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Abstract

We use U.S. natality data from 1989 to 2017 to investigate county-level geographic
disparities in the use of C-section among first-birth singleton mothers. We docu-
ment the existence and persistence of geographic variation in C-section across low-
and high- C-section risk mothers, the degree to which this variation correlates with
Medicare spending, and the sensitivity of C-section use and infant and maternal
health outcomes to C-section risk across counties. Our key finding is that counties
with high C-section rates perform more C-sections across the entirety of the risk
distribution yet have nearly equivalent or better outcomes than counties with less-
intensive C-section rates.
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1 Introduction

C-section is the most common surgical procedure performed in the United States. A

medical provider may deliver an infant via C-section if the circumstances surrounding

birth are believed to lead to adverse outcomes for the mother or the infant. Leading con-

ditions precipitating the use of C-section include stalled labor, distressed infant, breech

birth, multiple birth pregnancy, placenta previa, prolapsed umbilical cord, and a pre-

vious pregnancy delivery via C-section.1 However, a C-section is not without potential

risks; C-section delivery is associated with higher rates of maternal morbidity and infant

mortality (e.g., Bodner et al. (2011); Xie et al. (2015)).

Since the decision to proceed with a C-section is subject to considerable discretion,

it is not a surprise that rates of C-section vary widely across geographies. In 2017, the

95th percentile of county C-section rates was 39.4% whereas the 5th percentile of county

C-section rates was 24.4%. Researchers scrutinize this variation, with many suggesting

that the dispersion is indicative of overuse. In response, the Centers for Disease Control

& Prevention’s public health goals, Healthy People 2030, includes a goal of reducing rates

of C-section for low-risk first-births to 23.6%.2 In California, the California Health Care

Foundation in cooperation with the Robert Wood Johnson Foundation funded an ini-

tiative to reduce unnecessary C-sections through the provision of transparent hospital

performance metrics and decision aids to providers.3

The overall objective of this study is to delve further into understanding geographic

disparities in C-section usage in the United States from 1989 to 2017. We measure the

disparities at the level of the county of maternal residence. We use both United States

Detailed Natality Data, which cover the universe of births, and United States Linked

1See https://www.mayoclinic.org/tests-procedures/c-section/about/pac-20393655. Placenta
previa is a condition whereby the placenta covers the cervix and a prolapsed umbilical cord occurs when
the umbilical cord precedes the infant’s head during delivery.

2For 2019, the actual rate was 25.6%. https://health.gov/healthypeople/objectives-and-data/

browse-objectives/pregnancy-and-childbirth/reduce-cesarean-births-among-low-risk-women-no-prior-births-mich-06
3See https://www.chcf.org/project/reducing-unnecessary-c-sections/.
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Birth and Infant Death Data, which match the natality data to mortality data and allow

us to distinguish whether an infant died in the first year of life. Due to the impacts of

a previous C-section delivery on subsequent deliveries, we focus on the sample of first-

time mothers giving birth to singletons. We are guided by the following questions, which

have yet to be answered in this literature over this time period:

1. What are the time trends in C-section use over a long span of time? How do these

trends differ across low- and high-C-section risk mothers? Across low- and high-

C-section rate places?

2. Are geographic disparities in C-section persistent over time?

3. Are geographic disparities in C-section similar for low- and high-C-section risk

mothers?

4. Are geographic disparities in C-section correlated with geographic disparities in

Medicare spending?

5. Is geographic variation in C-section use correlated with geographic variation in

maternal and infant morbidity and infant mortality?

6. How do the predictors of C-section correlate with the probability of C-section and

outcomes across geographies? In particular, comparing across geographies dif-

ferentiated by their aggregate use of C-section, do “similar-looking” mothers have

similar rates of C-section and comparable health outcomes?

7. Conditional on a mother’s appropriateness for a C-section, is there a gap between

non-Hispanic white mothers and non-Hispanic Black mothers in the probability

of C-section and health outcomes (i.e., maternal and infant morbidity and infant

mortality)?

Over the nearly 30-year span, the geographic variation in C-section is persistent. The

slope of the relationship between a county’s C-section rank at the beginning of our study
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period (1989-1991) and its rank at the end of our study period (2015-2017) is 0.4. Geo-

graphic variation in C-section is correlated with spending in Medicare, suggesting that

some of the drivers of place-based variation may be due to shared common resources

across obstetrics and Medicare (e.g., health care systems).4 Of these analyses, our most

notable finding is that counties performing more C-sections overall perform more C-

sections across the range of C-section appropriateness. This elevated use, at least mea-

sured cross-sectionally, is related to lower rates of maternal and infant morbidity.5 This

finding contrasts with the typical “flat of the curve” relationship found in much of this

literature (e.g., Chandra and Staiger (2007)).

On the dimension of race, non-Hispanic Black mothers fare differently based on

their underlying risk of C-section relative to non-Hispanic white mothers. At low rates

of risk, these Black mothers have higher rates of C-section but not much differentia-

tion in outcomes. At the top of the risk spectrum, the pattern flips with Black mothers

having lower rates of C-section and dramatically worse outcomes. Together, these re-

sults call for more discussion and analysis regarding overuse and potential underuse in

the case of high-risk Black mothers of C-section. While many view the evidence of C-

section overuse as uncontroversial, our findings suggest that it may be appropriate to

temper this conclusion. Moreover, setting a C-section target rate for low-risk mothers

may have indirect spillover effects on other populations at higher need of a C-section

and potentially could lead to worse outcomes.

Our paper fits into a broader and voluminious literature on geographic disparities

in health care access and health outcomes.6 However, the bulk of this work focuses on

the Medicare population. The nature of Medicare is advantageous for examining geo-

graphic differences; it covers the entire United States and provides relevant and objec-

4Researchers have found mixed evidence in examining correlations between geographic variation in
Medicare and other populations (Chernew et al., 2010; Cooper et al., 2019).

5Rates of neonatal mortality are not visually differentiable across counties with low, medium, and high
C-section rates.

6Cites include but are not limited to Wennberg and Gittelsohn (1973); Baicker et al. (2006); Chandra
and Staiger (2007); Skinner (2011); Finkelstein et al. (2016); Molitor (2018); Deryugina and Molitor (2020,
2021).
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tive health measures (e.g., mortality). Place-based differences are dramatic for infant

& maternal health too, albeit less studied.7 Recent work on maternity ward closures

(Battaglia, 2022; Fischer et al., 2022) hint at a role of place-based factors in C-section us-

age. The study of infant health shares some of the benefits of studying Medicare —full

coverage of all geographies in the United States, lack of selection based on health care

access or health insurance, and a focus on an at-risk population. While geographic dis-

parities in the domain of childbirth are important on their own, these gaps also hold

significance for later life outcomes due to the long-run effects of early life influences

(Almond and Currie, 2011) and the sizable impact of improvements in infant health on

overall mortality (Cutler et al., 2006).

2 Geographic Variation in Health Care and the Appropri-

ateness of C-Section

Our work is connected and informed by three related but distinct sets of studies. Baicker

et al. (2006), using 1995-1998 natality data, study geographic variation in C-section use

to understand whether higher C-section use is medically appropriate. Currie and MacLeod

(2017) probe further to discern C-section appropriateness via the development of a two-

dimensional model of physician decisionmaking with both surgical and diagnostic skill.

Lastly, outside of the domain of childbirth, Chandra and Staiger (2007) use a Roy model

with productivity spillovers to explain a number of patterns underlying geographic vari-

ation in heart attack treatment rates. We discuss these studies below to provide a col-

lection of frameworks and mechanisms that will help guide the interpretation of our set

of facts.

Baicker et al. (2006) examine the use of C-section among normal and low birthweight

infants in the 198 most populous counties in United States from 1995 to 1998. The data

7An exception includes Baicker et al. (2006).

4



they utilize are the same as our data but cover a shorter time period (our sample covers

29 years) and fewer counties (our sample includes 2,344 counties). They find that that

the strongest correlates with geographic patterns are health system characteristics such

as provider density, the capacity of the medical system, and medical malpractice lia-

bility as opposed to patient characteristics. They conclude that higher C-section usage

areas perform C-sections on less appropriate patients and do not see better outcomes.

Their results are consistent with a model of physician decisionmaking whereby physi-

cians rank patients by C-section appropriateness and perform C-sections until reaching

some threshold defined by outside influences (i.e., non-focal-patient characteristics),

such as the availability of health care services and malpractice policies, rather than the

decision being dictated by allocative efficiency.

The work of Currie and MacLeod (2017) leads to further insights about C-section ap-

propriateness. They use detailed birth certificate data from New Jersey between 1997

and 2006 to model physician treatment decisions as both a function of surgical and di-

agnostic skill. Diagnostic skill measures the degree to which the physician makes the

correct decision for delivery, whereas surgical skill reflects how well the physician car-

ries out that decision. A physician with higher diagnostic skill responds more to the

underlying characteristics of the patient, essentially improving the targeting of inten-

sive treatments. Currie and MacLeod (2017) conclude that an increase in diagnostic

skill leads to a decline in C-sections among low-risk mothers but a rise in C-sections

with better outcomes for high-risk mothers. On the other hand, an increase in surgical

skill raises C-section rates for all.

Moving outside of the healthcare of childbirth, Chandra and Staiger (2007) provide

an alternative explanation to the frequent “flat of the curve” observation (i.e., areas that

deliver more intensive medical care have the same or worse health outcomes) in the

healthcare literature. They adopt a Roy model whereby there are two treatment op-

tions —invasive and non-invasive —and the physician maximizes utility for each pa-
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tient, which is a function of cost and survival. Survival from a particular procedure is

a function of the fraction of individuals in the area who undergo that procedure. This

particular modeling assumption leads to productivity spillovers that are harmful to pa-

tients better suited for non-invasive care. Such spillovers could occur because of physi-

cian learning, a phenomenon backed by several studies including Coleman et al. (1957).

Both Currie and MacLeod (2017) and Chandra and Staiger (2007) share the feature that

a uniform decrease in the rate of intervention cannot be Pareto improving, as appropri-

ate cases will either receive interventions less often or, when they do receive the inter-

vention, their provider will be less skilled in performing it. These models highlight the

importance of examining treatments and outcomes across the distribution of patient

appropriateness in understanding variation across providers or across space.8

3 Data

3.1 Detailed Natality Files

Our primary data source is the Detailed Natality Files for the United States for the period

1989 to 2017.9 These data cover the universe of births in the United States. They are de-

rived from birth certificates and contain information on demographic characteristics of

the parents, infant conditions (e.g., birthweight, gestational length), and procedure use

(e.g., C-section, induction, ventilator, neonatal intensive care unit usage). We use the

restricted version of these data with county of occurrence and county of residence in-

8Chandra and Staiger (2020) expand on their earlier paper by studying who is treated intensively for
heart attack within hospitals, focusing on the distinction between allocative inefficiency and compara-
tive advantage. Allocative inefficiency in that framework incorporates the notion that geographic vari-
ation arises when some areas perform too much intensive care while other areas perform too little. On
the other hand, comparative advantage could lead to geographic variation if some areas are better at per-
forming more intensive care. Their main conclusion is that much of hospitals’ treatment overuse is due
to incorrect beliefs about the benefits of treatment. Related work in this vein includes Chan et al. (2022),
Abaluck et al. (2016), Silver (2021) and Mullainathan and Obermeyer (2022), all of which provide evidence
of inefficiencies in the allocation of medical care underlying standard patterns of variation in treatment
and testing rates across places and providers.

9We exclude more recent years because at the start of our project, the most recent infant mortality data
was for 2017.
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formation, which is the most granular geographic information available on the national

data. We tabulate our county-level statistics by county of residence, both for consistency

with the Dartmouth Atlas Medicare data, and to limit endogeneity concerns stemming

from mothers travelling to other counties for care they prefer.

We make several sample restrictions. First, since our focus is on C-section use and

there is considerable path dependency in C-section use (i.e., many hospitals require

that mothers deliver via C-section for higher-order births if they had a C-section for

an earlier birth), we narrow our sample to first-birth mothers for our main analyses.

Second, we include only singleton births in the main analysis sample as the risk factors

associated with multiples are distinct. Third, very small counties experience very few

births each year, and thus their rates of C-section are quite variable from year to year

—largely due to noise. We exclude counties that ever have fewer than 100 births in any

year.

Since our analyses use data over time, it is important to characterize the significant

changes in practice recommendations regarding C-sections occurring during this pe-

riod. One major shift occured starting in 1998, when the American College of Obste-

tricians and Gynecologists’ (ACOG) bulletin yielded caution to administering a vaginal

birth after a previous C-section. While this change is not directly related to our analysis

of singleton first births, a second change occured in 2001, when ACOG’s bulletin began

to recommend C-sections for a breech birth (Oster, 2018), following on the results of the

Term Breech Trial (Hannah et al., 2000).

3.1.1 Defining Low vs High Risk for C-Section Births

In some of our analyses, we divide the sample by high- and low-risk of having a C-

section. We define a birth as high-risk if it exhibits any of the following characteristics:

pre-term (less than 37 weeks gestation), maternal age under 18 or over 35, 19 or more

prenatal visits, pregnancy-associated hypertension, eclampsia, or breech. We define a
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birth as low-risk if it exhibits none of these high-risk characteristics, following Card et

al. (Forthcoming).

3.1.2 The Role of Other Individual-Level Observables

Our goal in studying geographic disparities is to understand the role of place in deter-

mining rates of C-section. Thus, our ideal thought experiment to identify these place-

based effects would involve random assignment of otherwise identical women to dif-

ferent counties within the United States. However, there is selective migration of in-

dividuals across counties in the United States, making the ideal thought experiment

hard to emulate. To remove the part of the variation in place effects due to this selec-

tion and more closely resemble the thought experiment involving contrasts of otherwise

identical mothers, we control for several covariates highly correlated with C-section.10

When we control for this set of covariates, we call this an “adjustment for all covariates,”

whereas an adjustment for the medical risks discussed above in Section 3.1.1 we call an

“adjustment for medical covariates.”

We assess the importance of these factors in explaining C-section rates among sin-

gleton first births in Appendix Table A.1 by providing the adjusted R2 from a regres-

sion of C-section on the covariate set and county fixed effects. Of all the covariates,

the medical covariates hold the strongest predictive power. Roughly 10% of the vari-

ation in C-section rates is predicted by those factors. The additional value of the non-

medical covariates is much smaller —approximately 2-3 percentage points in additional

explanatory power. The predictive power of the covariates has not changed much over

time. However, for the later period, body mass index measurements are available and

do raise the adjusted R-squared by 2 percentage points (a 16% percent increase).11

10Specifically, we use maternal age (5-year bins), detailed race, Hispanic origin, education, and country
of birth; birth month, day of week, parity, and sex of child; and whether father’s information is present. In
other work, each of these covariates has been tied to birth outcomes. When comparing C-section rates to
Medicare spending, we use only maternal age (5-year bins) and race (Black vs. non-Black) to ensure that
the covariate-adjustments methodologies are similar across our natality and Medicare measures.

11Note that these R2 values are lower than in Currie and MacLeod (2017). This difference is a result of
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3.2 Dartmouth Atlas Medicare Data

One of our key questions is the extent to which geographic variation in C-section us-

age is related to geographic variation in health care usage in other domains. We com-

pare our geographic patterns to Medicare spending because Medicare covers the entire

United States; the markets of the two domains (obstetrics and Medicare) are largely dis-

tinct, covering different patients and involving different sets of providers.12

Our Medicare spending data come from the Dartmouth Atlas. These data are based

on Centers for Medicare and Medicaid Services claims databases covering the years

2003-2017. Expenditures are aggregated to county of residence and adjusted for age,

sex, race, and price. We use expenditures in hospitals and skilled nursing facilities,

which is the setting closest to that for births. Expenditures are per enrollee and inflation-

adjusted to 2020 dollars.13

3.3 Population Data

We also use U.S. county population estimates from the National Institutes of Health

(NIH) Surveillance, Epidemiology, and End Results Program (SEER). Our regressions

correlating C-section rates and Medicare spending are population-weighted.

3.4 Descriptive Statistics

Table 1 presents summary statistics for two samples: our sample of natality-data coun-

ties (top of table) and our sample of Medicare-spending counties. For the natality data,

we calculate these statistics separately for two periods of time (1989-1991 and 2015-

our focus on singleton first births rather than all births. For higher order births, the explanatory power
of having had a previous c-section is so high that it pushes these fit statistics up considerably. We have
confirmed in unreported analysis that the risk model from Currie and MacLeod (2017) fits the national
data virtually to the same degree as it fits the New Jersey data used by those authors.

12Many obstetricians also provide gynecological services, but those services are a small part of overall
Medicare services.

13Data come from https://dataverse.dartmouth.edu/dataset.xhtml?persistentId=doi:

10.21989/D9/VJE2ZM.
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2017) bookending the sample period. Much of our analysis will focus on contrasts be-

tween these two periods, with the earlier period characterized by relatively low and sta-

ble c-section rates, and the latter period characterized by relatively high and stable c-

section rates, at the national level.

Our sample from the natality data covers a balanced panel of 2,344 counties once

we drop counties experiencing few births. This sample covers 78% of all counties in

the United States and 99% of births. Counties vary widely in their population size and

number of births, and thus in our analysis we weight counties by population size as

appropriate. The 75th percentile of the number of births is over 4 times the number

of births for the 25th percentile. The share of births that are singleton first births (the

primary focus of our analysis sample) is 32.7% (1989-1991) and 29.4% (2015-2017) with

roughly one-third of these births categorized as high risk and nearly all of the rest as

low risk.14 Overall, the difference in C-section rates between the 25th percentile and

the 75th percentile is nearly 8 percentage points for both periods (between a 32 to 39

percent difference). In percentage-point terms, the variation is larger amongst high-

risk singleton first births than amongst low-risk singleton first births.

Looking across the two time periods and all births (including higher order births),

one of the most stark patterns is the change in the C-section rate over time —rising

from 0.24 in the earlier period to 0.32 in the later period. Interestingly, however, the

standard deviation of the C-section rate across counties has stayed stable. Contrary to

what one would have predicted given the increase in C-sections, the fraction of births

that are high-risk singleton first births has dropped slightly in the most recent years.15

The number of Medicare enrollees across the sample is over six times the number of

births. The interquartile range of Medicare spending, as measured in standard deviation

units is similar to that for C-sections.
14A small portion of singleton first births have no observed high-risk characteristics but are missing

data, and thus are not classified as either high or low risk.
15Another pattern worth mentioning is the fall in infant morbidity. However, as the underlying mea-

sures for this composite measure change over time, it is not possible to know whether infant morbidity is
truly falling.
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4 Results

4.1 Time Trends in C-Section Usage and Geographic Variation

Figure 1 documents the trend in county-level C-section rates over time, including the

mean, median, and the interquartile range. Overall C-section rates for all births in the

late 1980s and early 1990s hovered at 22%, rose rapidly between 2000 and 2010 and then

flattened to their current level of 32%. The variation in C-section rates across counties

has not changed appreciably over time as seen earlier in Table 1.

A naive but incorrect interpretation of the patterns in Figure 1 is that the rise in C-

sections is due to a decline in vaginal births after a previous C-section (the practice rec-

ommendation came out in 1998). However, the time trend for singleton first births shad-

ows that of the overall trend. Contrasting high-risk and low-risk singleton first births in

Figure 2, the time trends share the same common shape (i.e., falling slightly during the

1990s, a significant rise during the 2000s, and a leveling during the 2010s) with a few nu-

ances. First, C-section rates among the low-risk group are roughly fifty percent smaller

that of the high-risk group. Second, C-section rates for low-risk mothers have been de-

clining during the past decade, whereas for high-risk mothers they continue to climb

albeit at a slower rate than that experienced during the 2000s. Lastly, as with all births

combined, cross-county variation for both high- and low-risk singleton first births has

remained relatively stable in magnitude.

4.2 Place Effects in C-Section Usage

Digging into the cross-sectional variation in these C-section rates, there are significant

geographic differences in C-section for high-risk singleton first births as seen in Figure

3. The change in the shading of the map is quite dramatic moving from the 1989-1991

period to the 2015-2017 period with rates of C-section among high-risk mothers rising

significantly.
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Looking at Figure 3, in the 1989-1991 period, the South exhibited the highest rates

of C-section while the lowest rates were in the Mountain Census region. At the end of

the analysis period, the variation looks quite similar —indicative of persistence in these

rates over time albeit with higher levels. Geographic patterns for high-risk singleton first

births for 1989-1991 deviate from those for low-risk singleton first births (Figure 4) in

that high rates of C-section are scattered throughout counties from North to Southeast

of the Mississippi rather than exclusively in the South.

A question arising from Figures 3 and 4 is the degree to which the geographic pat-

terns are stable over time. Our data span nearly 3 decades, facilitating a longer-term

examination of the persistence of geographic practice variation than is feasible in most

settings. C-section rates across both risk types rise over time, so a natural test of per-

sistence of the place-based variation is a test of whether a county’s rank within the

C-section county distribution is constant. We display the graphical evidence of per-

sistence in Figure 5, a binned scatter plot of covariate-adjusted C-section ranks across

time periods. Recall that we refer to “covariate-adjusted” as adjusted for the medical

risk factors along with the other controls mentioned in Section 3.1.2. We compare the

county’s C-section rank over a three-year period at the beginning of the sample period

(1989-1991) to the rank at the end of the sample period (2015-2017).16 Averaging across

three periods and weighting by the number of births in each county mitigates some of

the concern about small county-level samples dampening the across-time correlation.

Despite substantial changes in medical technologies and obstetrics practices over our

study period, for both low-risk and high-risk singleton first births, persistence is present.

The slope of the relationship is slightly stronger for low-risk singleton first births but

qualitatively the slopes are similar across the risk types.17 For comparison, the rank-

rank slope for county poverty rates from 1990 to 2020 is 0.89.18

16We first calculate the average C-section rate in a county over the three-year period and subsequently
rank each county by this measure.

17The figures look similar if we adjust for medical covariates only. See Appendix Figure C.1.
18This estimate is based on our own calculation.
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Another dimension of interest with these place effects is whether the place effects

are correlated across the two risk types. Are places that perform more C-sections for

high-risk mothers where a C-section may be more appropriate also conducting more

C-sections for low-risk mothers? Using the same time periods as in Figure 5, Figure 6

displays a binned scatterplot of the relationship between C-section ranks for high-risk

first births and that for low-risk first births. The C-section ranks are highly correlated

across the two risk types; the slope is 0.84 or the 1989-1991 period and slightly smaller

at 0.81 for the 2015-2017 period.19 High C-section counties for high-risk women are high

C-section counties for low-risk women and vice versa, a pattern we delve into further in

subsequent analyses.

If diagnostic skills were the prevailing determinant of treatment choices (Currie and

MacLeod, 2017), then places with better diagnosticians would arguably have high rates

of intervention for the high-risk populations and lower rates for the low-risk popula-

tions. While our patterns do not at all rule out diagnostic skill as an important factor, the

findings from Figure 6 suggest a less dominant role for diagnostic skill. Rather, the data

are more consistent with variation in C-section arising from a common force that leads

to higher intervention rates across the distribution of patient types, such as provider

preferences, including surgical skills. The extent to which these common forces are

even more general and apply to types of care beyond C-section is also of interest. To

explore this further, we now turn to looking at how geographic variation in health care

usage is correlated across different health care domains.

19An adjustment for medical covariates only leads to slightly weaker associations (slopes of 0.73 and
0.72 respectively). See Appendix Figure C.2.
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4.3 Place Effects Across Domain Type: C-Section Rates vs Medicare

Spending

A bulk of the place-effects evidence in health care comes from the Medicare population.

We next test whether high-spending Medicare counties are also counties with high C-

section rates. Such a correlation might exist if some of the drivers of place-based effects

for Medicare, particularly those which are not domain specific, overlap with those for

C-sections. For example, doctors of similar training may live in the same areas and their

common training may influence their medical intervention intensity (e.g., Phelps and

Mooney, 1993; Schnell and Currie, 2018). Additionally, the management of hospitals in

an area may be a contributing factor (e.g., Bloom et al., 2015).

In Table 2, we regress a county’s C-section rate on its Medicare spending on hospitals

and skilled nursing facilities (measured as inflation-adjusted $1,000 per enrollee and

age, sex, race, and price-adjusted) for the years 2003 to 2017. The first three columns of

Table 2 combine both the cross-sectional and time-series variation (i.e., include no time

effects or geographic effects) for three different samples —overall C-section rates, high-

risk singleton first births C-section rates, and low-risk singleton first births C-section

rates. The top panel where we correlate the contemporaneous measures of Medicare

spending and C-section rates shows a strong and highly statistically significant rela-

tionship between the measures. Looking across the different samples, the relationship

is strongest for low-risk singleton first births, a policy target for reducing unnecessary

C-sections: an increase in Medicare spending of $1,000 (≈ one standard deviation) is

associated with an increase in the C-section rate of 2.36 percentage points.20

Counties with elevated Medicare spending may be high health-care demand coun-

ties, leading to a positive correlation between Medicare spending and C-section rates.

Assuming that county health care demand is a time-invariant attribute, introducing

county fixed effects to the regression model will remove the part of this relationship

20With year fixed effects, the estimates are qualitatively very similar.
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attributable to health care demand. In columns 4 through 6 of Table 2, we investigate

whether within-county changes in one domain (Medicare) are correlated with within-

county changes in the other domain (obstetrics). These regressions also include con-

trols for year fixed effects. The coefficient estimates are severely attenuated (i.e., an

order of magnitude smaller) but still statistically significant and positive.

In a causal framework, it is feasible that a shock to Medicare spending may propa-

gate to C-section rates with delay. In that case, it may be more appropriate to model C-

section rates in year t as a function of Medicare spending in year t−1. In most cases, the

coefficient estimates are nearly identical with this alternative parameterization. This

suggests that the correlation between C-section rates and Medicare spending is not sim-

ply due to contemporaneous omitted variables.

Neither measure of Medicare nor C-section rates is a causal place-based measure

(i.e., the effect of place independent of the people who reside in it), so we view these cor-

relations prudently. For Medicare, however, place-based effects estimated for movers do

exist (Finkelstein et al., 2016). The mover research design is not tractable for C-section

—both from a design perspective (i.e., future C-section probabilities are a function of

the past C-section experience) and from a data perspective (i.e., nationally movers are

not identifiable). However, we can correlate the causal Medicare place-based estimates

from Finkelstein et al. (2016) with our C-section rates.21,22 This correlation is roughly

0.45 (not reported).23

21We thank Amy Finkelstein and Wesley Price for providing the Medicare estimates.
22One complication in this analysis is that the level of geography for the Medicare measures is the Hos-

pital Referral Region (HRR). We use the mappings from zipcodes to HRRs and zipcodes to counties to
create a crosswalk between counties and HRRs. In the case that an HRR does not envelope an entire
county, we weight the counties based on the fraction of the county’s population in that HRR.

23This correlation is slightly larger than the correlation of Medicare spending and C-section rates (0.42).
For comparison purposes, the correlation of Medicare place-based effects from Finkelstein et al. (2016)
and our Medicare spending measure is 0.61.
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4.4 Are Higher Rates of C-Section Correlated With Infant and Mater-

nal Morbidity and Infant Mortality?

Without data on outcomes, it is difficult to assess the welfare effects of the variation in

C-section rates. To this aim, we explore how county C-section rates vary with infant and

maternal morbidity and neonatal mortality.24

4.4.1 Neonatal Mortality

Abstracting from issues of confounding, if the counties with high C-section rates are

overusing C-sections, we would expect to see that high C-section counties experience

worse health outcomes. In Figure 7, we present in the top panel the rank of the covariate-

adjusted C-section rate for high-risk singleton first births versus the rank of covariate-

adjusted neonatal mortality for the same mothers for the period 1989-1991 (subfigure

(a)) and 2015-2017 (subfigure (b)). For both time spans, the slope of the relationship is

negative (i.e., places with higher C-section rates have lower rates of neonatal mortality)

—contrary to the overuse hypothesis. The slope is modest —for the 2015-2017 period,

moving from the 25th percentile county in terms of C-sections to the 75th percentile

county is associated with a one percentile decline in neonatal mortality ranking. The

relationship is flatter for the earlier period. In the bottom panel of Figure 7, we repeat

this exercise except with low-risk singleton first births. Similar to the top panel, there is

a downward-sloping association but the slope is substantially larger (4 to 5 times that

for high-risk births).25 If the rate of inappropriate C-sections is higher among low-risk

than high-risk singleton births, we would expect the opposite —the slope to be flatter

24We choose neonatal mortality, as opposed to infant mortality, as neonatal mortality is more closely
connected to hospital interventions (Cutler and Meara, 2000).

25If instead of the rank-rank slope we estimate the relationship between covariate-adjusted C-section
rates and covariate-adjusted neonatal mortality rates, the direction of the slope varies across the subsam-
ple (e.g., high- vs low-risk births, singleton first vs overall births). However, the coefficient estimates are
not collectively statistically different from 0 at the 5 percent level.
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for the low-risk singleton first births.26

The correlations found in Baicker et al. (2006) differ from those of Figure 7. In their

study of the 198 most populous counties for the years 1995-1998, they estimate a posi-

tive relationship between C-sections and neonatal mortality. A one standard deviation

increase in the C-section rate is correlated with a drop in neonatal mortality of 0.2 per

10,000 births. However, none of these correlations are statistically different from zero,

so the general conclusion from both our analysis and that of Baicker et al. (2006) is that

there is a weak association between cross-sectional county variation in C-section use

and county-level neonatal mortality rates.

4.4.2 Infant Morbidity

Switching to the outcome of infant morbidity (defined as the presence of any of the fol-

lowing conditions: meconium, injury, seizure, or ventilation) in Figure 8, the direction

of the relationship is consistent with that of neonatal mortality across high and low-risk

mothers and across the two time periods. Counties performing more C-sections have

lower rates of infant morbidity, and the slopes are steeper than those for infant mor-

tality. For low-risk singleton first births, the slope is stable over time but for high-risk

singleton first births, the relationship has flattened from 1989-1991 to 2015-2017. Part

of this change is likely attributable to the change in the underlying measures making

up our composite infant morbidity index. For the later period, the slope is similar for

low-risk and high-risk singleton first births but steeper for high-risk births in the earlier

period.27 With the caveat that the evidence is correlational, neither Figure 7 nor Figure

8 aligns with the view that high C-section counties perform too many C-sections.

26In a model adjusted for medical covariates only, the slopes are very similar as displayed in Appendix
Figure C.3.

27An adjustment for medical covariates only, instead of the full set of covariates, steepens the slopes of
panels (a), (b), and (d) considerably to -0.33, -0.27, and -0.28, respectively. See Appendix Figure C.4.
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4.4.3 Maternal Morbidity

As a final set of health outcomes, we examine maternal morbidity in Figure 9. Mater-

nal morbidity is defined by the presence of any of the following conditions: febrile, ex-

cessive bleeding, seizure (1989-1991 period), transfusion, perineal laceration, ruptured

uterus, unplanned hysterectomy, or admission to ICU (2015-2017 period). Again the

most apparent and consistent pattern across the four graphs in Figure 9 is the downward-

sloping relationship.28 The slopes are roughly similar to those for infant morbidity.

Combined, the three outcomes of neonatal mortality, infant morbidity, and maternal

morbidity reveal a positive return in terms of health of higher C-section rates.

4.5 Appropriateness of C-Section and Its Use Across Geographies

We next delve into this relationship between C-sections and health outcomes through

the lens of the appropriateness of care. Chandra and Staiger (2020) propose testing for

allocative inefficiency by examining whether the probability of treatment varies across

geographic space for patients of similar predicted probabilities of treatment. In essence,

we want to know how a particular mother’s probability of a C-section varies across coun-

ties when the mother moves from a high C-section county to low C-section county or

vice versa. Of course, it is impossible to observe a mother delivering in two places at

once, so the feasible comparison is to take women with similar observable characteris-

tics (aside from where they live) that influence their C-section probability and compare

how their probability of C-section varies across areas grouped by their actual C-section

rate.

To do this type of analysis, we create a model of C-section appropriateness. We first

obtain covariate-adjusted C-section rates for year t by regressing whether a birth is de-

livered via C-section on county fixed effects and a comprehensive set of individual-level

28The slopes are qualitatively similar if we control for the medical covariates rather than the full set of
covariates. See Appendix Figure C.4.
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characteristics for year t. We provide details on these characteristics in Section 3.1. From

that regression, the covariate-adjusted county C-section rate is the estimated county

fixed effect. The individual predicted probability of C-section (“appropriateness”) is, for

each individual birth, the prediction using all of the individual covariates but excluding

the county fixed effects. The intent of this measure of appropriateness is to remove the

contribution of the county and only consider individual-level circumstances. Thus, in-

dividuals with the same individual-level covariates will have the same appropriateness

even if they live in counties that differ in their underlying rate of C-sections. Addition-

ally, the simultaneous partialling-out of county fixed effects means that the risk model is

identified using only within-county variation in patient characteristics, addressing the

potential bias that could arise from high-risk mothers sorting to high-C-section coun-

ties.

Appendix Figure B.1 displays the distribution of our predicted rates of C-section

based on a prediction model using all covariates for 2015-2017. The distribution is

very bunched around 0.25. Nearly all of the distribution has a predicted probability

of C-section below 0.4. There is little mass between 0.4 and 0.8. As such, our statisti-

cal inference will be much less precise for probabilities outside of the range of 0.1 to

0.4. One of the benefits of the use of the full set of covariates for adjustment is that the

predicted probability of C-section is less single-peaked. Due to the few number of dis-

crete medical covariates, and the fact that medical risk factors are absent in most of the

observations, 68% of mothers fall into a very narrow range (0.23-0.24) of the predicted

probability distribution in the medical covariates-only model (see Appendix Figure C.6).

This model of appropriateness and its usefulness for categorizing mothers based on

their C-section probability rests on several assumptions worth discussing. First, our

prediction model assumes the individual-level covariates are additively-separable risk

factors for a C-section apart from geography.29 Second, while the natality data cover

29A fully interacted model would relax this assumption, but the large number of covariates considered
would raise concerns about the stability of estimates given small cell sizes.
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many of the inherent risks of delivering vaginally, the set may be incomplete, especially

if physicians have access to additional patient information that influences their deci-

sion making. Third, this model assumes that appropriateness can be constructed from

treatment choices made in the aggregate. To the extent that this model “learns from the

crowd,” if the crowd is wrong, the model will be as well. These concerns notwithstand-

ing, our C-section risk score is strongly related to the probability of C-section, as shown

below, suggesting it provides a useful ranking of patients for analyzing the allocation of

C-sections across counties.

4.5.1 Appropriateness and the Use of C-Section

Figure 10 plots the measure of individual-level appropriateness measured in percent-

age points against the probability of C-section for three geographic groupings (low-rate

C-section counties, medium-rate C-section counties, and high-rate C-section coun-

ties).30,31 As stated earlier, the raw C-section rate increases with the individual predicted

C-section rate, indicating that rates of C-section are responsive to our underlying mea-

sure of appropriateness. This finding is true for all three groups across both time periods

(1989-1991 in the top panel and 2015-2017 in the bottom panel).32 Moreover, the consis-

tency of the shape of the curve across the three groups indicates that these three types

of counties respond similarly to the underlying patient-level characteristics in their de-

termination of whether to perform a C-section.

Another notable feature of this figure is that the curves do not overlap or cross —mean-

ing that higher C-section areas perform more C-sections across the entire support of

predicted C-section risk probabilities. Assuming that a C-section for a high-risk mother

30The C-section rate is adjusted for all covariates and measured for singleton first births.
31In honor of David Card, to preclude his frequent questioning of where the 45 degree line is, we include

the 45 degree line.
32Considering a model adjusting for medical covariates only, the relationship between predicted proba-

bility of a C-section and the rate of C-section is similarly upward sloping and tracks the 45 degree line well.
However, not surprisingly due to the lumpiness of the data, the patterns are less smooth. See Appendix
Figure C.7.
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is more appropriate and for a low-risk mother it is less appropriate as in Currie and

MacLeod (2017), then the curve for high C-section counties in Figure 10 should be

steeper, or perhaps even cross, the curve for low C-section counties if the patterns of

usage in high C-section counties are driven by better diagnostic skill. That is, under

a model of diagnostic skill delivering geographic variation in C-section usage, the gap

in usage across counties arranged by their C-section rates should be larger for those

most appropriate for C-section than the gap across counties for those least appropri-

ate for C-section. Instead, the geographic variation is more consistent with what Currie

and MacLeod (2017) characterize as “surgical skill.” Physicians in areas with elevated

C-section rates may have a comparative advantage in the C-section surgical procedure,

leading them to perform it more frequently across the C-section risk distribution. Al-

ternatively, high C-section counties may be more sensitive to factors outside of our risk

models that are present across the distribution of observed risk, such as fetal heart rate

anomalies. In this case, our observed C-section usage patterns may be less sensitive to

underlying risk than the true response function and thus, lead us to discount the di-

agnostic role in explaining geographic differences. However, it would be surprising to

see such large and uniform differences across our observed appropriateness measure (a

pattern not consistent with diagnostic-skill explanations) alongside strong patterns of

diagnostic skill in terms of unobserved risks.

The support of C-section appropriateness is largely between 0.1 and 0.5, and this

pattern has not changed much between the two time periods. Only 4-5 percent of the

sample has very high rates of predicted C-section (completely accounted for by the pres-

ence of a breech birth), a percent that has increased slightly over the two time periods.

At these percentiles, the rate of C-section is very high —0.8 or above.
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4.5.2 Appropriateness and Health Outcomes

To see how these practice patterns translate into outcomes, Figure 11 plots unadjusted

rates of neonatal mortality as a function of the appropriateness index (the same x-axis

as in Figure 10). With the exception of the highest percentiles of appropriateness and

the lowest percentiles of appropriateness for the earlier period, rates of neonatal mor-

tality are generally increasing with respect to appropriateness.33 This finding means

that patients for whom a C-section may be more appropriate experience higher risks

of neonatal mortality. Across much of the support of appropriateness (i.e., between

0.1 and 0.4), rates of neonatal mortality are low and not visually distinct across low,

medium, and high C-section counties. At higher levels of appropriateness, neonatal

mortality rates move together across the three types of counties with none of the low,

medium, or high C-section counties consistently experiencing lower rates of neonatal

mortality. From a statistical perspective, distinctions between the three county types is

difficult with neonatal mortality because of its low incidence. Only for levels of appro-

priateness exceeding 0.5, do we see neonatal mortality rise appreciably as a function of

appropriateness. This result serves as a good motivation for examining other outcomes

such as infant morbidity and maternal morbidity which have higher incidence rates.

In Figure 12, we follow the same layout as Figure 11 but instead use maternal mor-

bidity and infant morbidity as our outcomes. The shape of these relationships is quite

distinct from Figure 11. In particular, for three of the four graphs (the exception is infant

morbidity for 2015-2017), singleton first births highly appropriate for C-section exhibit

nearly the lowest rates of maternal or infant morbidity across the appropriateness dis-

tribution. It is plausible, however not testable with our data, that there is a lot less am-

biguity about the usefulness of C-section for these births, and because these mothers

receive appropriate care, they experience better outcomes.

Despite having the highest rates of C-section, high C-section counties do not have

33We have investigated the odd spike in the 1989-1991 figure; it is due to the fraction of breeched births
discretely changing starting with this percentile.
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the highest incidence of maternal morbidity and infant morbidity. For 1989-1991, rates

of maternal morbidity and infant morbidity are the lowest amongst high C-section coun-

ties across all levels of appropriateness. In the later period, high C-section counties

exhibit equal or lower rates of maternal morbidity for most of the support of appro-

priateness. However, each group of counties has roughly equivalent rates of maternal

morbidity at the highest percentiles of predicted C-section. For infant morbidity during

the same time period, there is no longer a positive distinction of high C-section coun-

ties. The rates of infant morbidity for high C-section counties lie between that of low

C-section and medium C-section counties.

One caveat to interpreting the results in Figure 12 is that some of the conditions un-

derlying the morbidity measures may be mechanically related to the delivery type. The

only underlying measure that stands out in this respect is perineal laceration, which is

very unlikely for women who deliver by C-section, and which we only measure in the

later period for maternal morbidity. Nevertheless, because these measures are related

to welfare, we include them in our analysis.

Taking Figures 11 and 12 together, the higher rates of C-section in high C-section ar-

eas do not appear to come at the cost of worse outcomes, a pattern that holds through-

out the appropriateness distribution. These conclusions are robust to only adjusting

for medical covariates (see Appendix Figures C.8 and C.9). Of course, the outcomes we

study are limited. Specifically, a C-section delivery may affect the probability of breast-

feeding, future pregnancy issues such as those relating to the placenta, a mother’s long-

term physical health, the infant’s ability to breath, etc., which are not covered here.34

A simple view of our findings is that there is limited evidence, in terms of minimizing

morbidity risks, that there is overuse of C-sections among first-birth singleton moth-

ers.35 However, because a county’s C-section rate is likely correlated with other charac-

teristics affect maternal and infant morbidity, these conclusions are at best suggestive.

34Source: https://www.nhs.uk/conditions/caesarean-section/risks/.
35Other studies, including Currie and MacLeod (2017) and Johnson and Rehavi (2016), conclude that

there is overuse.
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4.5.3 Characterizing Low, Medium, and High C-Section Counties

The intent of our use of individual covariates is to remove the part of the variation

due to the selection of people across geographic space. However, it is possible that

low, medium and high C-section counties differ along other dimensions not yet ex-

plored, explaining why high C-section counties do not generally experience worse out-

comes. To investigate this possibility further, we contrast these counties in Table 3. On

economic dimensions, high C-section counties, relative to low and medium C-section

counties, have depressed income per capita and higher rates of unemployment and

poverty. These counties also have a higher share of minority residents and fewer college

graduates than low C-section counties. Collectively, area-level omitted variables bias

arising from the economic and demographic factors of high C-section counties is corre-

lated with worse outcomes for their mothers and their babies. Controlling for such se-

lection would likely lead to even better comparative outcomes for high C-section coun-

ties. In the bottom of Table 3, the health care resources also differ by the three county

types. However, it is less clear the direction of selection as the effects of the resources on

outcomes are more ambigious. Hospital resources, measured in terms of hospitals per

birth and newborn beds/bassinets, are more abundant in high C-section counties. In

contrast, the per-capita number of physicians and obstetricians/gynecologists is lower

in high C-section counties. Per-capita malpractice payments are also higher in the high

C-section counties. On net, the answer to why and if the high C-section counties expe-

rience better outcomes is not simply explained away by selection, at least on the basis

of the characteristics in Table 3.

4.6 Appropriateness of C-Section and Its Use Across Racial Groups

Racial disparities in C-section use are significant. In 2017, the C-section rate for Black

mothers was 35% whereas for white mothers it was 31% (Yang and Mullen, 2022). This

gap has grown over the last decade. A key question is the degree to which Black and
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white mothers with similar measured appropriateness have different propensities of

having a C-section. Akin to the earlier figures, we plot our predicted probability of C-

section against the actual C-section rate across the range of appropriateness in Figure 13

(a).36 We exclude race from the prediction model and do not consider variation across

counties by their underlying C-section rates because of concerns about sample size.

We display the distribution of individual predicted probabilities in Appendix Figure B.2,

divided by race. The distributions in panel (a) resemble the overall pattern. Looking

across the two racial groups, non-Hispanic Black mothers’ distribution has more den-

sity at smaller predicted probabilities. This pattern holds when body mass index (BMI)

is added to the prediction model in panel (b), but for both groups, the inclusion of BMI

spreads out the distribution —placing more density between 0.4 and 0.8.

Our first finding in Figure 13 is that, at the highest levels of appropriateness for C-

section, non-Hispanic Black mothers have lower rates of C-section than non-Hispanic

white mothers. The pattern flips for predicted C-section rates below 0.6 and is consis-

tent with the notion that minorities experience less tailored treatment choices, a finding

that complements those in Johnson and Rehavi (2016) and Card et al. (Forthcoming),

among others.

In the remaining panels of Figure 13, we examine how these C-section differences re-

late to outcomes. Across the spectrum of appropriateness, the rates of neonatal mortal-

ity for non-Hispanic Black mothers exceed that of non-Hispanic white mothers (panel

(b)). The gap is largest for mothers most appropriate for C-section. The patterns for

infant morbidity resemble that for neonatal mortality but the gap emerges at a higher

level of appropriateness (0.5 for infant morbidity and 0.3 for neonatal mortality). Like

the infant health outcomes, maternal morbidity among Black mothers at high levels of

appropriateness exceeds that for white mothers, but unlike the infant health outcomes,

maternal morbidity for Black mothers is lower than that for white mothers at predicted

36We display this distribution based on adjustment using only medical covariates in panel (a) of Ap-
pendix Figure C.6.
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probabilities of C-section below 0.4. The sizable elevated risk of morbidity and mor-

tality for Black mothers with a high predicted measure of appropriateness holds when

the prediction model includes only medical risks (Appendix Figure C.10) or addition-

ally includes body mass index (Appendix Figure D.1), a factor mentioned recently as a

contributing factor in the rise in C-section use (Chu et al., 2007). Taken literally without

regard to causality, these results are suggestive that the rate of C-section is too low for

Black mothers with the highest risk. High-risk Black mothers and their infants might

fare better if their C-section rate was increased. This particular form of potential un-

deruse among Black patients mirrors findings from the literature (e.g., Abaluck et al.

(2016)).

5 Discussion and Conclusion

In this paper, we use the longest available dataset on births and infant deaths covering

the entirety of the United States (1989-2017) to study geographic variation in the use of

C-section, the most common surgical procedure. We uncover several new facts:

1. The rate of the rise in C-sections has varied over time. The most significant in-

crease in overall C-sections occurred in the 2000s, and the C-section rate has since

leveled off. However, low-risk and high-risk singleton first births exhibit divergent

patterns. In the last decade, the C-section rate of low-risk singleton first births has

declined, whereas the rate among high-risk singleton first births is slowly increas-

ing.

2. The highest C-section rates for both low-risk and high-risk singleton first births

are located predominately in the eastern half of the United States.

3. C-section rates, in terms of county rankings, are persistent over time across both

low-risk and high-risk singleton first births.

26



4. A county’s C-section rate for births, particularly for low-risk singleton first births,

a group for which policymakers argue that rates of C-section are too high, is posi-

tively correlated with the county’s Medicare spending.

5. Counties with the highest C-section rates for high-risk singleton first births are

also counties with highest C-section rates for low-risk singleton first births.

6. Despite having higher rates of C-section across the range of C-section appropri-

ateness, rates of maternal and infant morbidity of high C-section counties are not

remarkably worse than those for lower C-section counties.

7. Non-Hispanic Black mothers who have low risk of a C-section have a higher prob-

ability of C-section than non-Hispanic white mothers of similar risk. This pattern

reverses for high-risk mothers. Conditional on our measure of C-section appro-

priateness, differences in outcomes between these two racial groups is most pro-

nounced for high-risk mothers, with non-Hispanic Black mothers experiencing

starkly higher rates of neonatal mortality, infant morbidity, and maternal morbid-

ity.

The observation that high C-section counties exhibit higher rates of C-section, even

for low C-section risk deliveries is compatible with surgical skills, rather than diagnos-

tic skills, driving the high C-section rates (Currie and MacLeod, 2017). Under a goal

of reducing C-sections for low-risk mothers, our results imply potentially adverse con-

sequences for high-risk mothers. These mothers might be expected to fare worse if the

target leads to spillover effects onto higher C-section risk groups. In particular, the result

of such a policy could be a fall in C-sections for mothers more appropriate for C-section

or a drop in physicians’ surgical performance through a detrioration of a physician’s

surgical skills.

Collectively these facts provide some insights on the key question in the geographic

variation literature: are these geographic differences attributable to allocative ineffi-
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ciencies (Chandra and Staiger, 2020) with some counties performing too many C-sections

and others too few? Our answer to that question is not straightforward. As best we

can measure, the outcomes of high C-section counties would worsen under a national

standardization of care with a policy target of X% of C-sections where X% is below the

current rate in high C-section counties. On the other hand, setting a target above the

current C-section rate of low C-section areas could improve outcomes. But high C-

section counties are different from counties with less intensive use of C-section. They

also exhibit higher Medicare spending —consistent with physicians sorting by practice

style. Nevertheless, on the basis of demographic and economic characteristics alone,

these counties should fare worse in terms of outcomes than low and medium C-section

counties, suggesting a muted role of selection in explaining our results.

While our paper focuses on county-level variation, it misses the important within-

area variation (Epstein and Nicholson, 2009). We abstract from the rich variation across

individual hospitals and doctors highlighted in other studies (Currie and MacLeod, 2017;

Epstein and Nicholson, 2009) —potentially leading to different conclusions. A natural

next step is to understand whether the documented observations of (1) persistence in

C-section usage over time and (2) the elevation of C-section rates across all risk propen-

sities among higher C-section areas are replicated when the unit of observation is a hos-

pital or a physician.
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Table 1: Descriptive Statistics

(a) Natality Data

1989-1991 2015-2017

mean sd p25 p75 mean sd p25 p75

# Counties 2,344 2,344

Population 105,343 307,351 18,573 77,942 135,670 378,088 21,138 102,143

Births 1,740 6,080 265 1,170 1,652 4,825 237 1,177

C-section rate 0.235 0.052 0.201 0.266 0.319 0.057 0.281 0.354

Fraction of births that are singleton 1st 0.327 0.046 0.298 0.355 0.294 0.038 0.272 0.316

C-section rate for singleton 1st births 0.243 0.063 0.202 0.280 0.283 0.065 0.242 0.319

Fraction of births that are low-risk singleton 1st 0.213 0.039 0.189 0.239 0.200 0.034 0.181 0.220

C-section rate for low-risk singleton 1st births 0.209 0.069 0.164 0.247 0.233 0.071 0.188 0.271

Fraction of births that are high-risk singleton 1st 0.105 0.029 0.084 0.123 0.087 0.023 0.073 0.099

C-section rate for high-risk singleton 1st births 0.319 0.096 0.259 0.375 0.401 0.106 0.341 0.462

Neonatal mortality 0.005 0.004 0.003 0.007 0.004 0.004 0.001 0.006

Maternal morbidity 0.016 0.013 0.008 0.021 0.014 0.011 0.007 0.018

Infant morbidity 0.079 0.045 0.052 0.097 0.048 0.031 0.027 0.062

(b) Medicare Data

2003-2017

mean sd p25 p75

# Counties 2,334

Medicare enrollees 10,875 22,351 2,524 9,767

Medicare spending ($1,000 per enrollee, age/race/sex/price-adjusted) 5.050 1.041 4.335 5.665

Notes: This table includes summary statistics for our sample of natality-data counties (top) and Medicare spending counties (bottom).
We use a balanced panel and exclude counties that ever have fewer than 100 births. A small portion of singleton first births have no
observed high-risk characteristics but are missing data, and thus are not classified as either high- or low- risk.
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Table 2: Relationship between C-Section Rates and Medicare Spending

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

Medicare spending 0.0228*** 0.0155*** 0.0236*** 0.0025** 0.0042** 0.0030**

(0.0024) (0.0022) (0.0023) (0.0008) (0.0014) (0.0010)

N 35,010 35,008 35,008 35,010 35,008 35,008

Medicare spending (t-1) 0.0234*** 0.0162*** 0.0235*** 0.0023** 0.0021 0.0029**

(0.0024) (0.0022) (0.0023) (0.0008) (0.0013) (0.0010)

N 32,676 32,674 32,674 32,676 32,674 32,674

County FE No No No Yes Yes Yes

Year FE No No No Yes Yes Yes

C-section rate All births High-risk Low-risk All births High-risk Low-risk
(including singleton singleton (including singleton singleton

higher-order) 1st births 1st births higher-order) 1st births 1st births

Notes: * p < 0.05, ** p < 0.01, *** p < 0.001 This table shows coefficients from regressions of
C-section rates on Medicare spending. Observations are at the county-year level and weighted
by population. Standard errors are clustered at the county level. C-section rates are adjusted
for age (5-year age bins) and race (Black vs. non-Black) only. Medicare spending is measured as
inflation-adjusted $1,000 per enrollee at hospitals and skilled nursing facilities, adjusted for age
(5-year age bins), race (Black vs. non-Black), sex, and price. The top row shows coefficients from
regressions of C-section rates in year t on Medicare spending in year t. The bottom row shows
coefficients from a regression on Medicare spending in year t− 1.
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Table 3: Characteristics of Low, Medium, and High C-Section Areas

1989-1991 2015-2017

Low CS Medium High CS Low CS Medium High CS

Income per capita (2020 $) 40,392 37,612 34,042 57,647 48,756 47,077

Unemployment rate 0.055 0.058 0.068 0.059 0.065 0.064

Poverty rate 0.124 0.129 0.161 0.152 0.160 0.171

Share urban 0.830 0.789 0.727 0.873 0.868 0.774

Share white 0.828 0.832 0.829 0.754 0.772 0.781

Share Black 0.124 0.134 0.131 0.142 0.139 0.163

Share w/ at least HS diploma 0.784 0.757 0.709 0.878 0.849 0.842

Share w/ 4+ years of college 0.234 0.205 0.177 0.335 0.287 0.259

Hospitals per birth 0.001 0.001 0.002 0.001 0.001 0.002

Hospital beds per birth 0.317 0.290 0.287 0.243 0.221 0.252

Newborn bassinets per birth 0.017 0.016 0.017 0.015 0.013 0.015

MDs per birth 0.159 0.129 0.103 0.289 0.206 0.188

OB/GYNs per birth 0.010 0.009 0.007 0.013 0.009 0.009

Medicaid share of inpatient days 0.108 0.115 0.121 0.164 0.177 0.174

Malpractice liability per MD (2020 $) 240 242 226 194 207 221

Obstetrics malpractice liability per OB/GYN (2020 $) 981 888 780 528 560 530

Malpractice payments per 1,000 MDs 0.816 0.824 0.797 0.444 0.519 0.601

Obstetrics malpractice payments per 1,000 OB/GYNs 2.005 1.934 1.925 0.679 0.824 0.854

Notes: This table shows the average county characteristics for counties with low, medium, and high C-section rates. Counties are sep-
arated using the C-section rate for singleton first births (adjusted for all covariates), into terciles weighted by the number of singleton
first births.
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Figure 1: Time Trends in County C-Section Rates

Notes: This figure shows the distribution of (raw) county C-section rates over time for all births
(including higher order births). All statistics are weighted across counties by the number of
births. The mean is the overall C-section rate and 50% of births occur in counties with C-section
rates in the interquartile range.
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Figure 2: Time Trends in County C-Section Rates by Risk Group

(a) High-Risk Singleton 1st Births

(b) Low-Risk Singleton 1st Births

Notes: This figure shows the distribution of (raw) county C-section rates over time for low- and
high-risk singleton first births. All statistics are weighted across counties by the number of rele-
vant births.
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Figure 3: Time Trends in County C-Section Rates Across U.S. for
High-Risk Singleton 1st Births

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows the geographic distribution of (raw) C-section rates for high-risk sin-
gleton first births. Rates are the average within a county over the three-year period, weighted by
the number of high-risk singleton first births in each year.
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Figure 4: Time Trends in County C-Section Rates Across U.S. for
Low-Risk Singleton 1st Births

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows the geographic distribution of (raw) C-section rates for low-risk single-
ton first births. Rates are the average within a county over the three-year period, weighted by the
number of low-risk singleton first births in each year.
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Figure 5: Persistence in Adjusted County C-Section Rates Over Time

(a) High-Risk Singleton 1st Births

(b) Low-Risk Singleton 1st Births

Notes: This figure shows binscatter plots of C-section ranks across time periods. C-section rates
(adjusted for all covariates) are averaged over the three-year period, weighted by the number
of relevant births in each year. Then, counties are assigned a rank. Binscatter and linear fit are
weighted by the number of relevant births in the county over all six years.

39



Figure 6: Correlation in Adjusted County C-Section Rates Across Risk Type

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks across risk types. C-section rates
(adjusted for all covariates) are averaged over the three-year period, weighted by the number
of relevant births in each year. Then, counties are assigned a rank. Binscatter and linear fit are
weighted by the number of singleton first births in the county over the three years.
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Figure 7: Correlation of Adjusted County C-Section Rates and Neonatal Mortality

High-Risk Singleton 1st Births

(a) 1989-1991 (b) 2015-2017

Low-Risk Singleton 1st Births

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks with neonatal mortality ranks. C-section and
neonatal mortality rates (adjusted for all covariates) are averaged over the three-year period, weighted by
the number of relevant births in each year. Then, counties are assigned ranks. Binscatter and linear fit are
weighted by the number of relevant births in the county over the three years.
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Figure 8: Correlation of Adjusted County C-Section Rates and Infant Morbidity

High Risk Singleton 1st Births

(a) 1989-1991 (b) 2015-2017

Low Risk Singleton 1st Births

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks for singleton first births with infant morbidity. Infant morbidity is the
presence of any of the following: meconium, injury, seizure, ventilation. C-section and morbidity rates (adjusted for all covariates)
are averaged over the three-year period, weighted by the number of singleton first births in each year. Then, counties are assigned
ranks. Binscatter and linear fit are weighted by the number of singleton first births in the county over the three years.
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Figure 9: Correlation of Adjusted County C-Section Rates and Maternal Morbidity

High Risk Singleton 1st Births

(a) 1989-1991 (b) 2015-2017

Low Risk Singleton 1st Births

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks for singleton first births with maternal morbidity. Maternal morbid-
ity is the presence of any of the following: febrile, excessive bleeding, seizure, transfusion, perineal laceration, ruptured uterus,
unplanned hysterectomy, admission to ICU. C-section and morbidity rates (adjusted for all covariates) are averaged over the three-
year period, weighted by the number of high-risk singleton first births in each year. Then, counties are assigned ranks. Binscatter
and linear fit are weighted by the number of singleton first births in the county over the three years.
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Figure 10: C-Section Rates by Predicted Probability of C-Section
and County C-Section Rate

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows (raw) C-section rates for singleton first births in each percentile of pre-
dicted probability of C-section. This is shown separately for births that take place in counties
with low, medium, and high adjusted C-section rates (terciles weighted by number of singleton
first births). Predicted probability of C-section is derived from a regression based on all covari-
ates and county fixed effects, but the prediction excludes the county fixed effects. Note each
marker in the figure represents a percentile (i.e., there are 100 markers for each curve).
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Figure 11: Neonatal Mortality by Predicted Probability of C-Section
and County C-Section Rate

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows (raw) neonatal mortality rates for singleton first births in each per-
centile of predicted probability of C-section. This is shown separately for births that take place
in counties with low, medium, and high adjusted C-section rates (terciles weighted by number
of singleton first births). Predicted probability of C-section is derived from a regression based on
all covariates and county fixed effects, but the prediction excludes the county fixed effects. Note
each marker in the figure represents a percentile (i.e., there are 100 markers for each curve).
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Figure 12: Maternal and Infant Morbidity by Predicted Probability of C-Section
and County C-Section Rate

Maternal Morbidity

(a) 1989-1991 (b) 2015-2017

Infant Morbidity

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows (raw) maternal and infant morbidity rates for singleton first births in each per-
centile of predicted probability of C-section. This is shown separately for births that take place in coun-
ties with low, medium, and high adjusted C-section rates (terciles weighted by number of singleton first
births). Predicted probability of C-section is derived from a regression based on all covariates and county
fixed effects, but the prediction excludes the county fixed effects. Maternal morbidity is the presence
of any of the following: febrile, excessive bleeding, seizure, transfusion, perineal laceration, ruptured
uterus, unplanned hysterectomy, admission to ICU. Infant morbidity is the presence of any of the follow-
ing: meconium, injury, seizure, ventilation. Note each marker in the figure represents a percentile (i.e.,
there are 100 markers for each curve).
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Figure 13: C-Section Rates, Neonatal Mortality, and Maternal and Infant Morbidity
by Predicted Probability of C-Section and Race, 2015-2017

(Based on Non-Race Covariates)

(a) C-Section Rate (b) Neonatal Mortality

(c) Infant Morbidity (d) Maternal Morbidity

Notes: This figure shows (raw) c-section, neonatal mortality, and maternal and infant morbidity rates for
singleton first births in each percentile of predicted probability of C-section. This is shown separately
for births with non-Hispanic white mothers and non-Hispanic Black mothers. Predicted probability of C-
section is derived from a regression based on non-race covariates and county fixed effects, but the predic-
tion excludes the county fixed effects. Maternal morbidity is the presence of any of the following: febrile,
excessive bleeding, seizure, transfusion, perineal laceration, ruptured uterus, unplanned hysterectomy,
admission to ICU. Infant morbidity is the presence of any of the following: meconium, injury, seizure,
ventilation. Note each marker in the figure represents a percentile (i.e., there are 100 markers for each
curve).
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A Covariates Used for Adjusting County C-Section Rates

Table A.1: Covariate Sets and Explanatory Power

Name Description Adj. R2 Adj. R2

1989-1991 2015-2017

Age & Race Maternal age (5-year bins); maternal race
(Black/non-Black)

0.0293 0.0347

Medical Covariates Pre-term (< 37 weeks gestation); maternal age under 18 or
over 35; 19 or more pre-natal visits; pregnancy-associated
hypertension; eclampsia; breech

0.1190 0.1019

Non-Race Covariates Medical Covariates (see above); maternal age (5-year
bins); maternal education; maternal country of birth;
birth month; birth day of week; child’s sex; father’s
information present

0.1362 0.1245

All Covariates Non-Race Covariates (see above); maternal race and
Hispanic origin

0.1370 0.1261

Non-Race plus BMI Covariates Non-Race Covariates (see above); Body Mass Index (cubic
polynomial)

0.1469

Notes: This table describes the sets of covariates used to adjust county c-section rates, neonatal mortality, and maternal and infant
morbidity. The adjusted R2 is from a regression of C-section on the listed covariates and county fixed effects among singleton first
births.
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B Predicted Probability of C-Section

Figure B.1: Individual Predicted Probability of C-Section 2015-2017

Notes: This figure shows the distribution of the individual predicted probability of C-section for
singleton first births using all covariates (after controlling for county fixed effects).
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Figure B.2: Individual Predicted Probability of C-Section by Race 2015-2017

(a) Based on Non-Race Covariates

(b) Based on Non-Race Covariates plus BMI

Notes: This figure shows the distribution of the individual predicted probability of C-section for
singleton first births using non-race covariates and non-race covariates plus BMI (after control-
ling for county fixed effects).
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C Using Medical Covariates Only

Figure C.1: Persistence in County C-Section Rates Over Time
(Adjusted for Medical Covariates Only)

(a) High-Risk Singleton 1st Births

(b) Low-Risk Singleton 1st Births

Notes: This figure shows binscatter plots of C-section ranks across time periods. C-section rates
(adjusted for medical covariates) are averaged over the three-year period, weighted by the num-
ber of relevant births in each year. Then, counties are assigned a rank. Binscatter and linear fit
are weighted by the number of relevant births in the county over all six years.
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Figure C.2: Correlation in County C-Section Rates Across Risk Type
(Adjusted for Medical Covariates Only)

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks across risk types. C-section rates
(adjusted for medical covariates) are averaged over the three-year period, weighted by the num-
ber of relevant births in each year. Then, counties are assigned a rank. Binscatter and linear fit
are weighted by the number of singleton first births in the county over the three years.
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Figure C.3: Correlation of County C-Section Rates and Neonatal Mortality
(Adjusted for Medical Covariates Only)

High-Risk Singleton 1st Births

(a) 1989-1991 (b) 2015-2017

Low-Risk Singleton 1st Births

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks with neonatal mortality ranks. C-section
and neonatal mortality rates (adjusted for medical covariates) are averaged over the three-year period,
weighted by the number of relevant births in each year. Then, counties are assigned ranks. Binscatter
and linear fit are weighted by the number of relevant births in the county over the three years.
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Figure C.4: Correlation of County C-Section Rates and Infant Morbidity
(Adjusted for Medical Covariates Only)

High-Risk Singleton 1st Births

(a) 1989-1991 (b) 2015-2017

Low-Risk Singleton 1st Births

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks for low-risk singleton first births with maternal or infant morbidity.
Infant morbidity is the presence of any of the following: meconium, injury, seizure, ventilation. C-section and morbidity rates
(adjusted for all covariates) are averaged over the three-year period, weighted by the number of low-risk singleton first births in
each year. Then, counties are assigned ranks. Binscatter and linear fit are weighted by the number of low-risk singleton first births
in the county over the three years.
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Figure C.5: Correlation of County C-Section Rates and Maternal Morbidity
(Adjusted for Medical Covariates Only)

High-Risk Singleton 1st Births

(a) 1989-1991 (b) 2015-2017

Low-Risk Singleton 1st Births

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows binscatter plots of C-section ranks for high-risk singleton first births with maternal or infant morbidity.
Maternal morbidity is the presence of any of the following: febrile, excessive bleeding, seizure, transfusion, perineal laceration,
ruptured uterus, unplanned hysterectomy, admission to ICU. C-section and morbidity rates (adjusted for medical covariates) are
averaged over the three-year period, weighted by the number of high-risk singleton first births in each year. Then, counties are
assigned ranks. Binscatter and linear fit are weighted by the number of high-risk singleton first births in the county over the three
years.
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Figure C.6: Individual Predicted Probability of C-Section Overall and by Race 2015-2017
(Based on Medical Covariates Only)

(a) Overall

(b) By Race

Notes: These figures show the distribution of the individual predicted probability of C-section
for singleton first births using medical covariates (after controlling for county fixed effects).
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Figure C.7: C-Section Rates by Predicted Probability of C-Section
and County C-Section Rate

(Based on Medical Covariates Only)

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows (raw) C-section rates for singleton first births in each percentile of
predicted probability of C-section. This is shown separately for births that take place in counties
with low, medium, and high adjusted C-section rates (terciles weighted by number of singleton
first births). Predicted probability of C-section is derived from a regression based on medical
covariates and county fixed effects, but the prediction excludes the county fixed effects.
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Figure C.8: Neonatal Mortality by Predicted Probability of C-Section
and County C-Section Rate

(Based on Medical Covariates Only)

(a) 1989-1991

(b) 2015-2017

Notes: This figure shows (raw) neonatal mortality rates for singleton first births in each per-
centile of predicted probability of C-section. This is shown separately for births that take place
in counties with low, medium, and high adjusted C-section rates (terciles weighted by number
of singleton first births). Predicted probability of C-section is derived from a regression based on
medical covariates and county fixed effects, but the prediction excludes the county fixed effects.
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Figure C.9: Maternal and Infant Morbidity by Predicted Probability of C-Section
and County C-Section Rate

(Based on Medical Covariates Only)

Infant Morbidity

(a) 1991-1993 (b) 2015-2017

Maternal Morbidity

(c) 1989-1991 (d) 2015-2017

Notes: This figure shows (raw) maternal and infant morbidity rates for singleton first births in each per-
centile of predicted probability of C-section. This is shown separately for births that take place in coun-
ties with low, medium, and high adjusted C-section rates (terciles weighted by number of singleton first
births). Predicted probability of C-section is derived from a regression based on medical covariates and
county fixed effects, but the prediction excludes the county fixed effects. Maternal morbidity is the pres-
ence of any of the following: febrile, excessive bleeding, seizure, transfusion, perineal laceration, ruptured
uterus, unplanned hysterectomy, admission to ICU. Infant morbidity is the presence of any of the follow-
ing: meconium, injury, seizure, ventilation.
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Figure C.10: C-Section Rates, Neonatal Mortality, and Maternal and Infant Morbidity
by Predicted Probability of C-Section and Race, 2015-2017

(Based on Medical Covariates Only)

(a) C-Section Rate (b) Neonatal Mortality

(c) Infant Morbidity (d) Maternal Morbidity

Notes: This figure shows (raw) c-section, neonatal mortality, and maternal and infant morbidity rates for
singleton first births in each percentile of predicted probability of C-section. This is shown separately for
births with non-Hispanic white mothers and non-Hispanic Black mothers. Predicted probability of C-
section is derived from a regression based on medical covariates and county fixed effects, but the predic-
tion excludes the county fixed effects. Maternal morbidity is the presence of any of the following: febrile,
excessive bleeding, seizure, transfusion, perineal laceration, ruptured uterus, unplanned hysterectomy,
admission to ICU. Infant morbidity is the presence of any of the following: meconium, injury, seizure,
ventilation.
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D Using Body Mass Index

Figure D.1: C-Section Rates, Neonatal Mortality, and Maternal and Infant Morbidity
by Predicted Probability of C-Section and Race, 2015-2017

(Based on Non-Race plus BMI Covariates)

(a) C-Section Rate (b) Neonatal Mortality

(c) Infant Morbidity (d) Maternal Morbidity

Notes: This figure shows (raw) c-section, neonatal mortality, and maternal and infant morbidity rates for
singleton first births in each percentile of predicted probability of C-section. This is shown separately
for births with non-Hispanic white mothers and non-Hispanic Black mothers. Predicted probability of
C-section is derived from a regression based on non-race plus BMI covariates and county fixed effects,
but the prediction excludes the county fixed effects. Maternal morbidity is the presence of any of the fol-
lowing: febrile, excessive bleeding, seizure, transfusion, perineal laceration, ruptured uterus, unplanned
hysterectomy, admission to ICU. Infant morbidity is the presence of any of the following: meconium, in-
jury, seizure, ventilation. Note each marker in the figure represents a percentile (i.e., there are 100 markers
for each curve).
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