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Abstract

This paper examines the first-year effects of Rx Kids, a citywide unconditional cash transfer
program for pregnant women and infants in Flint, Michigan, on infant health outcomes.
Using city-level data for the largest Michigan cities from 2019 to 2024, I compare difference-
in-differences, synthetic control, and synthetic difference-in-differences estimators. The re-
sults provide little robust evidence that Rx Kids improved low birthweight, prematurity, or
other core birth outcomes in 2024. Smoking during pregnancy declines consistently across
specifications, but this result should be interpreted cautiously because the measure may be
subject to self-reporting error and may reflect reduced reported smoking rather than a true

reduction in smoking behavior.
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1 Introduction

Human capital investment is central to economics because early-life conditions shape later
productivity, earnings, health, and social mobility. In the economics of the family, parents
are understood not only as consumers but also as investors in their children, and a large
literature studies how family resources and early environments affect children’s long-run
outcomes (Becker & Tomes, 1979; Cunha & Heckman, 2007). One especially important
dimension of early human capital is child health. A broad economics literature shows that
conditions in utero and at birth have lasting consequences for later-life outcomes, helping
to explain the sustained interest in infant health as both a health-policy and anti-poverty
concern (Almond & Currie, [2011}; Almond et al., 2018; Currie, [2009)).

These issues are especially important for disadvantaged children. Poor children are more
likely to experience adverse early-life health shocks, and those shocks can themselves depress
later educational and labor-market outcomes, making infant health one channel through
which inequality is reproduced across generations (Almond et al., [2018; Currie, [2009). Ad-
verse birth outcomes such as low birthweight and prematurity are socially patterned, and
they matter not only because of their immediate medical consequences but also because they
predict later differences in morbidity, schooling, and adult economic well-being (Almond &
Currie, 2011; Almond et al., 2018). This literature has motivated substantial attention to
policies that improve the prenatal environment, including public insurance expansions, nu-
tritional support, and income assistance during pregnancy. In the United States, Medicaid
eligibility expansions for pregnant women improved birth outcomes and reduced infant mor-
tality, while more recent work on WIC finds that expanded eligibility increased birthweight
and reduced the incidence of low birthweight (Currie & Gruber, 1996; Ko, 2024).

A related literature studies whether household income itself improves infant health. Ad-
ditional resources may relax liquidity constraints during pregnancy, allowing families to pur-
chase food, stable housing, transportation, and medical care, while also reducing stress and

harmful coping behaviors (Hoynes et al., 2015; Page, 2024; Shah & Gennetian, |[2024)). If poor



infant health also impairs later human capital accumulation, then improvements in birth out-
comes may generate returns long after infancy (Almond & Currie, [2011; Almond et al., 2018}
Currie, 2009). Consistent with this view, Hoynes et al. (2015) find that a $1,000 increase in
the Earned Income Tax Credit reduces low birthweight by roughly 2 to 3 percent, while in-
creasing prenatal care and reducing maternal smoking. Their study links additional income
during pregnancy to specific birth outcomes and maternal behaviors by exploiting federal
EITC expansions. At the same time, more recent U.S. evidence is less uniformly positive.
Using variation in pandemic stimulus payments and the expanded Child Tax Credit during
pregnancy, Lyu and Schaller (2025) study a setting in which many families received transfers
worth several thousand dollars, yet they find little evidence of meaningful improvements in
birthweight or gestational age. Recent work therefore suggests that although income can
matter for children’s outcomes, the size and timing of effects depend heavily on the institu-
tional setting, the form of the transfer, and the outcome under study (Page, [2024; Shah &
Gennetian, [2024)).

As interest in cash-transfer programs has grown, so too has attention to the distinction
between conditional and unconditional transfers. Conditional cash transfers tie receipt to
specified behaviors or eligibility rules, often with the explicit goal of encouraging investments
in children’s health and schooling, while unconditional transfers provide resources without
requiring particular expenditures or compliance conditions (Fiszbein & Schady, 2009; Rawl-
ings & Rubio, 2005). Advocates of unconditional transfers emphasize autonomy, reduced
administrative burden, and higher take-up, especially among highly constrained families.
Although the international literature on cash transfers is large, evidence from U.S. uncon-
ditional cash-transfer programs remains comparatively limited, and important questions re-
main about when, for whom, and through which mechanisms such transfers affect child and
family outcomes (Page, [2024; Shah & Gennetian, 2024)).

These open questions make Flint, Michigan’s Rx Kids program especially important.

Launched in 2024, Rx Kids is a community-wide prenatal and infant cash transfer that



provides eligible Flint residents $1,500 during pregnancy and $500 per month during the
child’s first year, for a maximum of $7,500. The policy is notable not only because of its
generosity and timing around birth, but also because it is implemented in a city facing
unusually high economic disadvantage. According to the U.S. Census Bureau, 34.1% of
Flint residents live in poverty, compared with 13.4% statewide, and 56.1% of Flint residents
identify as Black or African American, compared with 13.7% statewide (U.S. Census Bureau,
2025al, 2025b)).

Early work on Rx Kids suggests improvements in maternal well-being and some perinatal
outcomes, but the literature remains small and methodologically heterogeneous (Agarwal et
al., 2025; Hanna, Agarwal, & Shaefer, [2025; Hanna, Shaefer, et al., 2025; Shaefer, 2025).
The most direct existing evidence on Rx Kids and birth outcomes comes from Agarwal et
al. (2025)), who use individual-level administrative birth certificate records for all births in
Michigan, geocoded to the mother’s residential address, to estimate the effect of Rx Kids on
preterm birth and low birthweight. Using a difference-in-differences design, they compare
Flint after the launch of the program to both a matched set of Michigan cities and the rest
of the state. Relative to the matched-city comparison group, they report a 2.7 percentage
point decline in preterm birth and a 4.2 percentage point decline in low birthweight, along
with fewer neonatal intensive care unit admissions, less smoking in the third trimester, and
more adequate prenatal care (Agarwal et al., 2025)).

Their empirical strategy highlights the central identification challenge in this setting.
Because the program launched only in Flint, treatment occurs at the city level, with Flint
as the lone treated unit. In such settings, results may be sensitive to how the counterfactual
is constructed and to assumptions about how pre-treatment differences would have evolved
in the absence of treatment. The econometrics literature has emphasized that inference in
difference-in-differences designs can be delicate when the number of treated groups is very
small, that pre-trend testing is often weak evidence for design validity, and that researchers

should be explicit about the assumptions needed to justify trend extrapolation (Bilinski &



Hatfield, [2020; Ferman & Pinto, 2019; Kahn-Lang & Lang, 2020; Rambachan & Roth, 2023)).
Synthetic-control methods were developed precisely for comparative case studies of this kind,
and synthetic difference-in-differences extends that logic by combining weighting with the
panel-data structure of difference-in-differences (Abadie et al., 2010; Arkhangelsky et al.,
2021)).

This paper is therefore best understood as complementary to the emerging Rx Kids lit-
erature. In contrast to prior work that studies Rx Kids using individual-level administrative
data and a difference-in-differences framework, I revisit the question using city-level birth
outcomes and methods tailored to settings with a single treated unit. The analysis uses a
panel of the 65 most populous cities in Michigan, with Flint as the only treated city. Specif-
ically, I use synthetic control as a benchmark and synthetic difference-in-differences as the
primary empirical approach. I study outcomes including low birthweight, very low birth-
weight, preterm birth and its gestational-age subcategories, low Apgar scores, and maternal
smoking during pregnancy. Across these measures, the results provide limited evidence of
improvements in core infant-health outcomes. More broadly, this paper contributes to a
growing literature on whether unconditional cash transfers delivered during pregnancy can
improve infant health in high-poverty U.S. settings, and on how such effects should be eval-
uated when treatment is assigned to a single place.

The remainder of the paper proceeds as follows. Section [2 reviews the institutional
background of Rx Kids and situates the program within the broader literature on cash
transfers and infant health. Section [B] describes the data and outcomes. Section M outlines
the empirical strategy. Section [5| presents the main results and robustness checks. Section [f]

discusses the findings and their implications. Section [7| concludes.



2 Institutional Background: The Rx Kids Program

Rx Kids is a citywide unconditional cash transfer program for pregnant women and newborns
in Flint, Michigan. The program launched in January 2024 and is notable as the first
community-wide, non-means-tested cash transfer in the United States targeted specifically
at the perinatal period. Unlike traditional safety-net programs, Rx Kids does not condition
receipt on income, employment, or other behavioral requirements. Instead, it provides direct
cash support during pregnancy and throughout the child’s first year of life.

The program was developed by the Michigan State University—Hurley Children’s Hospital
Pediatric Public Health Initiative in partnership with Poverty Solutions at the University of
Michigan. It is administered by GiveDirectly and funded through a public-private partner-
ship that includes support from Temporary Assistance for Needy Families (TANF), alongside
other public and philanthropic sources. An important feature of the program is that receiv-
ing Rx Kids benefits does not reduce eligibility for most other public assistance programs,
including Medicaid and SNAP.

Eligibility is based on Flint residency and pregnancy or childbirth status. Participants
enroll online and must provide documentation verifying residence in Flint, as well as medical
documentation confirming pregnancy or childbirth. Once enrolled, participants receive a
one-time prenatal payment of $1,500 and then $500 per month for up to twelve months
after birth, for a maximum total benefit of $7,500. In 2024, the prenatal payment became
available after 20 weeks of gestation. Payments are made either through direct deposit or a
prepaid debit card, and the transfers are treated as non-taxable gifts.

A central feature of Rx Kids is its universal design. Because the program does not require
income verification, administrative barriers are relatively limited compared with those of
conventional means-tested programs. The program reports near-universal uptake among
eligible families in Flint, with most participants enrolling prenatally. More broadly, Rx
Kids is motivated by evidence that economic hardship during pregnancy is closely linked to

adverse outcomes for both mothers and infants. By providing unconditional income support



during a period of heightened financial vulnerability, the program aims to reduce material
hardship, improve maternal well-being, and promote healthier early-life outcomes (University

of Michigan, 2025).

3 Data

This paper uses city-level birth outcome and maternal-characteristic data from the Michigan
Department of Health and Human Services Division for Vital Records and Health Statistics
for the years 2019 through 2024. The vital statistics data provide counts, rates, and cross-
tabulations for births and related outcomes at the community level (Michigan Department
of Health and Human Services, [2026).

The initial sample consists of the 65 most populous cities in Michigan. Five exclusions are
made in constructing the analytic sample. Kalamazoo is excluded because it implemented a
similar cash transfer program during the study period. Forest Hills and Waverly are excluded
because birth outcome data are incomplete prior to 2021. Holt and Okemos are excluded
because outcome data are unavailable. After these exclusions, the final sample consists of
60 cities: Flint, the single treated city, and a donor pool of 59 untreated cities.

The analysis is conducted at the city-year level. The main outcomes are measures of infant
health, including low birthweight, very low birthweight, preterm birth and its gestational-age
subcategories, low Apgar scores, and maternal smoking during pregnancy. Low birthweight
is defined as birthweight below 2,500 grams, and very low birthweight as birthweight below
1,500 grams. Preterm birth refers to births occurring before 37 completed weeks of gestation;
very preterm birth refers to births before 32 completed weeks, and late preterm birth to
births between 34 and 36 completed weeks. A low Apgar score is an indicator of poorer
newborn condition immediately after birth; in the data, it refers to infants with a five-
minute Apgar score below 7. Maternal smoking during pregnancy is defined using the state

reporting measure, which includes mothers with a history of smoking who did not quit, as



well as those who quit at some point between estimated conception and birth. All outcome
measures are expressed as city-level percentages. In addition, the data include maternal
and compositional characteristics such as parity (whether the mother has previously given
birth), breastfeeding behavior, prenatal care, education, marital status, WIC participation,
maternal age, and cesarean delivery. These measures allow the paper to examine both infant
health outcomes and changes in the composition of births over time.

To account for cross-city differences in demographic and socioeconomic conditions, the
vital statistics data are supplemented with city-level characteristics from the American Com-
munity Survey five-year estimates for 2019-2023. These variables include measures of racial
and ethnic composition, educational attainment, household income, poverty, housing condi-
tions, inequality, and health insurance coverage, and are used as predictors in constructing
the synthetic control for Flint (U.S. Census Bureau, 2026).

Tables [I] 2] and [3 report pre-treatment means for birth outcomes, maternal character-
istics, and demographic and socioeconomic characteristics, respectively, over the 2019-2023
period. Flint differs substantially from the untreated cities along all three dimensions. Rel-
ative to the average donor-pool city, Flint has worse baseline values for all reported birth
outcomes, including markedly higher rates of low birthweight, preterm birth, very preterm
birth, and maternal smoking during pregnancy. Flint also differs sharply in maternal charac-
teristics, including lower rates of first-trimester prenatal care and breastfeeding, and higher
rates of unmarried motherhood, WIC participation, and low educational attainment. At
the city level, Flint is also considerably poorer and more disadvantaged than the average
untreated city, with a higher poverty rate, lower median household income, a larger Black
population share, lower college attainment, and greater reliance on public health insurance.
These baseline differences underscore the difficulty of using simple untreated-city averages
as a counterfactual for Flint and motivate the use of reweighting methods in the empirical

analysis.
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It is important to note several limitations of the data. First, the analysis is conducted
at the city level rather than the individual level, so the estimates capture the population-
level effect of program implementation rather than treatment effects for enrolled mothers
specifically. Second, because the program begins in 2024, the post-treatment period is short,
which limits the ability to study longer-run effects. Third, any changes in migration or
in the composition of births across cities could affect measured outcomes independently of
treatment, so compositional measures are best interpreted as an important diagnostic rather

than a secondary detail.

Table 1: Pre-Treatment Means: Birth Outcomes

Other Cities Flint

% Low birthweight 9.44 15.48
% Very low birthweight 1.73 2.98
% Preterm 10.48 15.22
% Late preterm 7.58 10.20
% Very preterm 1.88 3.32
% Apgar score < 7 2.60 3.22
% Smoked during pregnancy 10.29 25.08
Observations 59 1

Notes: This table reports pre-treatment averages over 2019—2023 for birth outcomes for Flint and the donor
pool of 59 of the 65 most populous cities in Michigan. “Other Cities” reports the unweighted average across
all donor pool cities. All outcomes are expressed as percentages of total births in a given city-year. The table
illustrates the baseline differences between Flint and comparison cities that motivate the use of synthetic
control and difference-in-differences methods. Low birthweight is defined as birth weight below 2,500 grams;
very low birthweight is below 1,500 grams. Preterm is defined as gestational age below 37 weeks; very
preterm as below 32 weeks; late preterm as 34-36 weeks.
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Table 2: Pre-Treatment Means: Compositional Outcomes

Other Cities Flint

Births 750.76 1,069.00
% First births 40.41 30.76
% 4th+ births 12.43 24.32
% Under age 20 4.05 8.94
% <12 years education 9.60 23.82
% Unmarried 41.54 83.22
% WIC during pregnancy 32.56 63.78
% 1st trimester prenatal care 76.31 55.94
% Breastfeeding planned /initiated 83.18 58.84
% Healthy pre-pregnancy weight 37.64 33.34
Observations 59 1

Notes: This table reports pre-treatment averages over 2019-2023 for compositional birth outcomes for Flint
and the donor pool of 59 of the 65 most populous cities in Michigan. “Other Cities” reports the unweighted
average across all donor pool cities. All outcomes are expressed as percentages of total births in a given city-
year, except for Births, which reflects the raw count. The table illustrates the baseline differences between
Flint and comparison cities that motivate the use of synthetic control and difference-in-differences methods.
WIC refers to the Special Supplemental Nutrition Program for Women, Infants, and Children.
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Table 3: Pre-Treatment Means: Demographic and Socioeconomic Characteristics

Characteristic Flint  Other Cities
Demographics

Total Population 80,835 64,054
% Black 56.00 16.72
% White 32.60 64.75
% Hispanic 4.50 8.15
% Asian 0.60 4.99
% Multiracial 5.50 4.72
% American Indian/Alaska Native 0.30 0.18
% Pacific Islander 0.00 0.03
% Other Race 0.50 0.46

Socioeconomic Status

Median Household Income (2023 $) 36,194 68,466

Poverty Rate (%) 34.40 15.75
Deep Poverty Rate (%) 18.10 7.45
Gini Coefficient 0.48 0.44
% Single Female Head of Household  59.30 30.01
% Public Health Insurance 70.50 40.26
Education

% Less than High School 16.70 9.35
% High School Graduate 83.30 90.65
% College Graduate 13.10 32.91
Housing

% Renter Occupied 45.00 35.68
% Rent Burdened 54.40 45.08
Observations 1 59

Notes: This table reports pre-treatment demographic and socioeconomic averages for Flint and the un-
weighted average of the 59 cities in the donor pool. All data are 5-year estimates derived from the 2019-2023
American Community Survey (ACS). Median household income is adjusted to 2023 dollars.
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4 Empirical Strategy

Estimating the effect of Rx Kids on birth outcomes in Flint is challenging because Flint is
the only treated city and differs substantially from other Michigan cities before the program
begins. The main empirical task is therefore to construct a credible counterfactual for how
birth outcomes in Flint would have evolved in the absence of treatment. To do so, I compare
several approaches to counterfactual construction, beginning with traditional difference-in-
differences and then turning to synthetic control and synthetic difference-in-differences.

A natural starting point is a traditional difference-in-differences (DiD) design comparing
changes in outcomes in Flint before and after treatment to changes over the same period in
untreated Michigan cities. Let Yj; denote the observed value of a birth outcome for city ¢
in year ¢t. In this application, Flint is the only treated city, while the donor pool contains
59 untreated cities. The pre-treatment period is 2019-2023, and the post-treatment period
begins in 2024.

I begin with the standard two-way fixed-effects DiD specification:
Yie = a; + v + 7Diy + €, (1)

where «; are city fixed effects, 7, are year fixed effects, and D;; is an indicator equal to one for
Flint in the post-treatment period and zero otherwise. Under the standard parallel-trends
assumption, the coefficient of interest, 7, identifies the treatment effect of Rx Kids on the
outcome (Bertrand et al., 2004).

In this setting, however, the parallel-trends assumption is difficult to defend. As the sum-
mary statistics in Section [3| show, Flint differs substantially from the average untreated city
in baseline birth outcomes, maternal characteristics, and socioeconomic conditions. Figurel[T,
panel (a), reinforces this concern by plotting Flint against the equally weighted average of
untreated cities for preterm birth. The two series do not move in parallel during the pre-

treatment period, suggesting that a simple DiD comparison is unlikely to yield a credible
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counterfactual (Bilinski & Hatfield, 2020; Kahn-Lang & Lang, |2020)). Restricting the donor
pool to a smaller set of more comparable cities might improve similarity, but doing so would
make the choice of comparison cities increasingly discretionary and dependent on researcher
judgment.

One possible response to nonparallel pre-treatment trends is to augment the DiD speci-

fication with a treated-group-specific linear time trend:
Yii =i + v + 7Dy + 0(Flint; x Yeary) + ey, (2)

where Flint; is an indicator equal to one for Flint and zero otherwise, and Year; is a
continuous time variable. The interaction term Flint; x Year; allows the treated group to
follow a different linear trend from the untreated cities over time. This relaxes the standard
parallel-trends assumption, but it does so by replacing it with a different and still potentially
strong restriction: namely, that the untreated difference between Flint and the donor pool can
be adequately summarized by a linear trend that continues into the post-treatment period.
In a setting where Flint’s pre-treatment path is persistently elevated and not obviously
well approximated by a simple linear trend, that restriction may also be difficult to justify
(Bilinski & Hatfield, 2020; Kahn-Lang & Lang, |2020).

Synthetic control was developed for comparative case studies in which treatment is as-
signed to one or a small number of aggregate units, precisely to address the problem of
constructing a more credible comparison group in settings like this one (Abadie et al.,2010)).
Rather than comparing Flint to the average of untreated cities, the method constructs a
weighted average of control units chosen to resemble Flint as closely as possible before treat-
ment. Let W = (wy, ..., ws9) denote the vector of donor-pool weights, where w; > 0 for all
1 and Z?il w; = 1. The synthetic control estimator selects W so that the weighted average
of untreated cities matches Flint on pre-treatment outcomes and predictors as closely as

possible. The resulting synthetic unit provides an estimate of Flint’s untreated potential
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outcome path after treatment.

This weighting strategy helps avoid the arbitrariness of hand-picking a smaller comparison
set, but standard synthetic control also has an important limitation here. Because the
synthetic unit must be a convex combination of untreated cities, it must lie within the
support of the donor pool. Figure[l| panel (b), illustrates the problem. Flint’s preterm birth
rate lies above nearly all donor-pool cities throughout most of the pre-treatment period, with
only a handful of cities approaching Flint’s level even briefly. When the treated unit lies
outside the donor-pool convex hull, no nonnegative weighted average of untreated cities can
reproduce Flint’s outcome level particularly well, which can lead to poor pre-treatment fit.
Put differently, even if some untreated cities display roughly similar movements over time,
standard synthetic control does not permit a simple intercept shift between Flint and its

weighted comparison (Abadie et al., [2010; Arkhangelsky et al., 2021)).
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(a) Flint vs. Average of Other Cities (b) Flint vs. Other Cities (City-Level Trends)
Figure 1: Preterm Birth Trends in Flint and Comparison Cities
Notes: Panel (a) plots preterm birth in Flint against the equally weighted average of other Michigan cities.

Panel (b) plots Flint against each comparison city separately. The vertical line marks the 2024 rollout of Rx
Kids.

These limitations motivate the use of synthetic difference-in-differences (SDID) as the
primary specification. SDID combines features of synthetic control and DiD. Like synthetic
control, it chooses weights on untreated units so that the weighted control group better
resembles the treated unit in the pre-treatment period. Unlike standard synthetic control,

however, SDID also incorporates the two-way fixed-effects structure of DiD, which allows
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for time-invariant differences in levels between treated and untreated units. In addition,
SDID assigns weights to pre-treatment periods, placing greater emphasis on periods that are
most informative for approximating the post-treatment counterfactual (Arkhangelsky et al.,
2021).

Let w € ) denote the unit weights for control cities and let A € A denote the time weights
over pre-treatment periods. Intuitively, the SDID estimator chooses these weights so that
the weighted untreated panel more closely resembles Flint prior to treatment, both across
units and across time. The treatment effect is then identified by comparing Flint’s post-
treatment outcomes to the weighted outcomes of the donor pool while differencing out fixed
level differences between treated and untreated units. This feature is especially useful here
because Flint appears systematically shifted upward relative to the donor pool on several
outcomes, even when some cities exhibit similar year-to-year movements (Arkhangelsky et
al., 2021]).

Inference differs across the estimators. For the traditional DiD specifications, I report
cluster-robust standard errors at the city level. For standard synthetic control, inference
is based on placebo reassignments rather than conventional standard errors. Specifically, I
re-estimate the synthetic control model after assigning placebo treatment to each untreated
city in the donor pool in turn, as if that city had adopted Rx Kids in 2024. This generates
a distribution of placebo effects under the null of no treatment effect. Following standard
practice, I report standardized p-values, where Flint’s post-treatment gap is scaled by its
pre-treatment root mean squared prediction error (RMSPE) and then compared with the
corresponding standardized placebo gaps. These p-values can be interpreted as the share
of placebo-treated cities with standardized post-treatment effects at least as large as Flint’s
in absolute value. This adjustment accounts for differences in pre-treatment fit across cities
and makes the placebo distribution more comparable across units. For synthetic difference-
in-differences, inference is based on placebo variance estimation using vce (placebo), which

similarly relies on reassignment of treatment among untreated cities to assess uncertainty.
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I use the traditional DiD specification and the treated-group-specific linear-trend DiD
specification as reference models, standard synthetic control as a benchmark reweighting
approach, and synthetic difference-in-differences as the primary empirical strategy. For each
outcome, the analysis first assesses whether Flint and the untreated cities appear comparable
under a conventional DiD framework, then examines the extent to which a synthetic control
can reproduce Flint’s pre-treatment path, and finally estimates the SDID treatment effect
using the full donor pool of 59 untreated Michigan cities and the 2019-2023 pre-treatment
period. The post-treatment period begins in 2024, when Rx Kids was introduced. Outcomes
of interest include low birthweight, very low birthweight, preterm birth, very preterm birth,
late preterm birth, low Apgar scores, and maternal smoking during pregnancy. Composi-
tional outcomes are also examined as diagnostic measures to assess whether the composition
of births changed after the program began.

Because the analysis involves a single treated city and only a short post-treatment period,
the resulting estimates should be interpreted modestly. The goal is not to force identification
through strong extrapolation assumptions, but rather to compare Flint to a synthetic coun-
terfactual constructed from untreated cities that most closely reproduce its pre-treatment
outcome path. In this setting, SDID provides a useful middle ground between conventional
DiD, which may rely too heavily on implausible parallel-trends assumptions, and standard
synthetic control, which may fit poorly when Flint persistently lies outside the range of the

donor pool.

5 Results

This section examines whether the introduction of Rx Kids in Flint improved birth outcomes
in 2024. Because Flint is the only treated city and differs sharply from other Michigan
cities prior to treatment, the results are interpreted with particular attention to how the

comparison group is defined. Two features of the results stand out. First, conclusions about
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several birth outcomes depend strongly on the estimator. Second, smoking during pregnancy

is the only outcome that declines consistently across specifications.

5.1 Main Results

Table [ reports estimates of the effect of Rx Kids on birth outcomes across four empir-
ical strategies: two-way fixed-effects difference-in-differences, difference-in-differences with
a treated-group-specific linear trend, standard synthetic control, and synthetic difference-
in-differences. For the synthetic control and SDID specifications, the comparison group
is outcome-specific: the weights are chosen separately for each outcome to best reproduce
Flint’s pre-treatment path for that variable. As a result, the relevant synthetic comparison
for preterm birth is not necessarily the same as the one used for low birthweight or smoking
during pregnancy, and the estimates should therefore be interpreted outcome by outcome.
Figure [2] illustrates why the estimated effect of Rx Kids on preterm birth depends so
strongly on the choice of estimator. In panel (a), Flint and the equally weighted average
of untreated cities do not exhibit parallel pre-treatment trends, making a conventional DiD
comparison difficult to interpret. Panel (b) shows that standard synthetic control also strug-
gles in this setting: although the synthetic series is closer to Flint than the untreated-city
average, pre-treatment fit remains imperfect. Panel (c¢) shows that SDID improves the com-
parison by combining unit and time weights, producing a counterfactual that tracks Flint
more closely over the most informative pre-treatment periods. The green shaded area on
the secondary axis displays the SDID time weights, \: the height in each pre-treatment year
indicates that year’s weight, and the weights sum to 1 over the pre-treatment period. This

visual pattern is consistent with the estimates in Table

The two difference-in-differences specifications produce substantially different estimates
for several outcomes. Under the standard two-way fixed-effects specification, Rx Kids is
associated with increases in low birthweight and preterm birth, alongside a large decline

in smoking during pregnancy. Once a Flint-specific linear trend is added, however, the
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low-birthweight estimate becomes negative and statistically significant, while the preterm
estimate becomes small and statistically insignificant. This instability is itself informative.
It suggests that conventional DiD estimates are highly sensitive to assumptions about Flint’s
untreated trend, which is consistent with the evidence in Section [4] that Flint and the donor
pool do not exhibit comparable pre-treatment trajectories.

The reweighting estimators yield a more consistent pattern. Standard synthetic control
and synthetic difference-in-differences provide little evidence that Rx Kids improved core
infant-health outcomes in its first year. Estimates for low birthweight, very low birthweight,
preterm birth, very preterm birth, late preterm birth, and low Apgar scores are generally
small relative to their uncertainty and are not statistically distinguishable from zero. For
example, the SDID estimate for low birthweight is 0.350 percentage points, while the estimate
for preterm birth is 0.951 percentage points; neither is statistically significant. The synthetic
control estimates point in a similarly inconclusive direction, with standardized placebo p-

values far from conventional significance thresholds.
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(a) Standard DiD (Averages) (b) Synthetic Control (c) Synthetic DiD

Figure 2: Pre-Treatment Trends and Counterfactuals: % Preterm

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (¢) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (¢), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.

These results should also be evaluated in light of the quality of the synthetic match.

As the balance tables in Appendix [B] show for the preterm birth, low birthweight, and
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smoking specifications, Flint remains demographically and socioeconomically distinct from
its weighted comparison units even after reweighting. This is not surprising given how
unusual Flint is relative to the donor pool. For that reason, I place greater weight on pre-
treatment outcome fit than on similarity in observed characteristics alone when assessing the
credibility of the synthetic comparison. In this setting, the central question is not whether the
weighted controls replicate Flint on every baseline characteristic, but whether they provide
a plausible estimate of how Flint would have evolved in the absence of treatment.

Smoking during pregnancy is the clearest exception to the broader pattern of null and
unstable results. The estimated effect is negative in all four specifications, and the SDID
estimate implies a decline of 6.472 percentage points. This effect is statistically significant

at the one-percent level.

Table 4: Effects of Rx Kids on Birth Outcomes

Model Specification

Outcome Two-Way FE Linear Trends Synthetic Control Synthetic DiD
% Low birthweight 0.478** —1.768"** 0.490 0.350
(0.230) (0.303) [p = 0.966] (1.862)
% Very low birthweight 0.027 —0.650"** 0.306 0.297
(0.160) (0.176) [p = 0.808] (0.540)
% Preterm 1.351%** —0.062 0.165 0.951
(0.226) (0.302) [p = 0.983] (1.664)
% Very preterm —0.438*** —1.283*** —0.349 —0.672
(0.143) (0.171) [p = 0.833] (0.949)
% Late preterm 1.230*** 0.217 0.777 0.878
(0.169) (0.233) [p = 0.897] (1.365)
% Apgar score < 7 0.036 —0.192 —0.598 —0.241
(0.121) (0.185) [p = 0.590] (0.768)
% Smoked during pregnancy —8.629*** —6.267** —5.563 —6.4727*
(0.415) (0.310) [p = 0.519] (2.141)

Notes: Coefficients reported with standard errors in parentheses. The analysis is conducted on a city-
year panel of 60 Michigan cities from 2019 through 2024, with Flint as the treated city and the remaining
59 cities forming the donor pool. Outcomes are measured at the city-year level. For the two-way fixed
effects and linear-trends difference-in-differences models, standard errors are cluster-robust at the city level.
For standard synthetic control, square brackets report standardized placebo p-values (p) based on in-space
placebo reassignments. For synthetic difference-in-differences, standard errors are based on placebo variance
estimation. *p < 0.10, **p < 0.05, ***p < 0.01.
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Figure [3] provides a useful contrast to Figure 2] Although pre-treatment fit is imperfect
under the simpler DiD comparison and under standard synthetic control, all three panels
point in the same qualitative direction after 2024: smoking in Flint declines relative to the
relevant comparison series. The SDID figure also shows that the method places greater
weight on the later pre-treatment years, when Flint and the donor pool exhibit more similar
movements, rather than on the earlier years where fit is weaker. The visual evidence therefore
matches the estimates in Table [ where smoking is the only outcome that is negative in all
four specifications. I return to the interpretation of this result in Section [f] Additional

outcome-specific trend figures are reported in Appendix [A]
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Figure 3: Pre-Treatment Trends and Counterfactuals: % Smoked During Pregnancy

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (c) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (c), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.

5.2 Robustness Checks

Table [5] examines whether the SDID results are sensitive to alternative donor pools and
pre-treatment windows. Three checks are considered: restricting the analysis to a common
donor pool across outcomes, restricting the donor pool to cities with Black population shares

of at least 20 percent, and shortening the pre-treatment period to begin after 2020.
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Across these alternative specifications, the estimated effects on core birth outcomes re-
main small and uncertain. For low birthweight, the SDID estimates range from —0.604 to
0.159 percentage points. For preterm birth, they range from 0.598 to 0.997 percentage points.
Similar patterns hold for very low birthweight, very preterm birth, late preterm birth, and
low Apgar scores. None of these estimates is statistically significant. These checks therefore
reinforce the main conclusion that the data do not provide robust evidence of improvements
in infant health outcomes during the first year of Rx Kids.

The smoking result is also stable across these alternative specifications. In the common
donor pool specification, the estimated effect is —7.301 percentage points; in the donor pool
restricted to cities with Black population shares of at least 20 percent, the estimate is —5.792
percentage points; and in the post-2020 specification, the estimate is —6.534 percentage
points. All three are statistically significant.

Table 5: Robustness Checks: Synthetic Difference-in-Differences Estimates of Rx Kids on
Birth Outcomes

Specification
Outcome Common Donor Pool >20% Black  Post 2020
% Low birthweight 0.159 —0.604 0.148
(1.132) (1.529) (1.895)
% Very low birthweight 0.197 0.103 0.146
(0.514) (0.742) (0.569)
% Preterm 0.734 0.997 0.598
(1.359) (2.105) (1.788)
% Very preterm —0.759 —0.418 —1.048
(0.963) (0.737) (0.927)
% Late preterm 1.165 0.639 1.051
(1.118) (1.565) (1.470)
% Apgar score < 7 —0.548 0.319 —0.582
(0.604) (0.739) (0.788)
% Smoked during pregnancy —7.301*** —b5.792%** —6.534"**
(1.023) (1.845) (2.168)

Notes: This table reports robustness checks for the synthetic difference-in-differences estimates in Table [
The common donor pool specification restricts the sample to the 24 cities with complete data for all outcomes
and all years. The > 20% Black specification restricts the donor pool to the 17 cities with Black population
shares of at least 20 percent. The Post 2020 specification restricts the pre-treatment period to 2021-2023.
Standard errors are based on placebo variance estimation. *p < 0.10, **p < 0.05, ***p < 0.01.

23



5.3 Compositional Outcomes

Table [6] reports estimates for the number and characteristics of births. These outcomes
are useful as diagnostic measures because they indicate whether the composition of births
changed after the introduction of Rx Kids. If the mix of mothers giving birth in Flint
changed substantially, then part of the measured change in infant-health outcomes could
reflect selection rather than treatment effects on fetal health.

The difference-in-differences specifications suggest sizeable changes in several composi-
tional measures. Under the two-way fixed-effects model, births increase, first births rise,
fourth-or-higher-order births decline, and the shares of mothers who are under age 20, have
less than 12 years of education, are unmarried, receive WIC during pregnancy, or obtain
first-trimester prenatal care all increase. The linear-trend DiD specification produces a simi-
larly strong pattern for several measures, although the direction changes for some outcomes,
including WIC participation and breastfeeding planned or initiated.

These estimated compositional changes are much weaker under the reweighting estima-
tors. Standard synthetic control produces estimates with large standardized placebo p-values
across all reported outcomes. The SDID estimates are also generally modest relative to their
standard errors. The point estimate for births is positive, but most other compositional
estimates are not statistically distinguishable from zero. The same is true for maternal age,
education, marital status, WIC participation, breastfeeding planned or initiated, and healthy
pre-pregnancy weight.

Taken together, the compositional results provide only limited evidence that Rx Kids
led to large, robust shifts in the observable composition of births in Flint in its first year.
The positive estimate for births should therefore be interpreted conservatively, especially be-
cause it is only marginally significant and inference is sensitive to the placebo-based variance
procedure. More broadly, the lack of strong infant-health effects in the reweighting esti-
mators does not appear to be explained by clear and systematic changes in the observable

composition of mothers giving birth in the city. However, the short post-treatment period
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and substantial uncertainty mean that these diagnostic results are best treated as suggestive
rather than definitive.

Table 6: Effects of Rx Kids on Compositional Outcomes

Model Specification

Outcome Two-Way FE  Linear Trends Synthetic Control Synthetic DiD
Births 38.892** 179.912*** 109.302 120.020*
(16.726) (8.242) [p = 0.390] (64.500)
% First births 3.287*** 3.885%** 2.148 3.317
(0.410) (0.488) [p=0.797] (3.674)
% 4th+ births —2.573"** —3.042%* —0.799 —2.603
(0.279) (0.291) [p = 0.333] (2.311)
% Under age 20 0.855*** 1.716*** 1.098 1.053
(0.143) (0.194) [p = 0.676] (1.041)
% <12 years education 1.473*** 0.568* 3.119 0.975
(0.281) (0.338) [p = 0.635] (2.167)
% Unmarried 2.752%** 1.936*** 4.155 2.413
(0.728) (0.709) [p = 0.831] (4.671)
% WIC during pregnancy 1.483*** —1.690*** —1.056 —1.614
(0.556) (0.562) [p = 0.983] (4.090)
% 1st trimester prenatal care 4.529%** 4.476%** —6.771 4.912
(0.648) (0.833) [p = 0.864] (4.524)
% Breastfeeding planned /initiated 3.276*** —4.377 —3.900 —2.033
(0.466) (0.408) [p = 0.949] (2.983)
% Healthy pre-pregnancy weight —0.199 1.898*** —0.652 —0.319
(0.387) (0.558) [p = 0.356] (3.006)

Notes: Coefficients reported with standard errors in parentheses. The analysis is conducted on a city-
year panel of 60 Michigan cities from 2019 through 2024, with Flint as the treated city and the remaining
59 cities forming the donor pool. Outcomes are measured at the city-year level. For the two-way fixed
effects and linear-trends difference-in-differences models, standard errors are cluster-robust at the city level.
For standard synthetic control, square brackets report standardized placebo p-values (p) based on in-space
placebo reassignments. For synthetic difference-in-differences, standard errors are based on placebo variance
estimation. *p < 0.10, **p < 0.05, ***p < 0.01.
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6 Discussion

Overall, the findings point to a restrained conclusion. Across the estimators designed to
construct a more credible counterfactual for a single treated city, Rx Kids does not appear
to have generated clear first-year improvements in birth outcomes in Flint. Estimates for low
birthweight, very low birthweight, preterm birth, very preterm birth, late preterm birth, and
low Apgar scores are generally small relative to their uncertainty and are not statistically
distinguishable from zero under the reweighting estimators. Smoking during pregnancy is
the main exception in the sense that it declines consistently across specifications and remains
statistically significant in the SDID robustness checks. Even so, that result warrants caution.
Unlike the birth outcomes, smoking during pregnancy may be measured with self-reporting
error. The observed decline could reflect either a true reduction in smoking or a reduction
in reported smoking associated with receipt of the transfer.

This pattern also helps explain why the conclusions here differ from those implied by
simpler difference-in-differences models. In the present setting, Flint differs sharply from
other Michigan cities in both baseline levels and pre-treatment trends, making conventional
DiD estimates highly sensitive to assumptions about the untreated counterfactual. The
difference between the two-way fixed-effects and linear-trend DiD estimates in the main
results table illustrates this directly: conclusions about low birthweight and preterm birth
change substantially depending on how Flint’s trend is modeled. The synthetic-control and
SDID approaches were included precisely because they are better suited to comparative case
studies with a single treated unit and because they reduce reliance on the assumption that
Flint would have tracked the average untreated city absent treatment (Abadie et al., 2010}
Arkhangelsky et al., 2021). In that sense, the contribution here is not only substantive
but also methodological: the estimated effects of Rx Kids depend importantly on how the
counterfactual is constructed.

A related reason these findings may differ from prior work is that the analyses are con-

ducted at different levels of aggregation and therefore estimate different quantities. The
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present study uses city-year averages, so it identifies the population-level effect of the pro-
gram’s rollout on aggregate birth outcomes in Flint rather than treatment effects for indi-
vidual recipients. As a result, the data cannot show whether any gains were concentrated
among the mothers most likely to benefit, particularly those facing the greatest economic
disadvantage, because the city-level vital statistics do not report birth outcomes separately
by maternal income subgroup. If Rx Kids improved outcomes primarily for a narrower set of
high-risk or low-income mothers, those gains could be attenuated in aggregate city averages
even when individual-level studies detect meaningful effects. For that reason, the difference
between the results here and those in prior administrative-data studies should not necessarily
be interpreted as a contradiction, but rather as evidence that estimated effects depend both
on the empirical method and on the level at which outcomes are measured.

The preferred reweighting estimates also require a somewhat different interpretation than
a conventional DiD comparison. Under synthetic control and SDID, Flint is not compared
to any single untreated city, but rather to a weighted combination of untreated Michigan
cities chosen to provide the most credible approximation of Flint’s untreated path. For
that reason, the estimated treatment effects are less intuitive than a comparison against one
clearly identifiable control group. At the same time, that tradeoff is central to the design.
In a setting where Flint differs sharply from other cities in both outcome levels and pre-
treatment trends, comparing Flint to a weighted synthetic counterfactual is more informative
than comparing it to the simple average of untreated cities or to an arbitrarily selected subset
of controls. The resulting estimates should therefore be interpreted as evidence on how Flint
performed relative to its best available synthetic comparison, rather than relative to any
single city.

The absence of clear birth-outcome effects in the first year does not necessarily imply
that the program had no meaningful effect on maternal or infant well-being, nor does it
imply that unconditional cash transfers are generally ineffective. Rather, the results suggest

that in this particular setting and over this short horizon, the data do not show robust
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improvements in the birth outcomes examined here. One possible explanation is that the
timing of the transfer matters for which outcomes can reasonably respond within a short
window. Prior work on transfers during pregnancy has emphasized that effects may depend
on when income arrives relative to fetal development, and that identifying the most relevant
margin of timing is empirically difficult (Amarante et al., |2011; Page, [2024)). In the case of
Rx Kids, the prenatal transfer becomes available only after pregnancy is already underway;,
and much of the total transfer is delivered after birth. It is therefore possible that the
first year of the program is too early a horizon to detect measurable changes in birthweight
or gestational age, even if the transfer improves maternal well-being or household stability
during pregnancy.

A second possibility is that the size and structure of the transfer may matter for the
outcomes considered here. Although Rx Kids is generous relative to many U.S. programs,
the prenatal component may still be too limited, or too delayed, to generate detectable
changes in birth outcomes at delivery. More generally, the effects of cash transfers may
depend on the amount delivered during pregnancy, how those resources interact with other
household constraints, and whether they are large enough to shift the specific inputs that
matter most for fetal health. These considerations are difficult to assess directly in the
present data, but they provide one reason why null effects on birth outcomes should not be
taken as evidence against cash transfers more broadly.

A third consideration is that Flint is an unusually disadvantaged policy setting. Relative
to other Michigan cities, Flint has higher poverty, worse baseline birth outcomes, and a
history of persistent health disparities, all of which may shape both how the program operates
and how quickly measurable effects can emerge. In that sense, the absence of clear first-year
improvements in birth outcomes may reflect not only the features of the transfer itself,
but also the difficulty of shifting these outcomes in a place facing deep and longstanding
disadvantage. This also limits external validity. The findings here are best understood as

evidence about the early effects of Rx Kids in Flint specifically, rather than as a general
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statement about unconditional prenatal cash transfers in other settings.

At the same time, the results should be interpreted in light of several limitations. First,
the analysis is conducted at the city-year level rather than at the individual level, so the esti-
mates capture the population-level effect of program implementation rather than treatment
effects for participating mothers specifically. Individual-level data would make it possible to
examine treatment take-up, maternal heterogeneity, and mechanisms more directly. Second,
the post-treatment period is short. Because Rx Kids began in 2024, the analysis can only
speak to the program’s earliest effects, and any improvements that emerge over a longer hori-
zon would not yet be visible. Third, the donor pool is limited to the largest Michigan cities
with available data. Although reweighting methods improve comparability, Flint remains
unusual relative to potential controls in ways that may not be fully captured by observed
predictors. Finally, the data do not allow direct control for a number of potentially impor-
tant maternal characteristics and mechanisms, including individual income, stress, housing
conditions, and other household-level inputs that may mediate the effects of cash transfers
on infant health.

These limitations point to several directions for future research. The most important
is to revisit the program once additional post-treatment years become available. A longer
horizon would allow a more informative assessment of whether any early responses to the
program eventually translate into improvements in infant health. Individual-level admin-
istrative data would also permit a more direct examination of heterogeneity by maternal
disadvantage, timing of enrollment, and stage of pregnancy at receipt of the prenatal trans-
fer. More broadly, the results underscore the importance of evaluating unconditional cash
transfers with methods that are well matched to the policy setting. In a case like Flint,
where treatment is assigned to a single city with unusually high disadvantage, the credibility
of the empirical design depends heavily on how the counterfactual is constructed.

Overall, the evidence suggests that Rx Kids did not generate clear first-year improvements

in birth outcomes as measured here. Smoking during pregnancy is the one outcome that
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declines consistently across specifications, but its interpretation is more ambiguous than that
of the birth outcomes because it may reflect changes in reported smoking as well as changes
in actual smoking behavior. Taken together, the first year of the program does not provide
robust evidence of improvement in the infant-health outcomes studied here, even though

meaningful effects on other dimensions of well-being may still be possible.

7 Conclusion

This paper examines whether the introduction of Rx Kids in Flint, Michigan improved
birth outcomes during the program’s first year. Using city-level data and a setting with a
single treated unit, I compare several approaches to counterfactual construction, including
traditional difference-in-differences, synthetic control, and synthetic difference-in-differences.
The results show that conclusions are highly sensitive to the empirical strategy. While
conventional difference-in-differences estimates vary substantially depending on how Flint’s
untreated trend is modeled, the reweighting estimators provide little robust evidence that
Rx Kids improved birthweight, prematurity, or other core infant-health outcomes in 2024.
Smoking during pregnancy is the one outcome that consistently declines between specifi-
cations, but this result should be treated with some reservation because it can reflect changes
in reported smoking, as well as changes in actual smoking behavior. More broadly, the find-
ings do not imply that unconditional cash transfers are ineffective. Rather, they suggest that
in this particular setting and over this short horizon, the data do not reveal clear improve-
ments in the birth outcomes studied here. These results underscore both the importance of
using methods suited to single-unit policy interventions and the value of revisiting Rx Kids

as additional post-treatment data become available.
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A Additional Outcome Trend Figures

This appendix reports the remaining outcome-specific trend figures discussed in the results

section.
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Figure 4: Pre-Treatment Trends and Counterfactuals: % Low Birthweight

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (c) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (c¢), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.
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Figure 5: Pre-Treatment Trends and Counterfactuals: % Very Low Birthweight

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (¢) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (c), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.
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Figure 6: Pre-Treatment Trends and Counterfactuals: % Late Preterm

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (c) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (c), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.

3 3 3

g g —— Fiint g —— Fiint

z —~~ Other Gities z ~—— Synthetic Flint z ~—— Synthetic Flint
2 2 2
9

bio g

5 5 5 e Los 2

o L e | TThesE
- - > [0z 3
(a) Standard DiD (Averages) (b) Synthetic Control (c) Synthetic DiD

Figure 7: Pre-Treatment Trends and Counterfactuals: % Very Preterm

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (c) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (c), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.
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Figure 8: Pre-Treatment Trends and Counterfactuals: % Apgar Score < 7

Notes: This figure plots the outcome trends for Flint against three different counterfactuals constructed from
the donor pool of Michigan cities. Panel (a) compares Flint to the equally weighted average of donor pool
cities used in the standard Difference-in-Differences (DiD) specification. Panel (b) compares Flint to the
Synthetic Control unit, which is constructed by re-weighting the donor pool to match Flint’s pre-treatment
outcome trajectory. Panel (c) compares Flint to the Synthetic DiD counterfactual, which applies both unit
and time weights. The green area in panel (¢), shown on the secondary axis labeled "lambda weight", plots
the SDID time weights for the pre-treatment periods; the height of the green area in each year indicates the
value of the corresponding time weight. The vertical line indicates the rollout of the Rx Kids program.
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B Synthetic Difference-in-Differences Weights

This appendix reports covariate-balance and unit-weight tables for the synthetic difference-
in-differences specifications for the three main outcomes discussed in the paper: smoking
during pregnancy, preterm birth, and low birthweight. As discussed in the main text, Flint
remains difficult to match closely on observed characteristics even after reweighting, so these

tables are presented as descriptive diagnostics alongside the pre-treatment outcome fit.
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Table 7: Balance on Baseline Characteristics (% Smoked During Pregnancy)

Pre-Treatment Means

Characteristics Flint  Synthetic Flint (SDID) Donor Pool Average
Demographics

Total Population 80,835 53,759 67,650
% Black 56.00 15.03 17.03
% White 32.60 66.51 64.48
% Hispanic 4.50 9.16 8.61
% Asian 0.60 3.28 4.52
% Multiracial 5.50 5.29 4.74
% American Indian/Alaska Native 0.30 0.22 0.19
% Pacific Islander 0.00 0.02 0.03
% Other Race 0.50 0.47 0.38
Socioeconomic Status

Median Household Income (2023 $) 36,194 60,715 67,196
Poverty Rate (%) 34.40 17.11 15.67
Deep Poverty Rate (%) 18.10 7.99 7.38
Gini Coefficient 0.48 0.43 0.43
% Single Female Head of Household  59.30 34.62 31.08
% Public Health Insurance 70.50 44.94 41.02
Education

% Less than High School 16.70 11.09 9.45
% High School Graduate 83.30 88.91 90.55
% College Graduate 13.10 23.28 30.88
Housing

% Renter Occupied 45.00 33.91 35.14
% Rent Burdened 54.40 46.92 45.48
Observations 1 19 59

Notes: This table compares the pre-treatment means of baseline demographic and economic characteristics
for Flint against the Synthetic Difference-in-Differences (SDID) counterfactual and the unweighted average
of the cities in the donor pool. The Synthetic Flint column is constructed by applying the SDID unit weights
(@) optimized for the percentage of births where the mother smoked during pregnancy to the pre-treatment
averages of the donor pool cities. Because SDID optimizes weights to match pre-treatment trends in the
specific outcome variable rather than matching directly on these covariates, differences between Flint and the
Synthetic Flint unit reflect the underlying demographic divergence between Flint and the outcome-matched
donor cities.
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Table 8: Synthetic DiD Unit Weights: % Smoked During Pregnancy

City Unit Weight (o) City Unit Weight (o)
Battle Creek 0.183 Ann Arbor 0.031
Lincoln Park 0.121 Grand Rapids 0.026
Taylor 0.096 Redford 0.025
Muskegon 0.094 Southgate 0.022
Monroe 0.074 Dearborn Heights 0.020
Burton 0.072 Marquette 0.020
Wyandotte 0.060 Allen Park 0.019
Roseville 0.047 Novi 0.010
Warren 0.038 Dearborn 0.008
Farmington Hills 0.036

Notes: This table reports the 19 donor pool cities assigned non-zero unit weights (@) by the synthetic
difference-in-differences estimator for the percentage of births where the mother smoked during pregnancy.
The weights are constrained to be non-negative and sum to one. All other cities in the 59-city donor pool
received a weight of zero.
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Table 9: Balance on Baseline Characteristics: Flint vs. Synthetic DiD Counterfactual (%
Preterm)

Pre-Treatment Means

Characteristic Flint ~ Synthetic Flint (SDID) Donor Pool Average
Demographics

Total Population 80,835 62,910 64,802
% Black 56.00 18.64 16.95
% White 32.60 66.33 64.35
% Hispanic 4.50 5.95 8.24
% Asian 0.60 3.80 5.06
% Multiracial 5.50 4.68 4.73
% American Indian/Alaska Native 0.30 0.16 0.18
% Pacific Islander 0.00 0.04 0.03
% Other Race 0.50 0.35 0.46
Socioeconomic Status

Median Household Income (2023 $) 36,194 70,053 68,684
Poverty Rate (%) 34.40 15.09 15.64
Deep Poverty Rate (%) 18.10 6.97 7.42
Gini Coefficient 0.48 0.44 0.44
% Single Female Head of Household  59.30 31.11 30.17
% Public Health Insurance 70.50 40.16 40.37
Education

% Less than High School 16.70 9.15 9.43
% High School Graduate 83.30 90.85 90.57
% College Graduate 13.10 31.17 32.68
Housing

% Renter Occupied 45.00 32.69 35.41
% Rent Burdened 54.40 44.42 44.94
Observations 1 34 59

Notes: This table compares the pre-treatment means of baseline demographic and economic characteristics
for Flint against the Synthetic Difference-in-Differences (SDID) counterfactual and the unweighted average
of the cities in the donor pool. The Synthetic Flint column is constructed by applying the SDID unit weights
(@) optimized for the percentage of preterm births to the pre-treatment averages of the donor pool cities.
Because SDID optimizes weights to match pre-treatment trends in the specific outcome variable rather than
matching directly on these characteristics, differences between Flint and the Synthetic Flint unit reflect the
underlying demographic divergence between Flint and the outcome-matched donor cities.
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Table 10: Synthetic DiD Unit Weights: % Preterm

City Unit Weight (&) City Unit Weight (&)
Bay City 0.125 Auburn Hills 0.025
Romulus 0.084 Taylor 0.025
Redford 0.057 Warren 0.025
Dearborn Heights 0.051 Ann Arbor 0.025
Ferndale 0.049 Detroit 0.019
Southgate 0.048 Grand Rapids 0.013
Sterling Heights 0.044 Waterford 0.012
Saint Clair Shores 0.041 Eastpointe 0.012
Birmingham 0.039 Dearborn 0.012
Garden City 0.037 Clinton 0.011
Inkster 0.037 Ypsilanti 0.008
Muskegon 0.035 Oak Park 0.006
Farmington Hills 0.032 Holland 0.004
Canton 0.031 Saginaw 0.004
Norton Shores 0.029 Southfield 0.002
Midland 0.028 Lincoln Park 0.001
Mount Pleasant 0.026 Adrian 0.001

Notes: This table reports the 34 donor pool cities assigned non-zero unit weights (@) by the synthetic
difference-in-differences estimator for the percentage of preterm births. The weights are constrained to be
non-negative and sum to one. All other cities in the 59-city donor pool received a weight of zero.
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Table 11: Balance on Baseline Characteristics (% Low Birthweight)

Pre-Treatment Means

Characteristics Flint ~ Synthetic Flint (SDID) Donor Pool Average
Demographics

Total Population 80,835 49,176 64,802
% Black 56.00 23.90 16.95
% White 32.60 60.80 64.35
% Hispanic 4.50 7.18 8.24
% Asian 0.60 2.91 5.06
% Multiracial 5.50 4.69 4.73
% American Indian/Alaska Native 0.30 0.12 0.18
% Pacific Islander 0.00 0.03 0.03
% Other Race 0.50 0.34 0.46
Socioeconomic Status

Median Household Income (2023 $) 36,194 65,738 68,684
Poverty Rate (%) 34.40 14.74 15.64
Deep Poverty Rate (%) 18.10 6.89 7.42
Gini Coefficient 0.48 0.43 0.44
% Single Female Head of Household ~ 59.30 33.34 30.17
% Public Health Insurance 70.50 41.91 40.37
Education

% Less than High School 16.70 9.36 9.43
% High School Graduate 83.30 90.64 90.57
% College Graduate 13.10 27.19 32.68
Housing

% Renter Occupied 45.00 32.46 35.41
% Rent Burdened 54.40 45.82 44.94
Observations 1 22 59

Notes: This table compares the pre-treatment means of baseline demographic and economic characteristics
for Flint against the Synthetic Difference-in-Differences (SDID) counterfactual and the unweighted average
of the cities in the donor pool. The Synthetic Flint column is constructed by applying the SDID unit weights
(W) optimized for the percentage of low birthweight infants to the pre-treatment averages of the donor pool
cities. Because SDID optimizes weights to match pre-treatment trends in the specific outcome variable rather
than matching directly on these covariates, differences between Flint and the Synthetic Flint unit reflect the
underlying demographic divergence between Flint and the outcome-matched donor cities.
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Table 12: Synthetic DiD Unit Weights: % Low Birthweight

City Unit Weight (&) City Unit Weight (&)
Southgate 0.097 Dearborn Heights 0.035
Redford 0.094 Ann Arbor 0.035
Southfield 0.091 Garden City 0.034
Allen Park 0.082 Muskegon 0.034
Bay City 0.071 Monroe 0.025
Eastpointe 0.070 Warren 0.023
Midland 0.061 Ferndale 0.021
Lincoln Park 0.057 Saint Clair Shores 0.020
Inkster 0.045 Taylor 0.015
Canton 0.038 Lansing 0.014
Roseville 0.036 Holland < 0.001

Notes: This table reports the 22 donor pool cities assigned non-zero unit weights (@) by the synthetic
difference-in-differences estimator for the percentage of low birthweight infants. The weights are constrained

to be non-negative and sum to one. All other cities in the 59-city donor pool received a weight of zero.
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