

Dij = 1[πjRi
≥ pj(νij, Ri)] (19)

Racial bias, as in Becker (1957), arises when an investigator has a different subjective benefit

from leaving at home white and Black children with the same posterior risk (e.g., πjb < πjw).
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Racial bias in turn leads to UDs against the group with the lower subjective benefit, since

the investigator generally makes different decisions for children with the same maltreatment

potential Y ∗
i .

45

Statistical discrimination, as in Aigner and Cain (1977), arises when investigators set the

same threshold by race but discriminate because risk predictions are impacted by differences

across race in either µr or τjr. Differences in µr will tend to lead to higher placement rates for

children in the group with higher risk, resulting in UDs against that group. However, statistical

discrimination due to differences in τjr has an ambiguous effect on UDs. For instance, if

πjr > µr for each r, then noisier signals will lead fewer children of that race being placed in

foster care, since investigators will put more weight on µr.

Note that this model allows both racial bias and statistical discrimination to arise indirectly

from non-race characteristics, such as income or maltreatment type. For instance, an

investigator may inadvertently set race-specific thresholds by penalizing certain types of

neglect (such as improper supervision) that may be correlated with race—though as mentioned

above we find that, empirically, non-race characteristics are not a primary driver of UDs in

our context.

To estimate the model, we first re-write Equation (19) as Dij = 1[ΠjRi
≥ Uij] where Uij | Ri

is conditionally uniformly distributed by applying a probability transformation to pj(νij, Ri).

This defines a conditional MTE frontier:

µjr(t) = E[Y ∗
i | Uij = t, Ri = r] (20)

where µjr(t) represents the effect of being left at home on subsequent maltreatment (Y ∗
i )

for children of race r that investigator j perceives to be at the (t × 100th) percentile of

risk. Πjr = E[Dij | Ri = r] parameterizes the leave-at-home rate of investigator j, and∫ Πjr

0
µjr(t)dt = E[Y ∗

i | Dij = 1, Ri = r].

Differences in an investigator’s MTE curves by race, evaluated at her leave-at-home threshold,

Πjr, yields a marginal outcome test for racial bias in her leave-at-home decisions (Arnold et al.,

2022, 2018; Hull, 2021). This is because leave-at-home impacts on subsequent maltreatment,

at the margin of leaving at home, capture an investigator’s specific leave-at-home benefits:

µjr(Πjr) = πjr. Therefore, the race-specific MTEs will be equal when the investigator is

racially unbiased. Alternatively, marginal white children will have higher rates of subsequent

45Inaccurate racial stereotyping tends to be observationally equivalent to racial animus, and can therefore
similarly result in UDs (Arnold et al., 2018, 2022; Hull, 2021; Bohren et al., 2020). In particular, Arnold et al.
(2022) show that this model with accurate beliefs and biased risk thresholds is observationally equivalent to
a model with biased priors on Y ∗

i and equal risk thresholds by race.
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maltreatment if the investigator is racially biased against Black children.

Investigator- and race-specific MTE frontiers can also be used to quantify statistical

discrimination. The mean risk of race r is given by integrating the MTE frontier of any

investigator: µr =
∫ 1

0
µjr(t)dt. As Arnold et al. (2022) show, the slopes of these curves

furthermore capture the quality of an investigator’s risk signals: an investigator with τjw > τjb,

for instance, will have a steeper-sloping µjw(·) than µjb(·).

Because the parameterization of investigator skill and preferences in this model is very

flexible, we face an underidentification challenge. We follow Arnold et al. (2022) in

overcoming this challenge by parameterizing the distribution of investigator signal quality.

This parameterization allows for heterogeneous MTE curves across investigators (which

amounts to a first-stage monotonicity assumption and uniform investigator skills), and leads

to a hierarchical MTE model.

SMD Estimator

The model parameterization uses the fact that pj(ν, r) is strictly increasing in ν, and is

therefore invertible by race:

Dij = 1[πjRi
≥ pj(νij, Ri)] = 1[κjRi

≥ Y ∗
i + ηij] (21)

where κjr = p−1
j (πij, r) is a normalized signal threshold. We model κjr and lnτjr as being

joint-normally distributed (independently across investigators) with a separate mean and

variance by race. The log normality of τjr imposes the constraint of positive signal precision.

This yields a higher-level parameter vector Θ containing µr and the means, variances, and

covariances or κjr and lnτjr.

We estimate the model by a minimum distance procedure based on the intuition in Section

V.B. in Arnold et al. (2022): we find the values of Θ that can best match key features

of the distribution of model-implied leave-at-home and subsequent maltreatment rates to

the corresponding features of estimated leave-at-home and subsequent maltreatment rates in

Figure 3. The features we match are the race-specific mean and variance of investigator

leave-at-home rates, and the race-specific intercept and slope from quadratic regressions

of investigator subsequent maltreatment rates on investigator leave-at-home rates. As in

the model-free analysis, we adjust for ZIP code by year fixed effects to ensure investigator

assignment is as good as random.
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Results

Table A8 reports SMD estimates of the race-specific moments: the mean misconduct risk,

the first and second moments of marginal released outcomes, and signal quality across

investigators.

We find that white children have a 2.4 percentage points (SE=0.002) higher mean subsequent

maltreatment risk relative to Black children. This estimate is extremely similar to the

estimates in Table 3, which range from 2.1 to 2.3 percentage points, depending on the

extrapolation.

We also find that white children have higher mean marginal released outcomes relative to Black

children, implying racial bias per the discussion above. Mean subsequent maltreatment risk

is 0.93 (SE=0.018) for white children, compared to 0.875 (SE=0.019) for Black children. The

difference in marginal outcomes is a statistically significant 5.3 percentage points (SE=0.026).

We find an average signal quality of 4.579 (SE=2.992) for white children, and 3.049 (SE=1.126)

for Black children. The difference between the two (1.530) is not statistically significant,

though it is imprecisely estimated. Given this imprecision, we further probe whether signal

quality varies by race by testing that the slopes in Figure 3 are equal by race.46 Because

all three extrapolations are virtually identical, we focus on the linear extrapolation for this

exercise. We fail to reject the null hypothesis that the slopes are equal by race (p = 0.791).

These results suggest that statistical discrimination is not a primary driver of UDs in our

setting: average signal quality is similar by race, and average risk is higher for white children,

which rules out first-order statistical discrimination as the reason behind higher placement

rates for Black children. Rather, the results in this section suggest that either racial bias or

inaccurate racial stereotyping may be the primary drivers of UDs in our context.

C Nationwide Estimates From NCANDS Data

This section explores the generalizability of our key findings to other states. Section V

showed that (i) Black children in Michigan are placed at higher rates than white children,

conditional on maltreatment potential; and (ii) that this UD is primarily driven by cases with

maltreatment potential. The second finding, in particular, adds nuance to ongoing policy

discussions focused on the possibility that Black children are “over-placed” in foster care. A

natural concern is to what extent these findings are unique to Michigan.

To explore generalizability, we use more limited data from the National Child Abuse and

46As discussed above, differences in signal quality by race would manifest in different slopes in Figure 3.
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Neglect Data System Child files (NCANDS, 2023), sourced from the National Data Archive

on Child Abuse and Neglect at Cornell University. This dataset, while not publicly available,

can be accessed by researchers free of charge via a successful application. NCANDS is a

voluntary data collection system that gathers information regarding reports of child abuse

and neglect that were investigated by CPS (i.e., it contains only “screened-in” calls). We use

data from 2008 to 2016, consistent with the sample period of our main analyses.

The NCANDS data include information about whether a child was placed in foster care and

the child’s race. Importantly, however, the data do not include investigator identifiers. This

prevents us from using quasi-random investigator assignment or the extrapolation methods to

point-identify UDs in each state. We instead leverage the fact that the non-parametric bounds

in Figure 2 can be applied to state-level aggregate statistics in order to bound race-specific

maltreatment potential.47 Recall that a lower-bound (µL
jr) on µr can be derived by assuming

that none of the children of race r who would be placed in foster care by investigator j (and for

whom we cannot observe future maltreatment potential) would have had future maltreatment

(equation 7). An upper bound (µU
jr) can be derived by assuming the opposite: that all children

of race r who would have been placed in foster care by investigator j would have had future

maltreatment (equation 8).

In the main analysis, we estimate average bounds among investigators with low placement

rates, leveraging conditionally random investigator assignment (and using a linear adjustment

to estimate investigator-specific placement and subsequent maltreatment rates to account

for rotation fixed effects). We then apply these bounds on (µb, µw) to construct bounds

on investigator-specific UDs, using equations (5) and (6) along with the investigator-specific

estimates from equations (11) and (12). Finally, we estimate system-wide UD by case-weighted

averages of the investigator-specific UDs.

Because the NCANDS data do not contain investigator identifiers or zip code information,

we instead apply the non-parametric bounds to state-level aggregate statistics: the overall

race-specific average placement rate, ϕr, and the overall average subsequent maltreatment

rate (measured as a subsequent investigation within six months) among those not placed in

foster care, ψr. Analogously to equations (7) and (8), these yield bounds on the mean risk

47We make the same general sample restrictions in the NCANDS data as in our primary dataset, dropping
cases of sexual abuse and repeat investigations since these tend to not be quasi-randomly assigned in Michigan
and many other states. We keep only white and Black children in the data and drop a small number of
observations with invalid child numeric identifiers (which affects roughy 0.35% of cases in Michigan over this
time period). Because we do not observe investigator identifiers, however, we are unable to restrict the sample
to cases assigned to investigators who were assigned at least 200 cases over the sample period.
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parameters:

µL
r ≡ (1− ϕr)ψr = E[(1−Di)Y

∗
i | Ri = r] ≤ E[Y ∗

i | Ri = r] = µr (22)

and

µU
r ≡ (1− ϕr)ψr = 1− E[(1−Di)(1− Y ∗

i ) | Ri = r] ≥ 1− E[1− Y ∗
i | Ri = r] = µr, (23)

where Di again indicates placement. Applying these bounds directly to ϕr and ψr, analogously

to equations (5) and (6), yields a range of estimates of system-wide UD for each state.

A subtlety to the interpretation of these aggregate-data UDs is that they do not adjust for

investigator rotation (zip code by year) fixed effects, as in our main analysis. In principle,

the aggregate-data UDs might therefore be driven by the differential sorting of cases to

investigators over time or across regions within a state. As we show in the main analysis,

adjusting for the rotation fixed effects has little effect on results in Michigan (Figure A2). But

we are unable to directly test this in other states.48

Note that the width of the bounds of race-specific risk in a given state will be equal to the

race-specific placement rate in that state. The bounds are therefore likely to be informative,

since treatment rates tend to be low in CPS. For example, only five states in the NCANDS

dataset have overall placement rates that are above 10% during this time period and only one

state has a placement rate above 20% (Hawaii, at 21.5%).

Our main findings using administrative data from Michigan (presented in Section V) are

evident in NCANDS data for Michigan as well, despite differences in the analysis sample.49

Figure A6 summarizes this comparison. The left-hand side of the figure shows non-parametric

bounds using administrative data from Michigan, both for overall UD (as previously reported

in Figure 2) and separately for cases with and without maltreatment potential. The right-hand

side replicates these results using NCANDS data.

The UD range in the MDHHS data is [0.012, 0.024] while the range in the NCANDS data is

[0.011, 0.014]. The UD range in cases without maltreatment potential is nearly identical across

the two datasets, at [-0.04, 0.04], and is similar for cases with maltreatment potential: [-0.1,

48A related virtue of these aggregate-data UDs is that they do not require quasi-random investigator
assignment. Investigators have been shown to be quasi-randomly assigned to cases in many states besides
Michigan, such as Illinois (Doyle, 2007, 2008), Rhode Island (Bald et al., 2022b), and South Carolina (Roberts,
2019). But this is likely not the case in every CPS system.

49As mentioned above, because NCANDS data do not contain investigator identifiers, we are unable to
restrict the NCANDS sample to cases assigned to investigators who were assigned to at least 200 cases (as in
our main analysis).
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0.3] in the MDHHS data and [-0.1, 0.2] in NCANDS data. The average estimate within

the bounds in the MDHHS data is 0.4 percentage points in cases without maltreatment

potential and 8 percentage points in cases with maltreatment potential. The average estimates

within the bounds in the NCANDS data are 0.5 percentage points and 3.5 percentage points,

respectively. Thus, the two datasets show that, in Michigan, overall UD in placement decisions

is positive: for example, in NCANDS data, Black children are up to 1.4 percentage points more

likely to be placed than white children, conditional on maltreatment potential. Moreover, the

overall UD tends to be primarily driven by disparities in cases with maltreatment potential.

Having shown that we can replicate our main findings in the more limited NCANDS data,

we extend the analysis to other states to examine whether our findings are generalizable.

Using the same approach as above, we estimate non-parametric bounds for each state in

the NCANDS data for 2008 to 2016, separately for cases with and without maltreatment

potential. We then take the average estimate in each state-specific bounds and plot this

estimate in Figure 4. Section V.E discusses these results.

D Systems-Based Analysis: Sample and Assumptions

Data and Analysis Sample

Our primary analysis in Section VI is based on MDHHS data from January 2017–December

2019 consisting of the universe of hotline calls for child maltreatment in Michigan. The data

include the details of each call, including the child’s unique numeric identifier, race, and gender,

as well as the report date, allegation types recorded by the screener, the child’s relationship to

the alleged perpetrator, and the reporter type. Conditional on the call being screened-in, the

dataset includes the same variables as those in our primary analysis above (with the exception

of investigators’ names).

We construct our analysis sample as follows. We begin with the 681,090 unique hotline calls

in Michigan between January 2017 and December 2019 that involved either white or Black

children. We drop observations with a missing screener numeric identifier (N = 13, 885). We

then drop calls for which we cannot observe child welfare outcomes for at least six months after

the focal call (N = 122, 656), as this is the primary outcome of interest. To minimize noise

in our measures of screener and investigator tendencies, we drop calls assigned to screeners

with fewer than 100 calls in the sample (N = 413) and screened-in investigations assigned to

investigators with fewer than 200 cases (N = 161, 494). To ensure that all calls in the sample

are quasi-randomly assigned both to screeners and investigators, we drop calls involving sexual

abuse (N = 15, 909), as these are handled by a non-random subset of investigators. We
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also drop screened-in cases with missing child ZIP code information (N = 30, 462) since

quasi-random assignment of investigators is conditional on geography, and we keep only

the first call involving each child (which drops N = 145, 495 calls) since repeat screened-in

investigations tend to be assigned to the initial investigator.

The resulting analysis sample consists of 190,776 hotline calls, fielded by 162 unique screeners

and shuttled to 642 unique investigators. Table A9 presents summary statistics for this

sample. 65% of children in the sample are white and 49% are female. Common reporters of

child maltreatment include education personnel (18.5%), law enforcement (15%), and family

members (19.7%). Nearly 60% of calls were screened-in during this time period.

The foster care placement rate in the full population of calls is 2% (1.7% for white children

and 2.5% for Black children). This incorporates a screening-in rate of 63% among Black

cases and 58% for white cases; conditional on a call being screened-in, the placement rate is

3.4% (3% for white children and 4% for Black children). White children are more likely to

experience subsequent maltreatment when left at home, both in the full set of calls and the

subset of screened-in calls—though the difference in subsequent maltreatment rates is larger

in the latter. In the full population of calls, 13.7% of white children experience subsequent

maltreatment within six months of the focal call, compared to 12.6% of Black children. Among

screened-in calls, the rates are 13.9% for white children and 12.4% for Black children.

Identifying Assumptions

Section VI leverages variation in the screening decisions of quasi-randomly assigned screeners

who vary in their tendencies to screen-in calls. To characterize this variation, we construct

a measure of screen-in tendencies as a leave-one-out rate among all calls in the sample that

were quasi-randomly assigned to the screener. We regress an indicator for whether or not the

call was screened-in on an exhaustive set of day by shift fixed effects and then calculate the

leave-one-out average residual from this regression for each screener.

We next probe the identifying assumptions required for our approach. Figure A3 summarizes

the distribution of the instrument. In a given day by shift, the range in the difference in

screen-in rates across screeners is approximately 20 percentage points; the standard deviation

is 3.4 percentage points. The figure also shows a strong, positive relationship between screener

tendencies and the child’s likelihood of being screened-in. Table A10 reports point estimates

of an OLS regression of screening decisions on the instrument, separately by race. Columns 1

and 3 include only day by shift fixed effects, while Columns 2 and 4 add the baseline controls

in Table A9. A one percentage point increase in the screener’s tendency to screen-in increases

the probability that the call is screened-in by 0.75 percentage points for Black children and
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0.927 percentage points for white children. The F-statistic for this regression ranges from 88

to 467, indicating a strong relationship.

Table A11 probes an implication of screener quasi-random assignment: that observable child

and call characteristics are uncorrelated with the screen-in tendencies of the assigned screener.

Each column reports point estimates from an OLS regression of an indicator equal to one if the

child was screened-in (Columns 1 and 3) and the screener’s tendencies (Columns 2 and 4) on

day by shift fixed effects and a range of child and call covariates. A rich set of characteristics

are not predictive of the instrument, despite strongly predicting treatment (p = 0.235 for

Black children and p = 0.171 for white children).

The exclusion restriction—that screener tendencies influence children’s outcomes only through

the screening decision—is plausible in this context. Screeners play no additional role in

the investigation beyond the screening decision: if a call is screened-in, it is sent to the

alleged victim’s local child welfare office for formal investigation, and the investigation is

then quasi-randomly assigned to an investigator. A screened-out call concludes MDHHS

involvement. Moreover, the screener’s role in the process is limited: according to MDHHS,

calls typically last about 15 minutes.

One concern regarding the exclusion restriction is that maltreatment potential in the

population of screened-out calls may not be similar to maltreatment potential in the

population of screened-in calls that would not end up in foster care placement. To see this,

note that subsequent maltreatment (Yi) can be written:

Yi = (1−Di)SiY
∗
i1 + (1− Si)Y

∗
i0 (24)

where Yi indicates foster care placement, Y ∗
i1 indicates foster care placement when the child

is screened-in but not placed (Si = 1 and Di = 0), and Y ∗
i0 indicates foster care placement

when the child is not screened-in (Si = 0). When there are no investigation effects, i.e., when

Y ∗
i1 = Y ∗

i0 ≡ Y ∗
i , equation (24) reduces to:

Yi = (1−DiSi)Y
∗
i (25)

Thus, Yi = 0 when the child is placed, but otherwise Yi = Y ∗
i regardless of whether she is

screened-out (Si = 0) or screened-in but not placed (Di = 0). The key assumption for the

systems-based analysis is thus that equation (24) is a good approximation of equation (25);

i.e., that direct effects of investigation Y ∗
i1 − Y ∗

i0 are small on average.

To probe this assumption, we rely on the fact that our screener instrument allows us to bound
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the average of such effects for a set of marginal children. Consider a binary instrument Zi

which satisfies the typical IV independence, exclusion, and monotonicity assumptions at the

screener stage. If we estimate a regression of Yi on Si, instrumenting for Si via Zi, we identify:

E[Yi|Zi = 1]− E[Yi|Zi = 0]

E[Si|Zi = 1]− E[Si|Zi = 0]
= E[(1−Di)Y

∗
i1 − Y ∗

i0|Si1 > Si0] (26)

where Si1 and Si0 indicate potential screening statuses as a function of the instrument. When

nobody is placed in foster care (Di = 0), this expression captures the average effect of a

screened-in investigation on subsequent maltreatment among compliers. Otherwise, we can

bound this effect. To see this, first note that the average Y ∗
i0 for compliers is itself identified:

E[(1− Si)Yi|Zi = 1]− E[(1− Si)Yi|Zi = 0]

E[1− Si|Zi = 1]− E[1− Si|Zi = 0]
= E[Y ∗

i0|Si1 > Si0] (27)

Similarly:
E[SiYi|Zi = 1]− E[SiYi|Zi = 0]

E[Si|Zi = 1]− E[Si|Zi = 0]
= E[(1−Di)Y

∗
i1|Si1 > Si0] (28)

These expressions can be used to bound E[Y ∗
i1|Si1 > Si0], and therefore E[Y ∗

i1 − Y ∗
i0|Si1 > Si0].

To see this, observe that:

E[Y ∗
i1|Si1 > Si0] ∈ [E[(1−Di)Y

∗
i1|Si1 > Si0], 1− E[(1−Di)(1− Y ∗

i1)|Si1 > Si0]]. (29)

The lower bound is directly given by equation (28), and the upper bound can be rewritten:

E[(1−Di)(1− Y ∗
i1)|Si1 > Si0] = 1− E[Di|Si1 > Si0]− E[(1−Di)Y

∗
i1|Si1 > Si0] (30)

Finally, note that E[Di|Si1 > Si0] is identified:

E[SiDi|Zi = 1]− E[SiDi|Zi = 0]

E[Si|Zi = 1]− E[Si|Zi = 0]
= E[Di|Si1 > Si0]

We can thus use Zi to obtain estimates of the lower and upper bounds of E[Y ∗
i |Si1 > Si0] and

then subtract E[Y ∗
0 |Si1 > Si0].

In practice, we use our continuous screener leniency instrument to form analogous bounds.

Table A12 shows estimates of each component of the calculation. Bounds on average complier

Y ∗
1 − Y ∗

0 are tight and straddle zero. Specifically, we bound this average effect to be between

-0.7 and 1.7 percentage points. The narrow bounds straddling zero provide confidence that

the decomposition in Section VI is valid.
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