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SUMMARY

The United States' rate of pregnancy-related deaths is the highest among developed

countries and is increasing, even as upwards of 80% of these deaths are preventable. Addi-

tionally, there are staggering racial/ethnic and urban/rural disparities in maternal outcomes.

These poor health outcomes and persistent disparities point to systemic issues and the need

for evidence-based systems-level solutions. The complexities of the United States' mater-

nal healthcare system are extremely dif�cult to capture and study using classical methods

in medicine and epidemiology. In this thesis, we present operations research approaches

that are capable of incorporating these complexities to inform policy that optimizes the

delivery of and access to maternal healthcare in the United States.

In the �rst technical chapter, we assess the racial and ethnic disparities in pre-pregnancy

conditions and analyze their contribution to disparities in adverse maternal outcomes us-

ing data from an observational cohort of �rst-time mothers. Using logistic regression and

causal inference methods, we �nd that non-Hispanic Black race/ethnicity is signi�cantly

associated with adverse maternal outcomes, which is consistent with existing literature.

However, we �nd that accounting for pre-pregnancy conditions, speci�cally cardiovascu-

lar conditions, explains some of the elevated risk of non-Hispanic Black patients expe-

riencing severe preeclampsia. This result suggests that the prevention and management

of pre-pregnancy conditions could be an important factor in decreasing racial and ethnic

disparities in adverse maternal outcomes.

In the remaining technical chapters, we focus on informing systems-level solutions to

maintain and improve access to obstetric care. In the second technical chapter, we evaluate

existing measures of access to obstetric care in the United States, including the county-

based “maternity care deserts” measure. Using optimization models, we determine the

implied facility location policy implications of these measures. In a state like Georgia, with

many small counties, eliminating “maternity care deserts” would require a prohibitively

xvii



large number of new obstetric hospitals, suggesting that additional tools are needed to

estimate the optimal number and distribution of hospitals to meet obstetric care needs.

In the third technical chapter, we use mathematical modeling to better understand the

implications of the widespread trend of obstetric hospital closures on travel distance to

care and delivery volume of care. Most rural residents travel far distances for obstetric care

and are more likely to deliver in hospitals with low delivery volume, which are associated

with poor maternal outcomes. We propose a multi-criteria bilevel optimization model to

characterize the trade-off between travel distance and delivery volume. We �nd that a

single obstetric hospital closure would increase affected patients' travel distance by an

average of 4.6 miles but would decrease the proportion of deliveries that occur in low-

volume rural hospitals from 8.1% to 6.9%, which may lead to maternal outcome gains due

to consolidated delivery volume. This work emphasizes that travel distance and volume of

care cannot be considered in isolation to maintain access to high-quality care.

In the fourth technical chapter, we extend our previous work to incorporate bypassing

behavior, where pregnant women do not seek labor & delivery care at their closest obstetric

hospital. We assume that pregnant women seek care according to a random utility maxi-

mization model, which we integrate into a facility location model to determine worst-case

obstetric closures. This modeling framework, the Maximal Choice-Based Expectation Fa-

cility Location Problem, extends existing literature beyond the maximum capture objective

to a generalized choice-based expectation. We explore the properties of this model and

design decomposition methods to solve large-scale instances. We then use this framework

to determine the obstetric closures that would maximize choice-based travel distance, to

identify which obstetric hospitals are vital to maintaining access in a maternal healthcare

system.

The overall objective of my thesis work is to better understand and improve the delivery

of maternal healthcare at an individual and systems level to reduce adverse maternal health

outcomes and disparities.
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CHAPTER 1

INTRODUCTION TO MATERNAL HEALTH IN THE UNITED STATES

The United States' maternal mortality rate, 32.6 deaths per 100,000 live births in 2022, has

increased by 27.7% from 2018 and is the highest rate among high-income countries [1].

Furthermore, an estimated 80% of pregnancy-related deaths are considered preventable [2],

and more than a quarter of these preventable deaths are due to systems of care and facility

factors [3]. Among pregnancy-related deaths, there are signi�cant disparities, with nearly a

5-fold difference in maternal mortality rates by racial and ethnic groups [1]. Non-Hispanic

Black women were 3.5 times more likely to die due to pregnancy compared with their non-

Hispanic white peers in 2023, an increase from 2.6 times in 2022 [4]. Additionally, rural

women are twice as likely to die due to pregnancy compared with their urban peers [5].

These staggeringly poor health outcomes and persistent disparities point to systemic issues

within the U.S. maternal health system and the need for systems-level solutions.

There are many reasons why maternal health outcomes in the United States are worse

than in other high-income countries, despite far outspending any other country in health-

care. In general, American women are in poorer health when they get pregnant and do not

receive proper care before, during, and after pregnancy [6]. For example, the United States

has among the highest prevalence of cardiovascular disease among high-income countries

[7] and among the highest prevalence of type 2 diabetes among all countries [8]. The United

States has among the highest levels of adult obesity and the highest level of childhood obe-

sity [9]. These trends coincide with cardiovascular conditions being the leading cause of

maternal deaths [1]. In terms of receiving maternal care, American women are more likely

to begin prenatal care late compared to European women [10]. The trends in access to care

are worsening as the United States is expecting a shortage of 5,000 OB-GYNs by 2030

[11], and 11.3% (n=537) hospitals closed their obstetric units between 2010 and 2022 [12].
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There is a need to both improve the overall health of reproductive-aged women and improve

access to obstetric care to reduce adverse maternal outcomes.

Recently, there has been increased attention towards improving maternal health out-

comes. In 2020, the U.S. Department of Health and Human Services created the Healthy

People 2030 public health objectives, many of which were related to pregnancy [13]. For

example, these objectives include reducing adverse pregnancy outcomes and increasing the

proportion of pregnant women who receive early and adequate prenatal care. In 2020, the

U.S. Surgeon General released a Call to Action to Improve Maternal Health calling on

researchers to “understand, prevent, and reduce adverse maternal outcomes among racial

and ethnic minority women, those who are socioeconomically disadvantaged, and those in

rural, remote and/or under-served areas” and to “provide insights into healthcare delivery

approaches for improving access to high-quality maternal health care” [14]. Thus, it is

vital to develop systematic preventative efforts to achieve these goals and have long-term

improvements in maternal health outcomes in the United States.

In this thesis: While the clinical management of individuals with high-risk conditions

has improved, there is growing recognition that more needs to be done to improve the

systems of maternal healthcare delivery at a population-level [15]. Throughout conducting

this work, we have heard community partners describe that there are many well-intentioned

maternal health initiatives, but that it often feels like “throwing spaghetti at the wall to see

what sticks.” This is in part due to the complexity of the maternal healthcare system, which

can make it challenging to strategically coordinate efforts to combat the concerning ma-

ternal health trends. There are many stakeholders in this system, from individual patients

seeking care and individual clinicians providing care, to health systems and hospital ad-

ministrators operating health services, to public and private insurers paying for care, to

governments and public health organizations standardizing care (Figure 1.1). Each of these

stakeholders is generally invested in the health of mothers, but also has their own unique

objectives within the system. For example, while a hospital may be essential for providing
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accessible obstetric care for a region, the hospital's administrators must consider whether

this service line is �nancially viable.

These complexities in maternal healthcare systems are extremely dif�cult to capture and

study using the classical methods in medicine and epidemiology, such as randomized con-

trolled trials or observational studies, alone. Recognizing this, experts in maternal-child

health have called for “systems thinking” as a way to help maternal healthcare delivery

[16]. The �eld of operations research offers many valuable analytical tools that can be

used to better understand and optimize these systems. Indeed, some operations research

methodologies have been used to study clinical decisions around labor using simulation

and stochastic modeling [17, 18, 19] and to study prenatal care scheduling tailored to pa-

tients' needs [20]. Others have used facility location modeling to study the organization

of regionalized systems of maternal and neonatal health delivery in countries other than

the United States [21, 22, 23, 24, 25]. These models largely assume a central planner can

make maternal facility location and allocation decisions, which is not realistic in the United

States. Our access work extends that of Thorsen et al., who have used statistical and opti-

mization modeling to examine disparities in accessing obstetric care in the United States,

with a focus on American Indians [26, 27, 28]. We focus on developing nuanced mod-

els that consider the racial/ethnic and urban/rural disparities unique to the U.S. maternal

health context and consider the current trends of obstetric hospital closures. Our work goes

beyond examining the current state of access toward forecasting access to inform policy-

makers on the implications of potential obstetric infrastructure policy.

In this thesis, we present operations research approaches that are capable of incorpo-

rating these complexities and wide-ranging objectives to inform policy that optimizes the

delivery and access to maternal healthcare in the United States.

The majority of the work presented in this thesis is focused on the state of Georgia.

Georgia had the �fth-highest maternal mortality rate among all states in 2022, with 52.0

deaths per 100,000 live births [1]. 87% of maternal deaths in Georgia were deemed pre-
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Figure 1.1: A simpli�ed representation of the different stakeholders and their interactions
in the maternal healthcare system.
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ventable [29], and there are similar racial/ethnic and rural/urban disparities to the national

rates [30]. In terms of access to care, 34% (38/112) of Georgia's obstetric units closed be-

tween 1994 and 2020 [31], and Georgia led the country in rural obstetric closures between

2010 and 2014 [32], prompting the development of new resources to maintain and improve

access to care in Georgia. Therefore, Georgia makes a great case study to examine our

proposed methodologies.

Summary of major contributions.In this thesis, we present operations research solu-

tions to systems-wide maternal health challenges. We summarize the main contributions

from each chapter below.

Chapter 2 analyzes the racial/ethnic disparities and contribution of pre-existing condi-

tions to adverse maternal outcomes. The main contributions of Chapter 2 are:

• Describing associations between pre-pregnancy conditions and adverse maternal

outcomes.The incidence of adverse maternal outcomes and chronic health conditions

is increasing in the United States, both of which have racial/ethnic disparities. This

work describes the speci�c associations between race and ethnicity, pre-pregnancy

condition types, and their combined effects, and adverse maternal outcomes in a co-

hort of nulliparous (�rst-time) pregnant women. Understanding these associations

may help physicians tailor their interventions before, during, and after pregnancy to

reduce adverse outcomes and their disparities.

• Explaining racial disparities in adverse maternal outcomes.Non-Hispanic Black

race/ethnicity is signi�cantly associated with adverse maternal outcomes. Our re-

sults �nd that accounting for pre-pregnancy conditions, particularly cardiovascular

conditions, explains some of the elevated risk of non-Hispanic Black patients expe-

riencing severe preeclampsia. This result suggests that the prevention and manage-

ment of pre-pregnancy conditions could be an important factor in decreasing racial

and ethnic disparities in adverse maternal outcomes.
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• Predicting adverse maternal outcomes.Our regression models used to describe these

associations also have value in predicting adverse maternal outcomes. Our �nd-

ings suggest that we can predict adverse outcomes relatively accurately using pre-

pregnancy condition history and other data collected at an initial prenatal care visit,

which may help target interventions early in pregnancy to reduce risk.

Chapter 3 shifts the focus to access to obstetric care, speci�cally labor & delivery care.

While there are many factors that contribute to maternal morbidity and mortality, more

than a quarter of preventable pregnancy-related deaths are due to systems of care or facil-

ity factors, indicating the need to improve obstetric care at these levels [3]. Additionally,

delivery-related mortality has decreased for all groups, likely due to the impact of national

strategies focused on improving quality of labor & delivery care; however, further im-

provements in outcomes can be achieved if patients with known risk factors could access

improved prenatal and labor & delivery care [33]. This chapter characterizes the limi-

tations of existing access measures and proposes new metrics that are better designed to

inform action to support rural regions. The main contributions of Chapter 3 are:

• Comparing two current measures of obstetric access.There are two obstetric access

measures frequently used in the literature: maternity care deserts (a county-based

measure) and within 50 miles of a critical care obstetric hospital. We compare the

differences between those who have access according to these two measures in the

state of Georgia and �nd that there is little agreement.

• Demonstrating current measures limitations in informing access improvement policy.

We formulated facility location optimization models to maximize access according

to each of the two current measures to determine the minimum number of new ob-

stetric hospitals required to ensure access to obstetric care in Georgia. Eliminating

maternity care deserts would require at least 56 new obstetric hospitals in the state

of Georgia, a 67% increase. Ensuring all women in Georgia live within 50 miles of
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critical care obstetric hospitals would require expanding just 8 lower-level obstetric

hospitals to provide critical care services. Using these measures alone to inform ob-

stetric hospital expansion to improve access would likely lead to unintended negative

consequences, such as diluting delivery volume across too many hospitals, causing

�nancial instability and safety concerns.

• Developing policy-informative measurements of access to obstetric care.At the end

of this chapter, we provide a more nuanced description of access to care in the state

of Georgia along two criteria: travel distance to care and volume of care. In the

remaining chapters, we use these measurements of access to inform how to maintain

and improve access in a region.

Chapter 4 extends the groundwork laid in Chapter 3 by analyzing the inherent trade-offs

between two important dimensions of accessible obstetric care: travel distance and delivery

volume, and analyzing how these metrics may change under the current trend of obstetric

closures. The main contributions of Chapter 4 are:

• Describing the trade-off between travel distance and volume of care.Both traveling

further for obstetric care and delivering in a low-volume hospital are associated with

increased rates of adverse pregnancy outcomes. When an obstetric hospital closes,

this likely increases some pregnant women's travel distances to access care but con-

solidates delivery volume in fewer hospitals. Accordingly, obstetric closures have

unclear impacts on outcomes. It is important to understand the consequences of spe-

ci�c obstetric closures in terms of distance and volume. To our knowledge, studies

of obstetric care focus on either travel distance or volume of care alone. There has

been little to no attention paid to the interaction of these two factors. In this chapter,

we describe this trade-off in depth within the current trend of rural obstetric closures

across the state of Georgia.

• Developing a bi-level optimization framework to characterize the distance-volume
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trade-off.The methodological contribution of this chapter is a bi-level framework to

characterize the trade-off between travel distance and volume of care. In this bi-level

framework, the upper-level describes the problem of a central planner, whose objec-

tive is to close obstetric hospitals to maximize a weighted multi-criteria objective of

minimizing travel distance and minimizing the number of low-volume hospitals in a

region. The lower-level problem is the patient's problem, and we assume that each

patient's objective is to deliver in a facility that minimizes their travel distance. We

reformulate this model as a single-level problem and solve it under different objec-

tive weights to characterize the trade-off between travel distance and volume of care

and to understand the potential bene�ts of obstetric closures.

• Identifying policy implications of the distance-volume trade-off for the state of Geor-

gia. We solve this bi-level optimization model for the state of Georgia to determine

the optimal closures under different preferences of minimizing travel distance ver-

sus minimizing the number of low-volume hospitals. If the central planner's goal

is only to minimize travel distance, zero obstetric closures are optimal because this

would not increase anyone's travel distance. However, as the central planner in-

creasingly prefers to also minimize low-volume deliveries, closure solutions become

optimal. Under our assumptions, we �nd that the state of Georgia currently has six

low-volume obstetric hospitals. Our results show that the closure of a single low-

volume obstetric hospital in Northeast Georgia would provide more rural patients

with suf�cient-volume care, with the smallest increase in travel distance of any ob-

stetric closure. Under this closure, the 243 affected pregnant women (who previously

would have delivered at this hospital) would travel an average of 4.61 more miles to

their next closest hospital, which has suf�cient volume. Additionally, the closure of

four existing low-volume hospitals would ensure that all rural women receive suf-

�cient volume care, with an average travel distance increase of 11.12 miles among

affected women.
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Chapter 5 extends our previous work on access to care to incorporate bypassing behav-

ior, which describes that some pregnant women do not seek care at their closest hospital.

In this chapter, we assume that pregnant women seek care according to a random utility

maximization model, which more accurately captures reality, and we integrate this patient

choice model into an optimization model to identify obstetric closures that would have the

worst impacts on population-level travel distance to access care. The main contributions of

Chapter 5 are:

• Presenting the Maximum Choice-Based Expectation Facility Location Problem (MCE-

FLP).Most of the existing literature on healthcare access modeling, and more broadly,

classical facility location problems, assumes that patients/consumers are always served

by their closest facilities. However, studies have shown that between 11% and 51%

of patients bypass their closest obstetric facility and deliver at further facilities [34,

27]. The goal of this chapter is to incorporate behavior into optimization models of

obstetric access to better understand which closures would have the worst impacts on

where peopleseekcare, not just how far they would be from care. In this chapter, we

model patient choice as a random utility maximization model in which patients seek

care at facilities based on their random utilities associated with those facilities. We

build on the “maximum-capture” problem, in which a decision maker seeks to locate

facilities in a competitive market to maximize their market share. We extend this

framework and introduce the MCE-FLP, where a decision maker seeks to locate fa-

cilities to maximize some choice-based expectation. We use this model to determine

which obstetric hospital's closure would be the worst-case in terms of maximizing

patients' travel distance to care, to learn which hospitals are critical to maintain in

the maternal healthcare system.

• Solving the MCE-FLP.We examine the MCE-FLP framework and show that, under

the multinomial logit (MNL) (a discrete choice random utility maximization model),

this problem's objective function is not concave or convex in general unlike the objec-
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tive function in the “maximum capture” problem. Thus, the state-of-the-art solution

methods for the “maximum capture” problem cannot be used. We present two linear

reformulations of the MCE-FLP and design a decomposition branch-and-cut (B&C)

approach for each. In this B&C approach, we consider a relaxed main problem and

solve subproblems corresponding to each community to generate optimality cuts. We

analyze the structure of our subproblems in each formulation to derive closed-form

solutions describing the optimal dual variables. Thus, we can quickly generate opti-

mality cuts analytically as opposed to solving linear programming problems for each

subproblem to obtain these variables.

• Identifying policy implications for the state of Georgia.We use the MCE-FLP under

the MNL model, solved using our B&C analytical solution algorithm to determine

which obstetric hospital closures would have the worst impact on travel distance to

care. We �t the MNL model based on Georgia birth certi�cate data, and �nd that

this better approximates patient choice than a model that assumes patients will seek

care at their closest facility. We �nd that the worst-case obstetric closures would

increase patients' expected travel distance by as much as 35 miles, and that these

closures would affect above-average proportions of rural, below poverty level, Black

or African American, and American Indian or Alaskan Native populations. We also

�nd that these worst-case obstetric closures are isolated from other hospitals, have

relatively high delivery volume for their isolation, and are not frequently bypassed

by nearby patients. This indicates that these obstetric hospitals serve critical roles in

Georgia's maternal healthcare system, and that they may be candidates for support to

ensure that their closure would be prevented.

The novel contributions of this thesis are encapsulated in Chapters 2-5, which present

the �ndings described above. This thesis concludes with Chapter 6, which provides a

summary of the most important �ndings and an outline of opportunities for future research

that could build upon this work.
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CHAPTER 2

RACIAL AND ETHNIC DIFFERENCES IN MATERNAL PRE-PREGNANCY

CONDITIONS AND ADVERSE MATERNAL OUTCOMES

2.1 Introduction

Individuals with adverse maternal outcomes have similar preventable factors including

provider failure to identify high-risk status and inappropriate management [35]. Two po-

tential targets for addressing pregnancy-related mortality and morbidity are improvements

in identifying high-risk patients and managing complicated pregnancies, which may dis-

proportionally affect racial and ethnic minority individuals.

Factors contributing to the increasing rates of maternal mortality and morbidity in the

United States are multifaceted, but one contributing factor is chronic health conditions

among women of reproductive age. Cardiovascular disease is the leading cause of mater-

nal mortality in high-income countries [36]. Speci�c cardiovascular diseases including hy-

pertension, heart failure, arrhythmia, and congenital defects are associated with increased

risk of adverse maternal outcomes [37]. Rising rates of congenital heart disease, diabetes

mellitus, pre-pregnancy obesity, and hypertension are primary contributors driving obstet-

ric intensive care unit admissions [38]. The risk factors for preeclampsia, a hypertensive

disorder and severe adverse maternal outcome, include pre-pregnancy cardiovascular dis-

eases, hematologic diseases (e.g. sickle cell disease), endocrine diseases (e.g. diabetes),

kidney disease, autoimmune diseases, and obesity [39, 40].

Pregnant individuals with multiple co-occurring conditions, or multimorbidity, have

even higher rates of severe maternal morbidity and postpartum readmission [41]. While

multimorbidity affects a substantial and likely growing proportion of the global adult pop-

ulation [42], obstetric research and practice remain largely focused on the impact of single
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conditions on maternal outcomes [43], with the exception of a few studies using admin-

istrative data [44, 45], and those creating comorbidity-based risk screening tools [46, 47,

48]. When multimorbidity is accounted for, it is typically represented as a binary indi-

cation of each condition or a count of the number of conditions. However, studies of

multimorbidity have noted the existence of particular patterns of chronic conditions asso-

ciated with adverse outcomes. A study by Johnson et al. [49] found that pregnant indi-

viduals with co-occurring anemia and pregnancy-induced hypertension encountered higher

rates of preeclampsia and maternal complications compared to individuals with pregnancy-

induced hypertension alone [49]. A better understanding of the effects of co-occurring pre-

pregnancy conditions (e.g. hematological and cardiovascular) may be important to improve

clinical management and mitigate racial disparities.

Racial and ethnic minority pregnant and postpartum women experience signi�cantly

higher rates of maternal morbidity and mortality and have a higher prevalence of chronic

conditions and multimorbidity compared with non-Hispanic white individuals [50, 51, 52].

Racial and ethnic minority women, particularly Black women, are more likely to develop

chronic conditions at earlier ages, more likely to have complications and mortality from

chronic conditions, and less likely to have their conditions adequately managed [53]. In-

creased rates of chronic conditions are linked to the excess burden of structural stressors

across the life course experienced by minoritized racial and ethnic groups, including ad-

verse childhood events, poverty, and racism [54, 55, 56]. Another study by Alshakhs et al.

[57] found that African Americans had the highest prevalence of multimorbidity even after

factoring in age and weight class, and African Americans presented with the most distinct

disease composition patterns of multimorbidity at earlier ages. For example, middle-aged

African American patients without obesity most prevalently presented with a distinct mul-

timorbidity pattern consisting of an endocrine and mental disease [57]. These studies may

suggest that differences in the prevalence and management of chronic conditions and mul-

timorbidity patterns across racial/ethnic groups may contribute to the existing racial/ethnic
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disparities in maternal outcomes.

In this study, we investigate the impact of pre-pregnancy conditions and their combined

effects (multimorbidity patterns) on adverse maternal outcomes, and whether these effects

mediate the relationship between racial disparities and adverse maternal outcomes in a co-

hort of nulliparous individuals in the United States. A better understanding of which condi-

tions and combinations thereof drive increased maternal risk could inform the development

of new clinical care standards for pregnant people with multimorbidity and potentially im-

prove the ability to risk-stratify pregnant people early in pregnancy.

2.2 Materials and Methods

2.2.1 StudyPopulation

We conducted a secondary analysis of data from the Nulliparous Pregnancy Outcomes

Study: Monitoring Mothers-to-Be (nuMoM2b) prospective cohort [58, 59]. The study

recruited pregnant women who would be delivering for the �rst time from hospitals af�l-

iated with eight clinical centers and collected data on each participant over the course of

four study visits during their pregnancy via in-clinic interviews, self-administered question-

naires, clinical measurements, and chart abstractions. The cohort included 9,289 women

who enrolled and had their �rst study visit in the �rst 6 to 14 weeks of their pregnancy and

who consented to the release of their data. All local institutional review boards approved the

study protocol, and participants provided written informed consent prior to enrollment. The

Georgia Institute of Technology Internal Review Board and the Eunice Kennedy Shriver

National Institute of Child Health and Human Development both approved this secondary

analysis.

We accessed the nuMoM2b data on December 8, 2021. We did not have access to

information that could identify individual participants during or after data collection.
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Table 2.1: Descriptive Statistics of the nuMoM2b Study Population by race/ethnicity status (before imputing missing data)

Race/Ethnicity (N%)

Asian Hispanic Multiracial Non-Hispanic Black Non-Hispanic White Other

Total 342 (3.9%) 1487 (17.0%) 348 (4.0%) 1145 (13.1%) 5322 (61.0%) 85 (1.0%)

Education
Degree work beyond college 158 (46.2%) 148 (10.0%) 56 (16.1%) 73 (6.4%) 1546 (29.1%) 23 (27.1%)
Completed college 110 (32.2%) 249 (16.8%) 68 (19.5%) 117 (10.2%) 1835 (34.5%) 26 (30.6%)
Some college 31 (9.1%) 443 (29.8%) 87 (25.0%) 336 (29.3%) 795 (14.9%) 12 (14.1%)
Assoc/Tech degree 29 (8.5%) 165 (11.1%) 29 (8.3%) 114 (10.0%) 543 (10.2%) 7 (8.2%)
HS grad or GED 9 (2.6%) 271 (18.2%) 47 (13.5%) 291 (25.4%) 391 (7.4%) 10 (11.8%)
Less than HS grad 4 (1.2%) 206 (13.9%) 61 (17.5%) 214 (18.7%) 212 (4.0%) 6 (7.1%)
Missing 1 (0.3%) 5 (0.3%) 0 (0%) 0 (0%) 0 (0%) 1 (1.2%)

Gravidity
1 262 (76.6%) 1014 (68.2%) 250 (71.8%) 798 (69.7%) 4116 (77.3%) 63 (74.1%)
2 61 (17.8%) 334 (22.5%) 77 (22.1%) 226 (19.7%) 937 (17.6%) 16 (18.8%)
3+ 19 (5.6%) 139 (9.4%) 21 (6.0%) 121 (10.6%) 269 (5.1%) 6 (7.1%)

Insurance
Government 34 (9.9%) 825 (55.5%) 147 (42.2%) 692 (60.4%) 764 (14.4%) 25 (29.4%)
Commercial 289 (84.5%) 593 (39.9%) 178 (51.2%) 383 (33.5%) 4406 (82.8%) 54 (63.5%)
Self-pay 86 (25.2%) 144 (9.7%) 47 (13.5%) 71 (6.2%) 1130 (21.2%) 15 (17.7%)
Other 8 (2.3%) 31 (2.1%) 11 (3.2%) 34 (3.0%) 87 (1.6%) 2 (2.4%)

14



2.2.2 DataPreparation

The nuMoM2b study recruited individuals from hospitals af�liated with eight clinical cen-

ters and collected data on each participant over the course of four study visits. Visit 1

occurred between 6 and 14 weeks, Visit 2 occurred between 16 and 22 weeks, Visit 3

occurred between 22 and 30 weeks, and Visit 4 occurred at the time of delivery.

In the nuMoM2b study, women's racial and ethnic status was self-reported during Visit

1, and women were given the option to select more than one racial category. In our analysis,

we used a single feature to represent race and ethnicity. We grouped maternal race and

ethnicity as non-Hispanic white, non-Hispanic Black, Hispanic, Asian, multiracial, and

other, where the “Other” category includes American Indian, Native Hawaiian, any other

race/ethnicity status (Table 2.1).

No features were missing at more than 20%, so none were removed. We imputed

the missing entries using multivariate imputation by chained equations (MICE) [60], an

algorithm that preserves the distribution of each variable. Speci�cally, we used predictive

mean matching (PMM) [60] because this method imputes only values that are observed and

therefore preserves categorical variables.

Exclusion Protocol

For this secondary data analysis, we chose to exclude women with pregnancy outcomes

including fetal death before 20 weeks gestation, elective termination, indicated termina-

tion, unknown outcomes, and if the participant refused to release their pregnancy outcome.

We also excluded women who delivered at gestational age< 22 weeks or> 43 weeks.

We excluded women who had an incomplete labor, delivery, and postpartum form (form

“CMA” in the nuMoM2b database) and those with an incomplete across visit medical con-

ditions and medications form (form “VXX” in the nuMoM2b database) [59]. Finally, we

excluded women without self-reported race/ethnicity status and those without mode of de-

livery recorded (Figure 2.1).
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Figure 2.1: Exclusion protocol
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Main Outcome Measures

The primary outcomes of this study were severe preeclampsia, blood transfusion, and post-

partum readmission (up to 14 days). The outcome of severe preeclampsia is indicated by

one of the following diagnoses: preeclampsia with severe features, HELLP syndrome, su-

perimposed preeclampsia, or eclampsia. The nuMoM2b de�nitions for these new onset

hypertensive disorders are based on clinical criteria can be found in Appendix 2 of Facco

et al. [61]. We selected these indicators due to their strong association with severe mater-

nal morbidity as de�ned by the Centers for Disease Control and Prevention, the quality of

measurement in the nuMoM2b dataset, and their impact on acute and long-term maternal

health. Severe preeclampsia is a hypertensive disorder of pregnancy often presenting as

new-onset hypertension and proteinuria [39]. Severe preeclampsia is a major cause of ma-

ternal morbidity [62], and can rapidly progress to serious complications, including death of

both mother and fetus [39]. Blood transfusion is included as an indicator of severe maternal

morbidity (SMM) by the Centers for Disease Control and Prevention (CDC) [63]. Postpar-

tum readmission represents a costly, rare, and heterogeneous postpartum adverse event.

There is large variation in the indications for postpartum readmission in the United States.

The three most frequent indications are hypertensive disorders, postdelivery infections, and

psychiatric disease [64]. Table 2.2 and Table 2.4 provides details about the de�nitions and

collection of the primary outcomes in the nuMoM2b study. We �t regression models to

each of these outcomes individually rather than create a composite outcome to preserve

clinical interpretability.

The outcome of severe preeclampsia in our study is indicated by one of the following

diagnoses from the nuMoM2b dataset: severe preeclampsia, superimposed preeclampsia,

or eclampsia. These diagnoses were identi�ed through a detailed chart review performed

by a site investigator or staff member certi�ed for abstraction of complicated charts. If

necessary, dif�cult cases were adjudicated by the principal investigators and �nal classi�-

cation was reached by consensus. The outcome of “blood transfusion” is indicated by any
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amount of any blood product administered anytime during pregnancy or postpartum (up

to 14 days) as recorded in a participant's medical records. The occurrence of postpartum

readmission is indicated by any readmission to the hospital within 14 days of delivery. A

detailed description of the nuMoM2b study de�nitions of hypertensive orders is included

as a supplement to the paper by [61].

Table 2.2: Adverse maternal outcomes and their corresponding indicators in the nuMoM2b
dataset

Adverse Maternal Outcome nuMoM2b Description
Variable

Severe Preeclampsia PEgHTN Preeclampsia/ Gestational hypertension (HTN)
(worst) using nuMoM2b criteria (CMDA08a)

Superimposed Eclampsia PEgHTN Preeclampsia/ Gestational hypertension (HTN)
(worst) using nuMoM2b criteria (CMDA08a)

Blood Product Transfusion CMAE11 Any blood product transfusion anytime during
pregnancy through 14 days postpartum

Postpartum Readmission CMAJ01 Participant readmitted to the hospital within 14
days of delivery

We �t regression models to each of these outcomes individually rather than create a

composite outcome to preserve clinical interpretability.

Pre-Pregnancy Conditions

Pre-pregnancy conditions were collected by the nuMoM2b study team at each of the �rst

three visits through an in-person interview with the participant, who indicated the presence

of each condition anytime throughout their life. The nuMoM2b study team reconciled this

data with chart abstraction to �nalize the indication of pre-pregnancy conditions.

The nuMoM2b study team collected 41 pre-pregnancy conditions, and we categorized

them into 12 condition types according to the framework of Tang et al. [65] (Table 2.3).

We grouped the pre-pregnancy conditions based on similarities in treatments, clinical man-

ifestation, or organization in the health care system. For example, we grouped cervical

dysplasia, �broids, and PCOS under the condition type “Gynecological” because they are
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conditions that affect the function of female reproductive organs and are treated by the

same gynecologist specialty branch. The condition types included: Autoimmune, Cardio-

vascular, Endocrine, Gastrointestinal, Gynecological, Hematologic, Kidney, Lung, Mental,

and Neurological. This classi�cation was developed and validated by three of our authors

(KS, SB, MP) with extensive medical and speci�cally obstetric knowledge.

Table 2.3: Pre-pregnancy conditions and their corresponding indicators in the nuMoM2b
dataset

Condition Type Pre-Pregnancy Condition nuMoM2b Variable

Acute Infection Urinary tract infection VXXB01amV1a

Acute Infection Sexually transmitted diseases, Gonorrhea VXXB01bd1V1a

Acute Infection Sexually transmitted diseases, Chlamydia VXXB01bd2V1a

Acute Infection Sexually transmitted diseases, Herpes VXXB01bd3V1a

Acute Infection Sexually transmitted diseases, Syphilis VXXB01bd4V1a

Acute Infection Sexually transmitted diseases, HIV/AIDS VXXB01bd5V1a

Acute Infection Sexually transmitted diseases, Hepatitis B VXXB01bd6V1a

Acute Infection Sexually transmitted diseases, Hepatitis C VXXB01bd7V1a

Acute Infection Sexually transmitted diseases, Trichomonas VXXB01bd8V1a

Acute Infection Sexually transmitted diseases, Other VXXB01bd9V1a

Acute Infection Yeast infection VXXB01beV1a

Acute Infection Bacterial vaginosis VXXB01bfV1a

Autoimmune Systemic lupus erythematosus (SLE) VXXB01auV1a

Autoimmune Rheumatoid arthritis VXXB01avV1a

Autoimmune Other collagen vascular or autoimmune disease VXXB01awV1a

Cancer Cancer (malignancy) VXXB01baV1a

Cardiovascular High blood pressure (hypertension) VXXB01aaV1a

Cardiovascular Valvular heart disease VXXB01ahV1a

Cardiovascular Other structural heart disease VXXB01aiV1a

Cardiovascular Coronary artery disease / congestive heart failure VXXB01ajV1a

Cardiovascular Cardiac arrhythmias VXXB01akV1a

Continued on next page
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Table 2.3 – continued from previous page

Condition Type Pre-Pregnancy Condition nuMoM2b Variable

Endocrine Diabetes (excluding gestational diabetes in a prior

pregnancy)

VXXB01ae V1a

Endocrine Hyperthyroidism VXXB01afV1a

Endocrine Hypothyroidism VXXB01agV1a

Gastrointestinal Ulcerative colitis / Crohn's disease VXXB01axV1a

Gastrointestinal Liver/gall bladder disease VXXB01azV1a

Gynecological Cervical dysplasia VXXB01bc1V1a

Gynecological Fibroids VXXB01bc2V1a

Gynecological Polycystic ovary disease (PCOS) VXXB01bc3V1a

Hematologic Sickle cell disease VXXB01anV1a

Hematologic Sickle cell trait VXXB01aoV1a

Hematologic Thrombocytopenia VXXB01apV1a

Hematologic Anemia VXXB01aqV1a

Hematologic History of blood clots (thrombosis or thromboem-

bolism) or stroke

VXXB01ar V1a

Hematologic Congenital or inherited bleeding disorder VXXB01asV1a

Hematologic Antiphospholipid syndrome (APA) or other acquired

thrombophilia

VXXB01at V1a

Kidney Kidney disease VXXB01alV1a

Lung Asthma VXXB01abV1a

Mental Mental health condition (psychiatric disorder). Ex-

amples include but are not limited to bipolar disor-

der, schizophrenia, depression (including postpartum),

psychosis, post-traumatic stress disorder (PTSD)

VXXB01bb V1a

Neurological Seizure disorder VXXB01acV1a

Neurological Migraine headaches VXXB01adV1a

In our analysis, we excluded the condition types: Acute Infection and Cancer. Acute

infection is recorded as occurring anytime during a participant's life, which lacks relevance

in our analysis because the nuMoM2b study did not collect the timing of the acute infection
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and because lifetime acute infections are common. Cancer was excluded due to its low

prevalence.

To investigate the effects of speci�c multimorbidity patterns on adverse maternal out-

comes and racial/ethnic disparities, our analysis considered pairs of co-occurring pre-pregnancy

condition types. For example, consider a patient with the following three pre-pregnancy

conditions: anemia (hematologic), hypertension (cardiovascular), and migraine headaches

(neurological). This patient was indicated to have the following co-occurring condition

types: hematologic & cardiovascular, cardiovascular & neurological, and hematologic &

neurological.

Confounders

We adjusted for confounding factors including maternal age, insurance, body mass index

(BMI), and sociodemographic information including income and education. Each of these

factors were collected during Visit 1, which occurred between gestational age 6 and 14

weeks. Mode of delivery and type of labor were not included as confounders as they are

considered to be part of the causal pathway leading to adverse maternal outcomes.37

2.2.3 StatisticalAnalysis

We used Poisson regression models with robust standard errors to analyze the associations

between pre-pregnancy condition types, self-reported race/ethnicity, and adverse maternal

outcomes with the results reported as crude and adjusted risk ratios (RRs) and 95% con-

�dence intervals (CIs). We used a class-weighting method which gives a higher priority

to correctly classifying the subgroup of women who experienced an adverse maternal out-

come.

The balancing class weight heuristic is inspired by King et al (2001) [66] and identical

to scikit learn's “balanced” class weight function. The weights are given by the formula:
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wi =
number of total patients

(number of outcomes)(number of patients withi th outcome)
;

where,

i =

8
>><

>>:

1 if adverse outcome is present,

0 otherwise,

and, for this study, the number of total patients= 8729 and the number of outcomes= 2.

Potential mediators were selected for each adverse maternal outcome in a stepwise pro-

cess to avoid multicollinearity. Each adverse maternal outcome was regressed by race/ethnicity,

confounders, and all potential mediators (all pre-pregnancy condition types and all their

combined effects) (hereafter referred to as the “Outcome Model”). Only condition types

and combined effects reaching statistical signi�cance (p-value� 0.05) in this model were

included in further analysis. Additionally, only combined effects with at least 1% preva-

lence in the dataset were considered. Next, we used a model-building approach starting

with a standard individual-level Poisson model (Model 1, crude), followed by a Poisson

model that adjusted for confounders (Model 2, adjusted). We additionally controlled for

signi�cant pre-pregnancy condition types (Model 3), and �nally, we additionally controlled

for signi�cant combined effects between co-occurring pre-pregnancy condition types (Model

4).

Next, we sought to determine if pre-pregnancy condition types and their combined

effects contributed to the racial disparities in adverse maternal outcomes using mediation

analysis. Firstly, each adverse maternal outcome was regressed individually by race/ethnicity,

confounders, and potential mediators (all pre-pregnancy condition types and all their com-

bined effects) (hereafter referred to as the “Outcome Model”), and only combined effects

and their components reaching statistical signi�cance (p-value� 0.05) in this model were

selected for further analysis. To analyze mediation, the selected potential mediator con-
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dition types and their combined effects were individually regressed by race/ethnicity and

adjusted for confounders (“Mediator Model”). The Outcome and Mediator models were

combined to compute average causal mediation effects (ACME) and total effect (TE) for

each participant which was then averaged. Quasi-Bayesian estimation with 1,000 iterations

was used for estimating the 95% CI and p-values of the natural indirect effect (NIE) and

TE [67]. Mediation proportion, which estimates the proportion of the risk factor's impact

on the outcome that is attributable to the mediator, was calculated as ACME / TE [67].

This analysis was conducted for each adverse maternal outcome and results were averaged

across the �ve imputed datasets.

We assessed whether features were highly correlated and, a priori, planned to remove

any that were highly correlated with another measure that was more relevant to our anal-

ysis to preserve the interpretability of the risk ratios. High correlation was indicated by a

Pearson's coef�cient absolute value of 0.70 or greater. No features, other than confounding

factors, were highly correlated.

2.2.4 PerformanceAnalysis

Finally, we analyzed the predictive performance of our regression models (Model 1, Model

2, Model 3, and Model 4) to understand which pre-pregnancy patient characteristics accu-

rately classi�ed adverse maternal outcomes. The performance of each model was evalu-

ated for each racial/ethnic subgroup using the average area under the ROC curve (AUC)

across 10-fold cross-validation and 95% con�dence intervals were computed with 2000

strati�ed bootstrap replicates [68]. Similar modeling was performed by Khanna et al. in

which regression models were used to predict hospitalization using risk factors including

the co-occurrence of two factors [69]. They report both the risk factors' associations with

hospitalization and the regression model's predictive performance (AUC).

We used R, version 4.2.1, for all analysis, caret in R to train and test our prediction mod-

els [70], pROC in R to compute performance metrics [68], and mediation in R to conduct
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mediation analysis [67]. We use p-value threshold of 0.05 for statistical signi�cance.

2.3 Results

After exclusions, the �nal study population included 8729 women (Table 2.1). Of those,

61.0% (n=5322) identi�ed as non-Hispanic white, 13.1% (n=1145) non-Hispanic Black,

17.0% (n=1487) Hispanic, 3.9% (n = 342) Asian, 4.0% (n=348) multiracial, and 1.0%

(n=85) “Other”. The non-Hispanic Black subgroup had the youngest average age (23.3 ±

5.3) and the largest average BMI (29.1 ± 8.2). In total, the study population included 157

cases (1.8%) of blood transfusion, 154 cases (1.8%) of postpartum readmission, and 318

cases (3.6%) of severe preeclampsia. The incidence of these adverse maternal outcomes

varied by race and ethnicity (Table 2.4). The incidence of blood transfusion and severe

preeclampsia was highest in non-Hispanic Black women and the incidence of all adverse

maternal outcomes was lowest in Asian women.
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Table 2.4: Rates of adverse maternal outcomes in the nuMoM2b population overall and by race/ethnicity

Race/Ethnicity

Asian Hispanic Multiracial Non-Hispanic Black Non-Hispanic White Other Overall

Blood Transfusion
Yes 4 (1.2%) 37 (2.5%) 5 (1.4%) 29 (2.5%) 80 (1.5%) 2 (2.4%) 157 (1.8%)
No 338 (98.8%) 1449 (97.4%) 343 (98.6%) 1116 (97.5%) 5242 (98.5%) 83 (97.6%) 8571 (98.2%)
Missing 0 (0%) 1 (0.1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (0.0%)

Postpartum Readmission
Yes 1 (0.3%) 33 (2.2%) 8 (2.3%) 25 (2.2%) 84 (1.6%) 3 (3.5%) 154 (1.8%)
No 341 (99.7%) 1451 (97.6%) 340 (97.7%) 1119 (97.7%) 5230 (98.3%) 82 (96.5%) 8563 (98.1%)
Missing 0 (0%) 3 (0.2%) 0 (0%) 1 (0.1%) 8 (0.2%) 0 (0%) 12 (0.1%)

Severe Preeclampsia
Yes 9 (2.6%) 52 (3.5%) 17 (4.9%) 76 (6.6%) 160 (3.0%) 4 (4.7%) 318 (3.6%)
No 332 (97.1%) 1431 (96.2%) 331 (95.1%) 1069 (93.4%) 5156 (96.9%) 81 (95.3%) 8400 (96.2%)
Missing 1 (0.3%) 4 (0.3%) 0 (0%) 0 (0%) 6 (0.1%) 0 (0%) 11 (0.1%)
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The most common pre-pregnancy conditions were mental health conditions (14.4%,

n=1261), hematologic conditions (13.8%, n=1206), neurological conditions (13.0%, n=1136),

and lung conditions (12.5%, n=1091) (Table 2.5). Non-Hispanic Black women experi-

enced the highest rates of lung and hematologic conditions, Hispanic women experienced

the highest rates of kidney conditions, and multiracial women experienced the highest rates

of cardiovascular conditions. Non-Hispanic white women experienced the highest rates of

neurological, gastrointestinal, and mental health conditions.

Of all women, 22.8% (n=1989) had co-occurring pre-pregnancy conditions, i.e., 2 or

more conditions. Non-Hispanic white women had the highest rates of co-occurring pre-

pregnancy conditions (24.9%, n=1327), followed by multiracial women (22.7%, n=79),

and Non-Hispanic Black women (20.0%, n=229). The most common co-occurring pre-

pregnancy conditions were Mental & Neurological (3.7%, n=322), Lung & Neurological

(2.8%, n=248), and Hematologic & Lung (2.5%, n=216) (Table 2.6). Among non-Hispanic

white women, the most common co-occurring pre-pregnancy conditions were Mental &

Neurological (4.7%, n=248), Lung & Neurological (2.9%, n=153), and Hematologic &

Lung (2.1%, n=111). Among non-Hispanic Black women, the most common co-occurring

pre-pregnancy conditions were Hematologic & Lung (4.4%, n=50) and Cardiovascular &

Hematologic (3.4%, n=39).
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Table 2.5: Prevalence of pre-pregnancy conditions by race in nuMoM2b dataset

Race

Asian Hispanic Multiracial Non-Hispanic Black Non-Hispanic White Other Overall

Total 342 (3.9%) 1487 (17.0%) 348 (4.0%) 1145 (13.1%) 5322 (61.0%) 85 (1.0%) 8729 (100.0%)

Condition Type
Cardiovascular 20 (5.8%) 102 (6.9%) 43 (12.4%) 120 (10.5%) 459 (8.6%) 5 (5.9%) 749 (8.6%)
Lung 31 (9.1%) 174 (11.7%) 53 (15.2%) 181 (15.8%) 640 (12.0%) 12 (14.1%) 1091 (12.5%)
Neurological 31 (9.1%) 165 (11.1%) 37 (10.6%) 116 (10.1%) 778 (14.6%) 9 (10.6%) 1136 (13.0%)
Endocrine 40 (11.7%) 109 (7.3%) 15 (4.3%) 65 (5.7%) 494 (9.3%) 10 (11.8%) 733 (8.4%)
Kidney 2 (0.6%) 41 (2.8%) 2 (0.6%) 12 (1.0%) 97 (1.8%) 2 (2.4%) 156 (1.8%)
Hematologic 42 (12.3%) 223 (15.0%) 63 (18.1%) 221 (19.3%) 647 (12.2%) 10 (11.8%) 1206 (13.8%)
Autoimmune 6 (1.8%) 19 (1.3%) 5 (1.4%) 18 (1.6%) 121 (2.3%) 2 (2.4%) 171 (2.0%)
Gastrointestinal 5 (1.5%) 28 (1.9%) 7 (2.0%) 14 (1.2%) 116 (2.2%) 1 (1.2%) 171 (2.0%)
Mental 16 (4.7%) 144 (9.7%) 45 (12.9%) 95 (8.3%) 953 (17.9%) 8 (9.4%) 1261 (14.4%)
Gynecological 48 (14.0%) 126 (8.5%) 30 (8.6%) 82 (7.2%) 591 (11.1%) 8 (9.4%) 885 (10.1%)

Number of Condition Types
0 181 (52.9%) 769 (51.7%) 161 (46.3%) 597 (52.1%) 2443 (45.9%) 44 (51.8%) 4195 (48.1%)
1 105 (30.7%) 435 (29.3%) 108 (31.0%) 319 (27.9%) 1552 (29.2%) 26 (30.6%) 2545 (29.2%)
2+ 56 (16.4%) 283 (19.0%) 79 (22.7%) 229 (20.0%) 1327 (24.9%) 15 (17.6%) 1989 (22.8%)
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Table 2.6: Prevalence of pre-pregnancy condition combined effects included in our analysis by race in nuMoM2b dataset.

Race

Asian Hispanic Multiracial Non-Hispanic Black Non-Hispanic White Other Overall
Total 342 (3.9%) 1487 (17.0%) 348 (4.0%) 1145 (13.1%) 5322 (61.0%) 85 (1.0%) 8729 (100.0%)
Cardiovascular

& Endocrine 2 (0.6%) 12 (0.8%) 2 (0.6%) 27 (2.4%) 64 (1.2%) 2 (2.4%) 109 (1.2%)
& Gynecological 3 (0.9%) 10 (0.7%) 5 (1.4%) 20 (1.7%) 70 (1.3%) 1 (1.2%) 109 (1.2%)
& Hematologic 2 (0.6%) 22 (1.5%) 12 (3.4%) 39 (3.4%) 84 (1.6%) 2 (2.4%) 161 (1.8%)
& Neurological 2 (0.6%) 20 (1.3%) 9 (2.6%) 21 (1.8%) 99 (1.9%) 2 (2.4%) 153 (1.8%)

Endocrine
& Hematologic 6 (1.8%) 23 (1.5%) 1 (0.3%) 22 (1.9%) 69 (1.3%) 1 (1.2%) 122 (1.4%)
& Lung 3 (0.9%) 18 (1.2%) 2 (0.6%) 18 (1.6%) 83 (1.6%) 1 (1.2%) 125 (1.4%)

Gynecological & Hematologic 8 (2.3%) 26 (1.7%) 6 (1.7%) 33 (2.9%) 89 (1.7%) 1 (1.2%) 163 (1.9%)
Hematologic & Lung 4 (1.2%) 40 (2.7%) 9 (2.6%) 50 (4.4%) 111 (2.1%) 2 (2.4%) 216 (2.5%)
Lung & Neurological 8 (2.3%) 37 (2.5%) 11 (3.2%) 35 (3.1%) 153 (2.9%) 4 (4.7%) 248 (2.8%)
Mental & Neurological 5 (1.5%) 33 (2.2%) 8 (2.3%) 28 (2.4%) 248 (4.7%) 0 (0%) 322 (3.7%)
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Compared with non-Hispanic white women, the unadjusted risk for blood transfusion

and severe preeclampsia was higher in non-Hispanic Black women. Statistical adjustment

for age, sociodemographic information, insurance, and BMI eliminated the elevated risk of

blood transfusion in non-Hispanic Black and Hispanic women and eliminated the elevated

risk of severe preeclampsia for multiracial women. Statistical adjustment attenuated but

did not eliminate the elevated risk of severe preeclampsia in non-Hispanic Black women.

The adjusted relative risk (aRR) of severe preeclampsia was higher in non-Hispanic Black

(aRR, 1.22; CI, 1.06-1.41) compared to non-Hispanic white women (Table 2.7).

After adjusting for confounders, we controlled for pre-pregnancy condition types (Model

3) and their combined effects (Model 4). Controlling for pre-pregnancy condition types

for the outcome of severe preeclampsia attenuated the risk of severe preeclampsia in non-

Hispanic Black women (aRR 1.15, CI, 0.99-1.34) (Table 4).

Pre-pregnancy condition types were associated with adverse maternal outcomes (see

Tables 2.7, 2.8, 2.9). Autoimmune conditions signi�cantly increased risk for blood trans-

fusion (aRR, 1.36; CI, 1.04-1.78) and postpartum readmission (aRR, 1.55; CI, 1.22-1.97).

Hematologic conditions were associated with a signi�cantly increased risk for blood trans-

fusion (aRR, 1.42; CI, 1.23-1.64). Cardiovascular and kidney conditions were associated

with a signi�cantly increased risk for severe preeclampsia (aRR, 1.77; CI, 1.61-1.96, and

aRR, 1.27; CI, 1.03-1.56 respectively). Accounting for combined effects did not signi�-

cantly impact effect estimates.
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Table 2.7: Multilevel Poisson regression with outcome severe preeclampsia. Bolding indicates statistical signi�cance at 95% con�dence.
RR, risk ratio; CI, con�dence interval; AUC, area under the receiver operating characteristic curve.

Model 1, crude Model 2, adjusted Model 3, condition types Model 4, combined effects

RR (95% CI)

Race
Non-Hispanic White (reference) 1 1 1 1
Non-Hispanic Black 1.45 (1.29 - 1.63) 1.22 (1.06 - 1.41) 1.15 (0.99 - 1.34) 1.16 (0.99 - 1.35)
Hispanic 1.09 (0.92 - 1.28) 1.04 (0.87 - 1.23) 0.97 (0.82 - 1.14) 0.97 (0.82 - 1.15)
Multiracial 1.28 (1.02 - 1.60) 1.09 (0.88 - 1.35) 1.06 (0.85 - 1.32) 1.06 (0.85 - 1.31)
Asian 0.93 (0.62 - 1.37) 0.98 (0.67 - 1.43) 0.96 (0.67 - 1.38) 0.97 (0.67 - 1.38)
Other 1.26 (0.81 - 1.96) 1.20 (0.78 - 1.86) 1.21 (0.76 - 1.91) 1.21 (0.77 - 1.91)

Pre-Pregnancy Conditions
Cardiovascular 1.77 (1.61 - 1.96) 1.71 (1.54 - 1.89)
Kidney 1.27 (1.03 - 1.56) 1.25 (1.01 - 1.53)
Hematologic 0.90 (0.77 - 1.04) 0.80 (0.59 - 1.08)
Gastrointestinal 0.71 (0.48 - 1.05) 0.70 (0.47 - 1.05)
Gynecological 0.84 (0.70 - 1.02) 0.85 (0.71 - 1.02)

Combined effects
Cardiovascular: Hematologic 1.26 (0.91 - 1.75)

Overall AUC 0.50 (0.48-0.52) 0.60 (0.57 - 0.63) 0.65 (0.63 - 0.68) 0.66 (0.63 - 0.69)
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Table 2.8: Multilevel Poisson regression with outcome blood transfusion. Bolding indicates statistical signi�cance at 95% con�dence.
RR, risk ratio; CI, con�dence interval; AUC, area under the receiver operating characteristic curve.

Model 1, crude Model 2, adjusted Model 3, condition types Model 4, combined effects

RR (95% CI)

Race
Non-Hispanic White (reference) 1 1 1 1
Non-Hispanic Black 1.29 (1.06 - 1.57) 1.20 (0.97 - 1.50) 1.19 (0.95 - 1.50) 1.21 (0.96 - 1.52)
Hispanic 1.28 (1.07 - 1.54) 1.17 (0.95 - 1.45) 1.19 (0.96 - 1.48) 1.19 (0.96 - 1.48)
Multiracial 0.98 (0.59 - 1.62) 0.94 (0.57 - 1.52) 0.86 (0.54 - 1.36) 0.84 (0.53 - 1.32)
Asian 0.86 (0.47 - 1.59) 0.85 (0.46 - 1.57) 0.88 (0.48 - 1.63) 0.88 (0.48 - 1.63)
Other 1.25 (0.67 - 2.32) 1.21 (0.66 - 2.22) 1.17 (0.66 - 2.06) 1.18 (0.67 - 2.09)

Pre-Pregnancy Conditions
Cardiovascular 1.11 (0.88 - 1.39) 1.17 (0.92 - 1.48)
Endocrine 1.25 (1.00 - 1.56) 1.28 (1.02 - 1.60)
Kidney 1.28 (0.93 - 1.75) 1.27 (0.93 - 1.75)
Hematologic 1.42 (1.23 - 1.64) 1.42 (1.23 - 1.64)
Autoimmune 1.36 (1.04 - 1.78) 1.36 (1.04 - 1.79)
Gynecological 0.69 (0.48 - 1.00) 0.73 (0.50 - 1.06)

Combined effects
Cardiovascular: Endocrine 0.83 (0.38 - 1.83)
Cardiovascular: Gynecological 0.67 (0.22 - 2.02)

Overall AUC 0.56 (0.52-0.60) 0.55 (0.51 - 0.59) 0.60 (0.56 - 0.64) 0.58 (0.54 - 0.62)
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Table 2.9: Multilevel Poisson regression with outcome postpartum readmission. Bolding indicates statistical signi�cance at 95% con�-
dence. RR, risk ratio; CI, con�dence interval; AUC, area under the receiver operating characteristic curve.

Model 1, crude Model 2, adjusted Model 3, condition types Model 4, combined effects

RR (95% CI)

Race
Non-Hispanic White (reference) 1 1 1 1
Non-Hispanic Black 1.17 (0.95 - 1.45) 0.96 (0.75 - 1.21) 0.97 (0.76 - 1.24) 1.01 (0.79 - 1.29)
Hispanic 1.18 (0.98 - 1.43) 1.05 (0.85 - 1.28) 1.08 (0.89 - 1.31) 1.07 (0.88 - 1.30)
Multiracial 1.20 (0.87 - 1.66) 1.10 (0.79 - 1.53) 1.04 (0.73 - 1.48) 1.01 (0.70 - 1.46)
Asian 0.30 (0.05 - 1.61) 0.32 (0.06 - 1.71) 0.29 (0.07 - 1.16) 0.29 (0.08 - 1.05)
Other 1.42 (0.96 - 2.11) 1.36 (0.90 - 2.04) 1.42 (0.94 - 2.16) 1.43 (0.95 - 2.15)

Pre-Pregnancy Conditions
Cardiovascular 1.20 (1.00 - 1.45) 1.33 (1.04 - 1.68)
Lung 1.10 (0.90 - 1.34) 1.26 (0.99 - 1.61)
Endocrine 1.19 (0.97 - 1.45) 1.33 (1.03 - 1.71)
Hematologic 1.14 (0.94 - 1.39) 1.32 (1.02 - 1.71)
Autoimmune 1.55 (1.22 - 1.97) 1.52 (1.19 - 1.94)
Neurological 1.09 (0.90 - 1.32) 1.25 (0.99 - 1.58)
Mental 0.97 (0.80 - 1.19) 1.06 (0.85 - 1.31)

Combined effects
Cardiovascular: Neurological 0.84 (0.57 - 1.25)
Cardiovascular: Endocrine 0.76 (0.52 - 1.11)
Cardiovascular: Hematologic 0.89 (0.61 - 1.32)
Lung: Neurological 0.73 (0.43 - 1.23)
Lung: Endocrine 0.80 (0.48 - 1.33)
Lung: Hematologic 0.84 (0.51 - 1.40)
Neurological: Mental 0.79 (0.50 - 1.27)
Endocrine: Hematologic 0.82 (0.47 - 1.43)
Hematologic: Gynecological 0.38 (0.13 - 1.18)

Overall AUC 0.55 (0.51-0.59) 0.58 (0.54 - 0.62) 0.57 (0.53 - 0.61) 0.56 (0.52 - 0.60)
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Mediation analysis was conducted on all statistically signi�cant condition types and

combined effects for each adverse maternal outcome. There were no signi�cant results at

p-value< 0.05; however, cardiovascular conditions accounted for 36.6% of the association

between non-Hispanic Black race/ethnicity and severe preeclampsia at p-value 0.07.

Finally, we compared the predictive performance metrics, speci�cally the area under

the receiver operating characteristics curve (AUC), of our regression models to determine

the value of different maternal characteristics in predicting the risk of experiencing each

of the adverse maternal outcomes (Table 2.10). We found gains in overall AUC with the

addition of condition types for the prediction of severe preeclampsia (AUC (95% CI); 0.60

(0.57-0.63) to 0.65 (0.63-0.68)). We computed AUC for each racial and ethnic subgroup to

understand how the models performed across the subgroups. AUC varied signi�cantly by

race for each adverse maternal outcome. Model 3, which includes race, confounders, and

condition types as features, had an AUC range of 0.54-0.72 for blood transfusion, 0.38-0.61

for postpartum readmission, and 0.40-0.71 for severe preeclampsia.
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Table 2.10: AUC by race for each model and adverse maternal outcome. AUC, area under the receiver operating characteristic curve;
CI, con�dence interval.

Model 0, intercept Model 1, crude Model 2, adjusted Model 3, condition
types

Model 4, combined
effects

Blood Transfusion, AUC (95% CI)

Non-Hispanic White 0.51 (0.46 - 0.56) 0.50 (0.50 - 0.50) 0.54 (0.49 - 0.59) 0.57 (0.52 - 0.63) 0.58 (0.53 - 0.64)
Hispanic 0.48 (0.41 - 0.55) 0.50 (0.50 - 0.50) 0.48 (0.41 - 0.55) 0.54 (0.47 - 0.62) 0.49 (0.41 - 0.58)
Non-Hispanic Black 0.46 (0.38 - 0.54) 0.50 (0.50 - 0.50) 0.53 (0.46 - 0.60) 0.60 (0.52 - 0.68) 0.59 (0.51 - 0.67)
Multiracial 0.56 (0.32 - 0.80) 0.50 (0.50 - 0.50) 0.50 (0.30 - 0.70) 0.72 (0.48 - 0.96) 0.64 (0.40 - 0.88)
Asian 0.35 (0.32 - 0.37) 0.50 (0.50 - 0.50) 0.44 (0.42 - 0.46) 0.55 (0.30 - 0.79) 0.40 (0.38 - 0.42)
Other 0.60 (0.11 - 1.00) 0.93 (0.90 - 0.97) 0.86 (0.81 - 0.90) 0.55 (0.06 - 1.00) 0.50 (0.01 - 1.00)
Overall 0.49 (0.46 - 0.53) 0.56 (0.52 - 0.60) 0.55 (0.51 - 0.59) 0.60 (0.56 - 0.64) 0.58 (0.54 - 0.62)

Postpartum Readmission, AUC (95% CI)

Non-Hispanic White 0.48 (0.42 - 0.53) 0.50 (0.50 - 0.50) 0.54 (0.48 - 0.59) 0.52 (0.47 - 0.57) 0.53 (0.48 - 0.58)
Hispanic 0.50 (0.41 - 0.59) 0.50 (0.50 - 0.50) 0.61 (0.54 - 0.69) 0.61 (0.53 - 0.69) 0.60 (0.51 - 0.68)
Non-Hispanic Black 0.58 (0.50 - 0.67) 0.50 (0.50 - 0.50) 0.62 (0.52 - 0.71) 0.58 (0.48 - 0.68) 0.54 (0.44 - 0.64)
Multiracial 0.64 (0.46 - 0.82) 0.50 (0.50 - 0.50) 0.53 (0.34 - 0.72) 0.60 (0.42 - 0.78) 0.54 (0.35 - 0.73)
Asian[1] 0.70 (NA - NA) 0.50 (NA - NA) 0.50 (NA - NA) 0.50 (NA - NA) 0.50 (NA - NA)
Other 0.64 (0.31 - 0.97) 0.50 (0.50 - 0.50) 0.52 (0.50 - 0.55) 0.38 (0.05 - 0.71) 0.41 (0.08 - 0.74)
Overall 0.49 (0.45 - 0.53) 0.55 (0.51 - 0.59) 0.58 (0.54 - 0.62) 0.57 (0.53 - 0.61) 0.56 (0.52 - 0.60)

Severe Preeclampsia, AUC (95% CI)

Non-Hispanic White 0.50 (0.47 - 0.54) 0.50 (0.50 - 0.50) 0.58 (0.55 - 0.62) 0.62 (0.59 - 0.66) 0.63 (0.60 - 0.67)
Hispanic 0.52 (0.46 - 0.58) 0.46 (0.41 - 0.50) 0.55 (0.48 - 0.62) 0.68 (0.61 - 0.75) 0.69 (0.62 - 0.76)
Non-Hispanic Black 0.49 (0.45 - 0.54) 0.50 (0.50 - 0.50) 0.51 (0.46 - 0.56) 0.59 (0.54 - 0.64) 0.60 (0.55 - 0.65)
Multiracial 0.46 (0.38 - 0.54) 0.50 (0.50 - 0.50) 0.73 (0.63 - 0.82) 0.71 (0.60 - 0.82) 0.74 (0.64 - 0.85)
Asian 0.42 (0.31 - 0.53) 0.50 (0.50 - 0.50) 0.62 (0.46 - 0.79) 0.69 (0.51 - 0.86) 0.69 (0.52 - 0.86)
Other 0.40 (0.35 - 0.44) 0.50 (0.50 - 0.50) 0.81 (0.76 - 0.86) 0.40 (0.15 - 0.65) 0.40 (0.15 - 0.65)
Overall 0.50 (0.48 - 0.52) 0.56 (0.53 - 0.58) 0.60 (0.57 - 0.63) 0.65 (0.63 - 0.68) 0.66 (0.63 - 0.69)
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2.4 Discussion

2.4.1 Main Findings

Our �ndings suggest accounting for pre-pregnancy condition types explained some of the

association between non-Hispanic Black race/ethnicity and severe preeclampsia. We found

that including pre-pregnancy condition types improved diagnostic ability (AUC) in pre-

dictive models for severe preeclampsia in the overall cohort. These results highlight the

potential for risk prediction using pre-pregnancy conditions in a diverse, but low-risk pop-

ulation.

Consistent with previous studies [71, 50, 72, 73, 74], we found that identi�cation as a

minority race and ethnicity was associated with a higher risk of adverse maternal outcomes

among a cohort of nulliparous individuals. Adding to some studies that have examined

the impact of speci�c co-occurring condition combined effects [49, 75, 76], our study fo-

cused on exploring all potential pre-pregnancy condition type combined effects to under-

stand their association with adverse maternal outcomes (speci�cally severe preeclampsia,

postpartum readmission, and blood transfusion) and quanti�ed the value of including com-

bined effects in predictive models. No pre-pregnancy condition combined effects were

signi�cantly associated with adverse maternal outcomes.

We also quanti�ed the association between individual pre-pregnancy condition type

and adverse maternal outcomes. Each adverse maternal outcome was associated with dif-

ferent pre-pregnancy condition types, except the autoimmune condition type, which was

associated with increased risk for both blood transfusion and postpartum readmission. It is

well known that pregnancy is associated with changes in the maternal immune system, and

speci�cally the postpartum period is associated with autoimmune disease �ares [77].

Our work adds to previous studies on the use of prediction models to predict various

adverse outcomes, which have ranged from using symptoms and signs [46, 48], laboratory

tests and biomarkers [78, 79], and demographics and medical history [80, 81]. With the
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inclusion of pre-pregnancy condition types, our model yields an AUC of 0.65 for predicting

severe preeclampsia. This is comparable to the AUC of previously published obstetric co-

morbidity indices predicting severe maternal morbidity, which includes severe preeclamp-

sia (Bateman, et al. [47]: AUC, 0.65 and Easter, et al. [46] : AUC, 0.70 as reported by

Leonard et al. [48]). The prediction models for severe preeclampsia improved with the

addition of pre-pregnancy condition types. Together, our �ndings and prior studies suggest

that maternal morbidity cannot be accurately predicted using medical conditions alone as

these models cannot account for structural factors that contribute to health inequities.

2.4.2 Clinical Implications

Understanding the potential reasons for adverse maternal outcomes is an important path-

way to understanding and reducing racial and ethnic disparities and high rates of maternal

morbidity and mortality.

Our �ndings suggest that the presence of pre-pregnancy conditions and confounders

may explain some of the observed associations between non-Hispanic Black race/ethnicity

and severe preeclampsia. In a prior study, Black race was associated with increased odds

of pregnancy-induced hypertension after adjustment for preexisting conditions and demo-

graphic factors [82]. However, our study adjusts for a different set of preexisting conditions.

The prevention and management of these pre-existing conditions, speci�cally cardiovascu-

lar conditions, before, during, and between pregnancies could be an important considera-

tion to decrease racial and ethnic disparities in adverse maternal outcomes. Although the

nuMoM2b cohort study collected data on a wide range of pre-pregnancy conditions, we

could not explain a large proportion of the disparities in maternal morbidity in this co-

hort. Adverse maternal outcomes and pre-pregnancy conditions have been linked to the

environmental context and social conditions in which people exist [54]. For example, a

study by Lueth et al. [83] found that a high allostatic load, as an estimate of chronic stress,

was signi�cantly associated with adverse pregnancy outcomes and partially mediated the

36



association between self-reported race and adverse pregnancy outcomes in the nuMoM2b

dataset [83]. A wider array of determinants (structural racism, socioeconomics, political

context, etc.) should be evaluated to explain racial/ethnic disparities in adverse maternal

outcomes and to develop comprehensive interventions to promote health equity. Future

work may also bene�t from the inclusion of additional data such as the severity and man-

agement of morbidity and multimorbidity during the preconception, interconception, and

postpartum periods to determine whether differential management or access to healthcare

systems reduces the observed disparities.

Our work suggests that information about pre-pregnancy conditions can be useful in

improving the ability to risk-stratify individuals. Predictive modeling may be helpful in

further exploring the complex relationships of co-occurring conditions. However, more

research is necessary to inform best clinical practices for use of predictive models with a

focus on mitigating unintended consequences and preventing the exacerbation of disparities

[84].

2.4.3 StrengthsandLimitations

Our study has several strengths. Using a large and comprehensive dataset, we evaluated the

association between race and ethnicity, pre-pregnancy conditions, and adverse maternal

outcomes in a cohort of nulliparous women in the United States. This dataset contains

thoroughly collected data that goes beyond a typical electronic health record including

health history and conditions, demographics, and survey questionnaires. Our condition type

groupings allowed for larger sample sizes of conditions and more accurate estimates of risk

ratios. In addition, the use of feature selection algorithms allowed for the exploration of

combined effects to improve model performance for predicting adverse maternal outcomes.

Our study has several important limitations. First, the analysis was limited to the data

collected in the nuMoM2b dataset, which only includes nulliparous, predominantly non-

Hispanic white women (61.0%) who received regular prenatal care at academic medical
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centers beginning in their �rst trimester; thus, our �ndings may not be generalizable to

different birthing populations. Second, the nuMoM2b dataset also does not indicate the

severity or management of pre-pregnancy conditions. Third, our dataset only collected

data up to 14 days postpartum, although many postpartum readmissions occur after this

timespan [85]. Finally, adverse pregnancy outcomes are rare and occur infrequently in the

nuMoM2b dataset, particularly as we strati�ed by racial subgroups and by multimorbidity.

A larger sample size may be able to identify more clinically relevant associations between

pre-pregnancy conditions and maternal outcomes that occur infrequently.

2.5 Conclusion

In addition to describing associations between race and ethnicity, pre-pregnancy condition

types and their combined effects, and adverse maternal outcomes, our �ndings indicate

that pre-pregnancy conditions may partially explain the association between non-Hispanic

Black race/ethnicity and severe preeclampsia , which may be further explained by a wider

array of determinants. Additionally, data collected at an initial prenatal care visit has utility

for predicting the risk of experiencing an adverse maternal outcome. Our study �ndings

have important implications for the preconception and antepartum care of individuals with

pre-existing conditions as adequately assessing a patient's risk is essential to providing

risk-appropriate and equitable care to prevent adverse maternal outcomes.
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CHAPTER 3

MEASURING MATERNITY CARE ACCESS TOWARDS IMPROVING

OUTCOMES

3.1 The Implications of Using Maternity Care Deserts to Measure Progress in Access

to Obstetric Care: A Mixed-Integer Optimization Analysis.

3.1.1 Background

Among the factors contributing to the maternal mortality crisis in the United States is a

lack of access to risk-appropriate care and an undersupply of maternal healthcare providers

[86].

The lack of spatial access has been worsening in recent years. Over half of rural coun-

ties did not have a hospital offering obstetric services in 2014, and this number grew by

2.7% from 2014 to 2018 [87]. Administrators cite �nancial concerns, shortages of obstetric

professionals, and low volume as reasons for closing their obstetric units [88, 89]. Lack of

access to obstetric services is associated with adverse maternal outcomes, adverse neonatal

outcomes, and prenatal stress [90, 91, 92, 93, 94]. Recent �ndings suggest a lack of access

and disparities in spatial access will persist unless facility-level infrastructure is expanded

[26]. However, spatial access to obstetric care is measured in several ways, which causes

uncertainty about how to optimally invest in infrastructure to expand access. One com-

mon measure of access in the academic literature and news media is the “maternity care

desert” [95, 96]. The March of Dimes categorizes counties with a lack of access to care

(no hospital or birth center offering obstetric care and no obstetric providers) as “maternity

care deserts”. As of 2022, more than 2.2 million reproductive-aged women in the United

States live in “maternity care deserts” [97]. Studies have shown that pregnant women who

live in “maternity care deserts” have higher rates of infant and maternal mortality [98, 99].
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Other studies have measured spatial access as driving time to the nearest hospital offering

obstetric services at different levels of care [26, 100] and distance to the nearest hospital

offering critical care obstetric (CCO) services [101, 102] as key measures for quantifying

potential access.

In contrast to these existing studies that measure current levels of access, we consider

the implications of using these metrics as key performance indicators for tracking improve-

ments in access to obstetric care. In particular, we ask: (1) What is required for states to

reduce the number of women living in obstetric care deserts? (2) Is reducing obstetric care

deserts in line with the broader goals of promoting optimal maternal outcomes? To answer

these questions, we consider the implications of expanding access to care through facility

expansions via the formulation of a facility location optimization model, which has often

been used to evaluate the ideal placement of healthcare facilities to ensure proper cover-

age of a patient population [103, 104, 105]. A comprehensive review of healthcare facility

location modeling is provided by Ahmadi-Javid et al. [106].

In this section, we characterize access to obstetric care using existing access measures

and evaluate these existing measures by determining how many facilities are needed to

provide a suf�cient level of access according to these measures. We focus on the State of

Georgia because Georgia has one of the highest rates of maternal mortality in the United

States – almost twice as high as the national rate [107]. As of 2019 more than 75% of Geor-

gia's 159 counties had no hospital or birth center offering obstetric care.15 Georgia does

have a set of Regional Perinatal Centers whose mission is to coordinate access to optimal

and risk-appropriate maternal and infant care [108]. Georgia is taking multiple initiatives to

improve obstetric outcomes, including extending Medicaid coverage, introducing quality

improvement initiatives, verifying levels of maternal care in Georgia hospitals, and expand-

ing home visiting in rural counties [109].

First, we characterize regions as “obstetric care deserts” using two commonly used

measures in the literature: (1) the March of Dimes “maternity care desert” measure [97] and
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(2) regions that are further than 50 miles from the closest hospital that provides CCO ser-

vices. Upon de�ning a region as a desert or not, we report the total number of reproductive-

aged women that live within an obstetric care desert under both measures. Finally, we an-

alyze the minimum number of facilities that would be needed in the state of Georgia to

reduce the number of reproductive-aged women living in these obstetric deserts by 50%

and 100%.

The goal of this chapter is to evaluate the responsiveness of two existing access to ob-

stetric care measures to obstetric facility expansion. We hypothesize that obstetric facility

expansion policies focused on reducing maternity care deserts are impractical and could

have negative consequences. We analyze current measures of obstetric access but do not

recommend new access to care measures or recommend an obstetric facility expansion

policy.

3.1.2 Methods

Data Sources

First, we collect data to infer the spatial distribution of obstetric healthcare facilities and

providers, as well as the spatial distribution of subpopulations and communities that would

demand obstetric services. The data sources used are described below.

We include obstetric hospitals in Georgia that are classi�ed as birth centers, or Perinatal

Care Level 1, 2, or 3 hospitals according to the public records from Georgia's Department

of Public Health from 2017.27 The address of each obstetric hospital was veri�ed by the

study team by cross-referencing with Google Maps, and the latitude and longitude of each

obstetric hospital were located using Python's geopy package [110].

To estimate the demand for obstetric care access, we used data from the American

Community Survey (ACS) which provides population estimates for age and sex groups.

We used the 2017 ACS 5-year estimates of the population of reproductive-aged women

(18-44) in each census block group, which we assume is proportional to the demand for
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obstetric care in each block group. We used 5-year estimates because they are the most

reliable and they are collected for all small geographies including census block groups.

To estimate the location of this demand, we used the latitude and longitude of center of

population of each census block group as reported by the U.S. Census Bureau in 2010

[111].

We calculated the distance between each obstetric hospital and each obstetric care de-

mand point by calculating the great-circle distance in miles between the coordinates of each

hospital and each census block group center of population.

Measures of Obstetric Access

We then determine which census block groups are de�ned to be obstetric deserts based on

the measures outlined below.

We consider the March of Dimes de�nition of a “maternity care desert” which is de�ned

to be a county that has zero hospitals or birth centers offering obstetric services and zero

obstetric providers [97]. Because “maternity care deserts” are de�ned at the county level

and the distance measure is de�ned at the census block group level, we deem any census

block group in a “maternity care desert” county to be a “maternity care desert” census block

group. We then use the following evaluation measures to compare these de�nitions.

We evaluate the distance from the center of population of each census block group to its

nearest hospital offering CCO services. In line with previous studies [102], we characterize

hospitals as offering CCO services if they are designated as Level 3 obstetric hospitals. We

refer to public reporting from Georgia's Department of Public Health to characterize each

hospital's level of care [108]. We then use Great Circle distance [110] to evaluate whether

the census block group population center is within the pre-speci�ed distance threshold of

50 miles. A 50-mile threshold is commonly used because it estimates the widely accepted

“Golden Hour”. The “Golden Hour” stems from trauma care, where it is thought that

critically injured patients have better outcomes if they receive de�nitive care within an
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hour of their injuries [112], although this threshold has not been validated for obstetric care

[113, 114].

Evaluation Metrics

Using the measures above, we characterize each census block group as either having access

to obstetric care or existing in an obstetric care desert.

First, we characterize the number of census block groups that are deemed to be ob-

stetric care deserts based on the de�nitions (“maternity care desert”,> 50 miles from CCO

services, and both a “maternity care desert” and> 50 miles from CCO services). We charac-

terize the differences between the de�nitions of the populations that live in obstetric deserts

in terms of demographics, including race, insurance, poverty, age, and marital status.

We characterize the distribution of distance to the closest obstetric hospital for different

obstetric care desert de�nitions. We further characterize distance to care by Level of ob-

stetric facility, calculating the driving time to the closest hospital offering Level 1, 2, and 3

care. We also determine the proportion of the population of obstetric care deserts that live

in counties with an obstetric care facility (i.e., not a “maternity care desert”).

Mathematical Optimization Models

We consider how many new facilities would hypothetically be needed to reduce the number

of reproductive-aged women living in deserts by 50% and 100%. To do so, we use a mathe-

matical optimization model drawing from the facility location literature. This optimization

model determines the optimal placement of new obstetric facilities to minimize the number

of reproductive-aged women living in deserts. This model unrealistically assumes that we

can readily build obstetric facilities anywhere we want. We revisit this assumption in the

discussion.

We consider both de�nitions of obstetric deserts in our optimization models. First, we

investigate the number of new obstetric facilities that would hypothetically be required to
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reduce the number of women in “maternity care deserts” by a given percentage. To do

so, we formulated a mathematical optimization model that minimized the total number

of reproductive-aged women who live in obstetric deserts by introducing at most X new

obstetric hospitals. This model returns the optimal location of these X new facilities. Here,

X is a parameter that was varied to analyze the change in the number of reproductive-aged

women living in obstetric deserts as more facilities are introduced. We also investigate

the number of lower-level obstetric facilities that would need to be upgraded to CCO to

reduce the number of women living further than 50 miles from a CCO facility by a given

percentage. We formulated a second mathematical optimization model that minimized the

total number of reproductive-aged women living further than 50 miles from CCO services

by optimally choosing at most X existing obstetric hospitals to upgrade to CCO.

The following linear integer programming models provide a way to optimally allocate

resources (e.g., facility expansions) across a system in a way that considers constraints

(e.g., no more than 4 facilities can be expanded) and the objectives of the decision-makers

(e.g., minimize the number of reproductive-aged (RA) women living in deserts).

We implemented our models using Gurobi version 9.1.2 [115] on a machine with Win-

dows as the operating system and a 2.50-GHz processor Intel(R) Core(TM) with 16 GB

RAM.

Minimizing the number of reproductive-aged women who live in maternity care deserts

A summary of our notation is provided in Table 3.1. We consider a set of countiesC =

f 1; 2; : : : ; Cg and a set of census block groupsB = f 1; 2; : : : ; Bg. The population of

reproductive-aged women in census block groupb is denoted bypb. We use an indicator

� bc which takes on a value of 1 if census block groupb is within countyc. We useqc = 1

to indicate if countyc has no obstetric providers practicing within the county. We use an

indicatorx0
c which takes on a value of 1 if countyc has no hospital or birth center providing

obstetric care within the county.

44



Table 3.1: Summary of Notation - Maternity Care Deserts

Sets Description

C Set of counties,C = f 1; 2; :::; Cg
B Set of census block groups,B = f 1; 2; :::; Bg

Parameters Description

pb The population of reproductive-aged women in census block group
b2 B

� bc = 1 if census block groupb2 B is within countyc 2 C, 0 otherwise
qc = 1 if countyc 2 C has no obstetric providers practicing within the

county, 0 otherwise
x0

c = 1 if countyc 2 C has no hospital or birth center providing obstetric
care within the county, 0 otherwise

dc = 1 if a countyc 2 C is a ”maternity care desert”, 0 otherwise
db = 1 if a census block groupb 2 B is a ”maternity care desert”, 0

otherwise
F Maximum number of facilities to expand

Decision
Variables

Description

xc = 1 if a countyc has a hospital or birth center providing obstetric
care after infrastructure expansions, 0 otherwise

For a county to be considered a “maternity care desert”, it must have no obstetric

providers practicing and no hospital or birth center providing obstetric care within the

county.

We consider whether the county is a “maternity care desert” or not using an indicator

dc denoting that countyc is a desert (dc = 1 indicates that countyc is a desert whiledc = 0

indicates that countyc is not a desert). If a county is a “maternity care desert”, then all

block groups within the county are also obstetric deserts. We indicate if a block group is

an obstetric care desert using an indicatordb (db = 1 indicates that census block group b is

a desert whiledb = 0 indicates that census block group b is not a desert). Thus, the total

number of women who currently live in obstetric deserts is given by:
P B

i =1 pbdb.

To consider the impact of policy interventions, we consider the possibility that hospitals

can be expanded to provide obstetric services. We designate decision variablesxc 2 f 0; 1g
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such thatxc = 1 means countyc has a hospital or birth center providing obstetric care after

infrastructure is expanded. We consider a constraint that we can expand at mostF facilities

to provide obstetric care:
P C

c=1 (xc � x0
c) � F . We also consider a set of constraints that

each county is considered a desert if it has no obstetric providers and no hospital or birth

centers within the county:dc � qc + xc � 1. Further, we add another set of constraints

that each block group is considered a desert only if it is within a county that is a desert:

db �
P C

c=1 dc� bc. Finally, we add a set of constraintsxc � x0
c which enforce that no

county can be downgraded such that they no longer have a hospital or birth center providing

obstetric services.

Our optimization model will select the values of the decision variables that satisfy the

constraints in order to minimize our objective function. To minimize the total number of

reproductive-aged women in obstetric deserts, we will minimize the following objective

function:

min
x

BX

b=1

pbdb

Thus, our �nal optimization model is:
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min
x

BX

b=1

pbdb (3.1)

s.t.
CX

c=1

(xc � x0
c) � F (3.2)

dc � (qc + xc) � 1; 8c 2 C (3.3)

db �
cX

c=1

db� bc; 8b2 B (3.4)

xc � x0
c; 8c 2 C (3.5)

xc 2 f 0; 1g; 8c 2 C (3.6)

dc 2 f 0; 1g; 8c 2 C (3.7)

db 2 f 0; 1g; 8b2 B (3.8)

We can solve this problem quickly by ranking the counties in terms ofpc and selecting

theB largest values. We solve this problem for a range ofF values(F = 1; 2; 3; : : : ) to

evaluate how the number of maternity care deserts changes.

Minimize the number of women who live further than 50 miles from CCO services A

summary of our notation is provided in Table 3.2. We consider a set of census block groups

B = f 1; 2; : : : ; Bg, and the population of reproductive-aged women in census block group

b is denoted bypb. We also consider a set of obstetric hospitalsH = 1; 2; : : : ; H . We use

an indicatorx0
h which takes on a value of 1 if hospitalh provides CCO services. We use

an indicator� bh which takes on a value of 1 if census block groupb is within 50 miles of

hospitalh.

To consider the impact of policy interventions, we allow hospitals that do not provide

CCO services to be upgraded to provide CCO services. We consider decision variables

xh 2 f 0; 1g such thatxh = 1 indicates that hospitalh provides CCO services after up-
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Table 3.2: Summary of Notation - CCO

Sets Description

B Set of census block groups,B = f 1; 2; :::; Bg
H Set of obstetric hospitals,H = f 1; 2; :::; Hg

Parameters Description

pb The population of reproductive-aged women in census block group
b2 B

x0
h = 1 if a hospitalh 2 H provides critical care obstetric services

db = 1 if a census block groupb 2 B is further than 50 miles from a
hospital that provides CCO services

� bh = 1 if a census block groupbis within 50 miles of hospitalh 2 H
F Maximum number of facilities to expand

Decision
Variables

Description

xh = 1 if hospitalh 2 H provides critical care obstetric services after
upgrades

grades. Then, we add constraints to enforce that a census block group is deemed a desert if

it is > 50 miles from CCO services (db = 1 indicates that census block group b is a desert

while db = 0 indicates that census block group b is not a desert). Thus, the total number of

women who currently live in obstetric deserts is given by:
P B

i =1 pbdb. We consider a con-

straint that we can upgrade at mostF facilities to provide critical care obstetric services:
P H

h=1 (xh � x0
h) � F . Further, we add a set of constraintsdb � 1 �

P H
h=1 � chxh which

enforce that a census block group is considered a desert if it is> 50 miles from its near-

est obstetric hospital offering CCO services. Finally, we add a set of constraintsxh � x0
h

which enforce that no hospitals can be downgraded such that they no longer provide CCO

services.

Our optimization model will select the values of the decision variables that satisfy the

constraints in order to minimize our objective function. To minimize the total number of

reproductive-aged women in obstetric deserts, we will minimize the following objective
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function:

min
x

BX

b=1

pbdb

Thus, our �nal optimization model is:

min
x

BX

b=1

pbdb (3.9)

s.t.
HX

h=1

(xh � x0
h) � F (3.10)

db � 1 �
HX

h=1

� chxh; 8b2 B (3.11)

xh � x0
h; 8h 2 H (3.12)

xh 2 f 0; 1g; 8h 2 H (3.13)

db 2 f 0; 1g; 8b2 B (3.14)

We solve this problem for a range of F values.

3.1.3 Results

Characterization of obstetric deserts

Figure 3.1 shows the regions that are designated as obstetric care deserts under the two

de�nitions. In Georgia, there are 83 hospitals offering obstetric services. 56 counties that

are deemed to be “maternity care deserts”, which contain a combined 524 census blocks.

In comparison, 650 census block groups from 53 counties are deemed to be deserts using a

50-mile threshold.

Table 3.3 shows that out of the 1,910,308 reproductive-aged women who live in Geor-

gia, 104,158 (5.5%) live in “maternity care deserts”, 150,563 reproductive-aged women

(7.9%) live more than (> ) 50 miles from CCO services, and 38,202 (2.0%) live in both

“maternity care desert” and> 50 miles from CCO services.
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In Georgia, 14.8% of people do not have insurance and 14.9% of people have Medicaid.

These proportions are higher for people who live in regions characterized as “maternity care

deserts” (16.9%, 21.1%),> 50 miles from CCO services (17.2%, 20.4%), and regions des-

ignated as both (18.4%, 22.8%). Also, in Georgia, 16.9% of people have an income below

the federal poverty line. This proportion is higher in regions characterized as “maternity

care deserts” (23.7%),> 50 miles from CCO services (23.4%), and regions designated as

both (25.1%).
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Figure 3.1: Current state of obstetric care deserts in Georgia under different de�nitions (A) Maternity Care Deserts, (B)> 50 miles from
CCO services, (C) both Maternity Care Desert and> 50 miles from CCO services
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Table 3.3: Characteristics of the state of Georgia population by obstetric desert region

Georgia Overall Maternity Care Desert> 50 miles from CCO Services Maternity Care Desert &
> 50 mi from CCO Services

Total Population 10,201,635 (100.0%) 670,558 (6.6%) 890,237 (8.7%) 247,074 (2.4%)

Race
White 6,061,821 (59.4%) 427,994 (63.8%) 585,792 (65.8%) 164,592 (66.6%)
Black/African American 3,195,268 (31.3%) 210,003 (31.3%) 255,866 (28.7%) 71,646 (29.0%)
American Indian/Alaska Native 30,552 (0.3%) 1,540 (0.2%) 2,583 (0.3%) 712 (0.3%)
Asian 388,946 (3.8%) 4,031 (0.6%) 7,872 (0.9%) 1,180 (0.5%)
Native Hawaiian/Paci�c Islander 5,237 (0.1%) 569 (0.1%) 264 (0.0%) 54 (0.0%)
Other 282,570 (2.8%) 16,151 (2.4%) 21,521 (2.4%) 5,600 (2.3%)
Multiracial 237,241 (2.3%) 10,270 (1.5%) 16,339 (1.8%) 3,290 (1.3%)

Ethnicity
Hispanic/Latino 950,380 (9.3%) 37,438 (5.6%) 57,444 (6.5%) 16,797 (6.8%)

Insurance
No Insurance 1,481,625 (14.8%) 108,443 (16.9%) 146,234 (17.2%) 43,264 (18.4%)
Medicaid 1,491,181 (14.9%) 135,480 (21.1%) 173,232 (20.4%) 53,606 (22.8%)

Poverty 1,679,030 (16.9%) 150,938 (23.7%) 198,171 (23.4%) 58,789 (25.1%)

Total Female Reproductive-Aged (18-44)

18-24 492,292 (25.8%) 27,149 (26.1%) 41,512 (27.6%) 9,662 (25.3%)
25-34 709,387 (37.1%) 37,555 (36.1%) 55,886 (37.1%) 13,856 (36.3%)
35-44 708,629 (37.1%) 39,454 (37.9%) 53,165 (35.3%) 14,684 (38.4%)
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Other access measures for obstetric care deserts

Table 3.4 shows the number of reproductive-aged women who live within the speci�ed

distance from obstetric services for each level of care. Of the 104,158 reproductive-aged

women who live in “maternity care deserts”, 63% are within 50 miles of CCO services,

97% are within 50 miles of Level 2 care, and 100% are within 50 miles of any obstetric care

facility. Of the 150,563 reproductive-aged women who live> 50 miles from CCO services,

98% are within 50 miles of Level 2 care, 100% are within 50 miles of any obstetric care

facility, and 75% do not live in a maternity care desert. Of the 1,806,150 reproductive-aged

women who do not live in maternity care deserts, 93% are within 50 miles of CCO services.

Similarly, of the 1,759,745 women who are within 50 miles of CCO services, 96% live in

a county with an obstetric care facility.

Responsiveness to interventions

Figure 3.2 shows the results of our optimization analysis. To hypothetically reduce the

number of reproductive-aged women living in maternity care deserts by at least 50%, 16

new obstetric hospitals would be required in counties that are currently maternity care

deserts. This would be an increase of 19% over the 83 current number of facilities offer-

ing obstetric services and would reduce the number of reproductive-aged women living in

maternity care deserts from 104,158 to 51,477. To eliminate maternity care deserts in Geor-

gia, 56 new obstetric hospitals would be required (a 67% increase in obstetric facilities; one

facility for each county that is currently a maternity care desert).

Our optimization analysis shows that to reduce the number of reproductive-aged women

living 50 miles from CCO services by at least 50% (from 150,563 to 57,338 reproductive-

aged women) it would require upgrading 2 obstetric facilities to offer CCO services. To

eliminate all census block groups that are> 50 miles from CCO services, a minimum of 8

facilities would need to be upgraded to offer CCO services.

Figure 3.3 shows how many facilities are needed to reduce the number of reproductive-
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aged women to a speci�ed level. The number of reproductive-aged women living in ma-

ternity care deserts does not decrease signi�cantly with each expanded obstetric unit. In

contrast, a small number of expanded CCO services dramatically reduces the number of

reproductive-aged women living further than 50 miles from CCO services.
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Table 3.4: Reproductive-Aged Women Who Live Within Distance of Obstetric Care

Distance from Obstetric Care Georgia Overall Maternity Care Deserts Not in Maternity Care Deserts> 50 miles from CCO services

25 miles from:
Level 1 1,194,235 (62%) 41,860 (40%) 1,152,375 (63%) 80,529 (53%)
Level 2 1,546,787 (80%) 54,577 (52%) 1,492,210 (82%) 86,879 (57%)
Level 3 1,490,107 (78%) 17,789 (17%) 1,472,318 (81%) 0 (0%)
Any 1,883,936 (98%) 85,763 (82%) 1,798,173 (99%) 140,714 (93%)

50 miles from:
Level 1 1,791,838 (93%) 86,719 (83%) 1,705,119 (94%) 132,182 (87%)
Level 2 1,898,528 (99%) 101,364 (97%) 1,797,164 (99%) 148,257 (98%)
Level 3 1,759,745 (92%) 65,956 (63%) 1,693,789 (93%) 0 (0%)
Any 1,910,308 (100%) 104,158 (100%) 1,806,150 (100%) 150,563 (100%)

100 miles from:
Level 1 1,910,308 (100%) 104,158 (100%) 1,806,150 (100%) 150,563 (100%)
Level 2 1,910,308 (100%) 104,158 (100%) 1,806,150 (100%) 150,563 (100%)
Level 3 1,909,715 (99%) 103,630 (99%) 1,806,085 (99%) 149,970 (99%)
Any 1,910,308 (100%) 104,158 (100%) 1,806,150 (100%) 150,563 (100%)

Not in Maternity Care Deserts 1,806,150 (95%) 0 (0%) 1,806,150 (100%) 112,361 (75%)
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Figure 3.2: The number of obstetric facilities needed to be expanded to reduce the number of reproductive-aged women in obstetric
deserts by 50% and 100%.
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Figure 3.3: The number of obstetric care facilities needed to reduce the number of
reproductive-aged (RA) women in obstetric deserts based on two different de�nitions of
obstetric care deserts.

3.1.4 Discussion

Access to care is an important dimension to consider in the context of the maternal health

crisis in the United States. Our study analyzed the implications of using existing measures

of access to obstetric care as key performance indicators to evaluate and track improve-

ments in access.

In this chapter, we analyzed two current measures of obstetric access, including the

popular maternity care deserts measure. Maternity care deserts are counties in which there

are no obstetric providers or obstetric care facilities. This measure has been widely used in

both academic literature and popular media, and it has drawn widespread attention to the

lack of access to obstetric care in the US. Consistent with the March of Dimes report, we

found that 5.5% of reproductive-aged women in Georgia live in the 56 counties designated

as maternity care deserts (more than the national average, 3.5%) [97]. We found that 7.9%
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of reproductive-aged women live further than 50 miles from CCO services, which is less

than a study using 2015 data which found that 10.2% of reproductive-aged women live

further than 50 miles from CCO services [102]. This difference may be due to a difference

in distance metrics or the procedures for identifying the locations and levels of obstetric

hospitals. We additionally found that 2.0% of reproductive-aged women live in regions

that are both maternity care deserts and further than 50 miles from CCO services.

In our analysis, we considered the hypothetical implications of using current access

measures to inform facility expansions, with the goal of evaluating these measures without

concern for costs or workforce barriers. Our optimization model showed that eliminating

maternity care deserts in Georgia would require at least 56 new obstetric hospitals. Doing

so would increase the number of obstetric hospitals by 67%, from 83 to 139. In contrast,

ensuring all reproductive-age women in Georgia live within 50 miles of CCO services

would require upgrading at least 8 lower-level hospitals to provide CCO services. Thus,

these different measures of access imply very different strategies to expand access and

imply very different estimates of how many obstetric facilities of different levels are needed

in a geographic region.

Our �ndings suggest that additional tools are needed to provide estimates of how many

facilities of each level of care are needed and can be sustained in a geographic region.

Ideally, the number of facilities, their level of care designations, and coordination should

promote optimal pregnancy outcomes. Access is indeed an important dimension to this

problem, as rural regions have been associated with a greater probability of severe maternal

morbidity and mortality [93], and “maternity care deserts” associated with higher rates of

preterm birth, infant mortality, low birth weight, and maternal mortality [98, 99, 116].

However, the maternity care desert measure is highly dependent on the number of coun-

ties in a state. Counties were determined by territories and states without standardization,

resulting in high variability in the number and size of counties across states [117]. For ex-

ample, Georgia has the second most counties of any state (159), only behind Texas (254),
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although Georgia is the 8th most populated state in the United States and 24th largest by

area. Thus, this measure may encourage a large number of obstetric units in Georgia simply

because Georgia has a large number of counties, despite the fact that 82% of reproductive-

aged women who live in maternity care deserts in Georgia live within 25 miles of an ob-

stetric hospital.

Considering these measures of access alone could lead to unintended negative conse-

quences. We showed that it would require a 67% increase in the number of obstetric hospi-

tals to ensure no reproductive-aged women live in maternity care deserts in Georgia. Even

if the economic forces would allow for so many obstetric facilities, a maternal healthcare

system with that many obstetric facilities could have unintended negative consequences

due to the dilution of volume across many low-volume rural hospitals, which are known

to be associated with poor pregnancy outcomes [118, 119, 120, 121]. Moreover, staf�ng

this many units would likely be very expensive and challenging given that there are already

obstetric workforce shortages in Georgia [122].

While distance to CCO services could be a useful measure of access, this measure alone

neither considers whether there are other nearby facilities that offer potentially suf�cient

lower levels of obstetric care nor coordination between lower-level and CCO facilities.

Thus, there are a variety of limitations in using measures of access alone to inform the

number of facilities that are needed in a geographic region. These results motivate the need

for access to maternity care measures that are capable of evaluating and tracking progress

toward the reduction of lack of access. Additionally, these results motivate the need for

additional methods and tools to estimate the number of facilities of different levels of care

that are necessary and sustainable within a geographic region.

Our study is not without limitations. We did not account for geographical barriers or

traf�c when calculating distance from the centroid of a census block group when computing

whether the group is further than 50 miles from CCO services, and we did not account for

measurement errors in the ACS. We did not account for other important barriers to access,
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such as transportation disadvantage and insurance coverage. We also did not account for

out-of-state hospitals that offer obstetric services that could provide care to pregnant people

in Georgia. Finally, our analysis only considered potential access. Future work may inves-

tigate the impact of facility expansion on realized access to care, especially considering

some patients prefer to bypass local hospitals to receive care elsewhere [34, 27].

3.1.5 Conclusion

Our �ndings suggest that the current measures of obstetric access, while useful for captur-

ing certain dimensions of the maternal healthcare system, may not be useful for estimating

the optimal number, designations, and coordination of obstetric care within a geographic

region. Speci�cally, the maternity care desert measure is not a practical performance indi-

cator of improvements to access to obstetric care. Thus, there is a need for tools that can

track improvements and inform the appropriate number of obstetric care facilities that are

needed in a geographic region. In addition, future work may examine how to optimally

balance the cost and outcomes of expanding care, considering the trade-offs between in-

creased access and loss of quality due to dilution and staf�ng issues, and incorporating

alternate access expansion strategies such as home visits, telemedicine, and transportation

programs.

3.2 Understanding Access to Care in the State of Georgia

In the previous section, we demonstrate the limitations of the current leading measurements

of access to obstetric care: (1) the March of Dimes “maternity care desert” measure [97]

and (2) regions that are further than 50 miles from the closest hospital that provides CCO

services, and we demonstrate the need for better measures of access to obstetric care to

inform policies to maintain and expand access. Pregnant women should not only be able

to travel within a reasonable distance to receive care, but should also receive high-quality

care. Low birth volumes can present challenges that impact patients' quality of care and
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ultimately their outcomes. A recent study analyzed the relationship between hospitals'

annual birth volume and their maternal health outcomes across four different states [123].

This study showed that the risk of experiencing severe maternal morbidity was signi�cantly

higher for patients who delivered at rural hospitals with low delivery volume (< 460 annual

births), regardless of the patient's pregnancy risk [123]. There are some hypotheses for

why these elevated risks are observed, including a lack of support and resources to maintain

quality standards, challenges in maintaining skilled healthcare professionals, and a lack of

appropriate staf�ng or equipment. Some of these reasons could be mitigated if care were

to be consolidated. In this section, we visualize two dimensions of access to care, distance

to care and volume of care, to better illustrate the current state of access to obstetric care

in the state of Georgia. In the remainder of this thesis, these dimensions will serve as the

metrics on which we optimize to determine how to best maintain and improve access to

obstetric care.

To visualize the distance to obstetric care and the volume of obstetric care in the state

of Georgia, we inferred the spatial distribution of communities that demanded obstetric

services and the spatial distribution of obstetric care facilities. We de�ned communities

as census block groups and estimated their location using the latitude and longitude of the

center of population of each census block group [111]. We included obstetric facilities in

Georgia where more than 10 births occurred in 2022, as observed in Georgia birth certi�-

cate data. We obtained the facilities' level of care from public records from the Georgia

Department of Public Health [124]. We also obtained the delivery volume of each facility

in 2022 from Georgia birth certi�cate data. We calculated the distance between each ob-

stetric facility and each community of patients as the road distance in miles between the

coordinates of each facility and each census block group's center of population using Open

Source Routing Machine (OSRM) in Python [125].
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