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ABSTRACT 

The overuse of antibiotics has adverse consequences at the individual and population levels. 

Antibiotic prescribing is one subset of physician diagnostic and prescribing behavior; prescriptive 

and treatment behaviors have been shown to respond to exogenous pressures, including 

organizational structure or changes to health insurance coverage system. Due to the immense 

cumulative impact of Clostridioides difficile infection, an increasingly antibiotic resistant 

pathogen which nearly exclusively follows antibiotic use, it is critical to understand how this subset 

of physician behaviors might specifically be affected by system changes. One recent change with 

widespread and well-documented implications for physician behavior and patient health is the 

implementation of Medicaid expansion as a result of the Affordable Care Act. This thesis uses a 

difference-in-difference framework to analyze whether Medicaid expansion had an effect on 

adverse outcomes due to antibiotic usage through the orthogonal measure of deaths due to infection 

from C. difficile, a common and serious infection following the administration of a broad-spectrum 

antibiotic. Results of the model estimate a significant reduction in C. difficile mortality associated 

with Medicaid expansion, absent from estimates of associated effects on all-cause infectious 

disease mortality. Additional specifications of the model find significant effects on mortality 

associated with provider- and system-level health care factors. 
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CHAPTER 1: INTRODUCTION 

 

1.1 Clostridioides difficile and antibiotic resistance 

Clostridioides difficile (C. difficile) is a Gram-positive anaerobic bacillus; the species includes 

both toxogenic and non-toxogenic strains. C. difficile infection is almost entirely observed 

following an antibiotic course and often has serious adverse effects1. In addition to patient 

consequences, the treatment of C. difficile presents a costly burden to the health care system2,3. 

The Gram-positive nature of C. difficile makes it an important bellwether for the country’s 

antibiotic sensitivity climate. Gram-positive bacteria are so classified due to the construction of 

their cell-wall, a feature which historically meant they were susceptible to classical antibiotics (e.g. 

penicillin); Gram-positive bacteria, like C. difficile, have been increasingly evolving to develop 

new defenses against our current antibiotic libraries1. The shrinking list of treatment options due 

to pathogen resistance to antimicrobial therapeutics is a major cause of inter-disciplinary concern. 

 

Antibiotic resistance is a microbial state in which bacteria “develop the ability to defeat the drugs 

designed to kill them”4. The CDC reports that over 70% of the bacteria responsible for nosocomial 

infections are resistant to at least one common antibiotic4. Antibiotic resistance is a threat which 

carries clinical, economic, and policy implications5. The most prominent cause of antibiotic 

resistance is the unnecessary prescription of antibiotics. The CDC estimates that more than 30% 

and up to 50% of antibiotic prescriptions in hospitals are “unnecessary or inappropriate” 5.  
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1.2 Provider behavior and the payer mix 

It is a well-documented phenomenon that physician behavior responds to incentives6. The health 

care structure plays a role in this phenomenon; specifically, the payer mix is one factor of particular 

concern to the research reported here. In order to understand why payer mix might play a role in 

influencing provider behavior, it is critical to move forward with a thorough understanding of 

provider compensation and the structures in which providers operate. 

 

The most common compensation structure for physicians is the fee-for-service (FFS) model7, in 

which a provider receives reimbursement for diagnostic or treatment services provided during a 

visit, identified in patient records and billing statements through identification codes 

corresponding to medical condition or course of action. The main competitor to the FFS model is 

a managed care plan, in which insurers pay a capitated (per-member-per-month) rate to providers 

who see beneficiaries enrolled in the plan. One central theory behind the design of managed care 

models is to disconnect provider recommendations from compensation. Importantly, in a FFS 

payment structure there are no explicit consequences to the physician for unnecessary 

overtreatment, unnecessary prescription of antibiotics being one of the most common 

overtreatment behaviors. 

 

Medicaid, a federally mandated and funded low-cost insurance program for children, and low-

income or disabled adults, employs both FFS and managed care structures. In the Medicaid public 

insurance program, states are able to determine their own coverage system and may compensate 

providers through FFS, a managed care plan, or a combination of both8. Notably, while more than 
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two-thirds of non-disabled/non-elderly Medicaid beneficiaries are enrolled in managed care plans, 

the disproportionate majority of Medicaid spending occurs in the FFS setting9.  

 

Medicaid is only one payer of many; providers typically see patients who are each insured by many 

possible types of payers using different compensation structures. The payer mix, or the 

composition of a health center’s revenue which comes from different insurers (and insurance 

structures), is often studied by health care executives due to its impact on net revenue and 

institutional financial health. The payer mix is a calculation of the relative number of patients 

insured by each payer, and the reimbursement for a code or capitated rate. Payer mixes are 

predominantly comprised of Medicaid, Medicare, FFS private insurance, managed care private 

insurance, and other proportionally smaller payers. 

 
Because providers respond to incentives such as changes to revenue structure, and payer mix 

influences revenue levels, and the number of Medicaid enrollees contributes to the payer mix, it 

follows that Medicaid expansion, a policy implemented on a state-by-state basis following the 

passage of the Affordable Care Act (ACA), is an important subject of research into potential 

changes to provider behavior in relation to the policy change. Since provider behavior determines 

antibiotic usage, and inappropriate antibiotic usage has measurable negative consequences, 

understanding the relationship of this downstream outcome to the Medicaid expansion policy 

change is of critical importance to clinical, economic, and public policy disciplines.  

 
Figure 1, a directed acyclic graph (DAG) of causal assumptions10 in the relationship between 

Medicaid expansion and mortality due to C. difficile, provides a visual representation of the 

theoretical framework underlying the assumptions guiding this thesis and the following empirical 
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analysis. The basis for potential confounding, and the necessary a priori knowledge, are justified 

and accounted for in the DAG. Figure 2 is another DAG demonstrating, alternatively, assumptions 

of the same model when the outcome is a measure of aggregate mortality rates due to all infectious 

diseases other than the antibiotic resistance indicator. The distinction that C. difficile is a cause of 

death which uniquely indicates the antibiotic resistance environment is justified by the differing 

assumptions in Figures 1 and 2. Additionally, the distinction that mortality due to C. difficile is not 

merely a reflection of effects on all-cause mortality but rather an indicator of separate analytical 

findings is central to interpreting the results of this study. The empirical approach to address 

confounding is discussed in Chapter 3, Data and Methods, while the a priori knowledge is 

described in depth in Chapter 2. 
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CHAPTER 2: LITERATURE REVIEW 

 

This thesis aims to contribute a novel investigation of a relationship between changes to the payer 

mix, caused by Medicaid expansion, and provider prescribing behavior, measured by the 

orthogonal observation of deaths due to C. difficile. While literature examining this specific 

linkage is sparse, there are well developed studies examining each component of this research 

question. The components of this literature review are separated into three main parts: (1) antibiotic 

resistance and the prescribing behavior exacerbating the phenomenon, (2) provider behavior, 

health system characteristics and incentive structures, and (3) the effects of the ACA and Medicaid 

expansion. 

 

2.1 Antibiotic resistance 

Because infectious diseases (IDs) are caused by living organisms, treatment of infectious diseases 

must consider the ability of the pathogen to evade the therapy. The first antibiotic, penicillin, was 

discovered in 1941; just one year later, in 1942, the first penicillin resistant bacteria was isolated. 

This pattern continued with increasingly dire consequences over the next 80 years. More 

sophisticated, complex, and expensive drugs (many with unpleasant side effects) were developed 

to bypass pathogens’ evolving ability to evade current standards of treatment11.  

 

Alongside the proliferation of antibiotic varieties, and antibiotic-resistant bacteria, was the 

increasingly generous and non-selective prescriptive habits of providers treating ID patients12. 

Because there are many potential therapeutic options to treat some classes of bacteria, and because 

it is demonstrated that treatment course has a direct effect on antibiotic resistance, factors which 
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influence ID transmission and antibiotic utilization merit further examination. The factors of 

particular interest to this research are those which might have a role in antibiotic use and infection 

with antibiotic-resistant pathogens such as C. difficile. Provider behavior is one factor which 

influences treatment course, while health system characteristics are a set of categories which could 

influence ID transmission. 

 

2.2 Provider behavior, health system characteristics, and incentive structures 

It is well demonstrated that providers respond to incentives. By exploring the impact of 

adjustments to the Medicare fee schedule, it has been demonstrated that changes in the procedure 

payment level affects physicians’ supply functions13. Reducing the fee schedule for a procedure 

resulted in positive own-price and negative cross-price effects14; this finding implies that 

physicians are aware of incentive shifts and make supply decisions in consideration of this 

information. Further research15 confirmed this finding and concluded that physicians’ behavior 

resembles profit maximizing firms, rather than target income seekers as intuition might suggest. 

 

In addition to evidence showing that physicians make determinations for cases based on 

information about compensation, there is evidence that physicians adjust patient mix in response 

to incentives as well. Changes to the Medicaid fee schedule in the 1980s and 1990s increased fees 

and expanded coverage for a subset of patients; this fee change and expanded eligibility increased 

access to physician services for Medicaid patients16. Conversely, cuts to the Medicaid fee schedule 

reduce access to physician services17. Of specific interest to this study is the finding that Medicaid 

fee cuts shift care for Medicaid patients away from physician office visits toward hospital 

emergency departments, especially outpatient departments. Clinically relevant to the study of 
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antibiotic resistance is the finding that the primary diagnoses for which the site of care shifted were 

preventative conditions including hypertension, urinary tract infections, and diabetes. These 

chronic conditions can be easily treated with early intervention but become pernicious with belated 

intervention18. 

 

Considering the body of research as a whole, a theme emerges of an incentive structure influencing 

provider behavior and access to care, separate from what may be clinically optimal. The 2010 

passage of the ACA included several legislative changes19 attempting to transform the health care 

system to one which expands access to care to those previously unable to adequately receive it and 

shifts the cost structure to one which better incentivizes high value over high quantity of health 

care furnished to a patient. 

 

2.3 The effects of the ACA and Medicaid expansion 

One of the most significant changes included in the ACA was the increased availability of public 

insurance to individuals who were previously uninsured. Medicaid expansion describes a set of 

policy changes enacted in the ACA, which increases the number of individuals eligible to receive 

public insurance by lowering the financial eligibility requirement to any individual with an income 

less than 133 percent of the federal poverty limit. Legal action rendered implementation of this 

statute uniquely up to state discretion. Starting in 2014 states began adopting the expanded 

eligibility and receiving federal funding to cover the costs of care for the additional beneficiaries. 

By 2017, the most recent year used in this study, 32 states had adopted expanded Medicaid20 and 

18 states had not. Now, 7 years after the earliest implementation of Medicaid expansion, a sizable 

body of research as studied the wide-ranging outcomes associated with the policy. Some of the 
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most critical findings relate to “access to care and related measures (including utilization, quality 

of care and health outcomes, provider capacity, and affordability and financial security); and 

various economic measures,”21 directly associated with expanded Medicaid. 

 

As described earlier in this literature review, research prior to the implementation of the ACA 

found that Medicaid fees led to differences in patient care. More recently, research has indicated 

that Medicaid expansion resulting from the ACA reduced all-cause mortality in states which 

expanded the program22. A meta-analysis21 of literature on broad groups of outcomes finds that of 

145 studies, 115 found positive effects on access to care due to Medicaid expansion and the 

remaining 30 found no different or mixed effects. The same meta-analysis found 71 out of 73 

studies found that Medicaid expansion was associated with a positive effect on the payer mix, 

while the remaining 2 studies found no difference. Despite the fact that there is recent evidence 

indicating that Medicaid expansion reduces all-cause mortality, the meta-analysis of health 

outcomes shows mixed findings: in 17 studies, 9 show positive health outcomes associated with 

Medicaid expansion, however 6 show no- or mixed-effects and 2 studies find negative effects. It 

may be noted here that because clinical findings may be affected by an extremely broad set of 

factors and health outcomes are varied and complex, it is reasonable to expect that effects on health 

outcomes are less clearly delineated by Medicaid expansion status. 
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CHAPTER 3: DATA AND METHODS 

 

3.1 Data 

This study utilizes mortality data acquired from the CDC Wide-ranging Online Data for 

Epidemiologic Research (WONDER) Dataset23. The WONDER Dataset is an administrative data 

set which uses mortality data compiled annually by the National Vital Statistics System in the 

National Center for Health Statistics from death certificates nationwide. Through a CDC 

WONDER Online Database, mortality data is available at the county level for all states and 

territories in every year up to 2018. The underlying, or primary, cause of death is indicated by 10th 

revision of the International Classification of Diseases24 (ICD-10) codes; this study is particularly 

concerned with causes of death assigned ICD-10 codes in chapter A, “Certain infectious and 

parasitic diseases,” particularly code A04.7, the cause of death code attributed to infection with C. 

difficile.  

 

This study utilizes another administrative data set: The Area Health Resource Files (AHRF), 

available through the Bureau of Health Workforce in the U.S. Health Resources and Services 

Administration (HRSA), an Agency within the Department of Health and Human Services25. The 

AHRF data set contains multi-year, county level measures of detailed variables including 

demographic information, health care workforce and utilization data, and the health insurance 

status of population subsets as well as in total. County level information is identified by the 

corresponding Federal Information Processing Standards (FIPS) code. AHRF includes data on the 

number and type of physician; data are from the American Medical Association Physician 

Masterfiles (Copyright). Physician specialty is self-reported in the Physicians’ Practice 
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Arrangements (PPA) questionnaire. The type of health facility is reported in the American Hospital 

Association AHA Annual Survey of Hospitals (Copyright). For hospitals with absent or incomplete 

responses, AHRF replaces values with estimates from regression models predicting the value for 

the relevant year based on information for other years. Hospital beds are defined as “the number 

of beds regularly maintained (set up and staffed for use) for inpatients,” (AHRF). Short Term 

Community Hospitals are defined by the American Hospital Association as hospitals in which the 

majority of patient stays are fewer than 30 days. 

 

3.2 Empirical model 

Because the Affordable Care Act and resulting Medicaid expansion policy assignment might be 

associated with the characteristics of the population, a model which accounts for this relationship 

is required for empirical analysis. This study uses a difference-in-difference (DD) framework26 to 

estimate the potential impact of ACA Medicaid expansion on mortality rates caused by 

Clostridioides difficile. By using an aggregate of states who did or did not adopt Medicaid 

expansion as treatment and control groups respectively, this method builds an appropriate 

counterfactual to the intervention and accounts for unobserved variables within the sample which 

may bias other estimates. More specifically, we estimate 

 

 

    Yi = α +  β1(Ti) + β2(ti) + β3(Ti ∙ ti) + εi.   (1) 

 

where Yi is the outcome measuring per capita deaths attributed to C. difficile. The DD model 

interacts treatment (Ti) with time (ti) to determine the correlation of treatment alone. The constant 
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term is captured by α, β1 is the effect specific to the treatment group, β2 is the trend common to 

both treatment and control groups during the time period, and β3 is the true effect of the treatment. 

εi represents the error term, which includes omitted determinants of Yi. 

The models building from this base account for additional health system factors, such as hospital 

bed availability and the composition of sites of services available to a region. 

 

    Yi = α + β1(Ti) + β2(ti) + β3(Ti ∙ ti) + β4(HOSPITALS) + β5(HOSPITAL BEDS) 

+ β6(TOTAL MD’S) + β7(TOTAL PCP’S) + εi.  (2) 

 

    Yi = α + β1(Ti) + β2(ti) + β3(Ti ∙ ti) + β4(HOSPITALS) + β5(HOSPITAL BEDS) 

+ β6(STCH’S) + β7(ASC’S) + β8(RHC’S) + β9(FQHC’S) + β10(TOTAL MD’S) + 

β11(TOTAL PCP’S) + εi.  (3) 

 

 

The second and third equations build upon the baseline DD model (1) to account for covariates 

related to health system factors. The provider level factors included in the model are: TOTAL 

MD’s, or the number of practicing physicians with medical doctorates in a county as accounted for 

in the AMA Physician Masterfiles; and TOTAL PCP’s, or the total number of practicing primary 

care providers of all graduate degrees (most often MDs, DOs, or NPs). The system level factors 

included in the model are: HOSPITALS, or the total number of hospitals in a county with at least 

six beds; HOSPITAL BEDS, the number of beds in a facility of any kind; STCH’s, or Short Term 

Community Hospitals, which are non-federal hospitals for whom the average length of stay for a 

patient is fewer than 30 days; RHC’s, or Rural Health Clinics, which is an outpatient center 
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providing primary health services to a rural and medically-underserved area; and FQHC’s, or 

Federally Qualified Health Centers, which are usually outpatient safety-net providers. 

 

This DD model makes four critical assumptions. Firstly, the model assumes that the treatment 

(Medicaid expansion states) and control (non-expansion states) would have exhibited parallel 

trends for the outcome variable in the absence of an intervention. The model assumes that 

assignment of the intervention is independent from the dependent variable: that is to say that 

Medicaid expansion was not determined in a way related to prevalence of antibiotic resistance. 

Third, the model assumes there is no interference between the effect of treatment and control 

observations. Finally, the DD model assumes that possible outcomes are clearly defined per se and 

in relation to treatment status. 

 

3.3 Measures 

3.3.1 Dependent variable 

The central outcome measured in this thesis is the rate of mortality due to infection cause by C. 

difficile. This measurement is a relevant metric for the problem of antibiotic resistance due to two 

key attributes. While non-toxigenic colonization of C. difficile is not uncommon, C. difficile 

infection almost exclusively associated with a disruption in the normal microbiome following 

broad-spectrum antibiotics. Although C. difficile has historically been susceptible to first-line 

antibiotics, such as penicillin, the microbe has exhibited a rapid increase in antibiotic resistance. 

Because C. difficile infection signals previous antibiotic therapy and displays serious treatment 

obstacles due to emerging antibiotic resistance, mortality due to the pathogen is an appropriate 

signal for antibiotic resistance phenomena. 
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3.3.2 Independent variables 

The treatment variable in the DD model is Medicaid expansion. This binary variable is 

independently imposed onto county-level data based on state expansion status in 2017. Additional 

independent variables relate to health care system factors. These include the per capita rate of 

different sites of service, including ambulatory surgical clinics (ASCs), rural health centers 

(RHCs), federally qualified health centers (FQHCs), short term community hospitals, hospitals, 

and hospital beds. Others include providers per capita, such as total MDs, family medicine or 

general practice MDs, and total primary care providers (of all professional degrees).  
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CHAPTER 4. RESULTS 

 

4.1 Descriptive results 

Tables 2 and 3 contain county-level descriptive statistics illustrating demographic and health care 

system information, respectively, differentiating based on state Medicaid expansion status. Table 

2 details specifically the small differences between aggregate county-level demographics in 

Medicaid expansion and non-expansion states. Expansion state counties have on average larger 

populations than those in non-expansion states. Residents of expansion states typically have 

greater per capita and median household incomes than residents of non-expansion states. 

Additionally, the total per capita mortality rate average of both observation years in aggregate was 

lower in expansion states. 

 

Table 3 conveys statistical analyses of health system characteristics at the county-level, 

differentiating between Medicaid expansion and non-expansion states in each observation year. 

Despite the demographic differences described above, many measures of health system 

characteristics were similar in expansion and non-expansion states. Counties had, on average, 1.7-

1.9 hospitals for every 100,000 residents. Hospital beds per capita are also similar between groups: 

in 2010, expansion states reported 3.43 beds per 1,000 residents while non-expansion states 

reported 3.57 beds per 1,000 residents. Each decreased at a similar magnitude in 2017, reporting 

3.10 and 3.26 beds per 1,000 residents for expansion and non-expansion groups, respectively. 

Understandably, rural health clinics were more represented in the non-expansion group, likely 

explained by the higher level of rural counties in non-expansion states. Ambulatory surgery clinics 

(ASCs) were represented at equivalent levels (for 2010, expansion: 1.8/100,000 residents and non-
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expansion: 2.0/1000,000 residents) but the change in 2017 vs. 2010 levels was of opposite 

directionality for each group. ASCs increased in 2017 for the counties in the expansion group and 

decreased in the non-expansion group; in 2017 expansion state counties had on average 2.0 

ASCs/1000,000 residents (increase of 0.2) while non-expansion state counties had on average 

1.7/100,000 residents (decrease of 0.3). 

 

Table 3 also describes levels of physicians in each group. Per capita, all types of MDs were on 

average more prevalent across both years in the Medicaid expansion states. Primary care providers 

(PCPs) (of all professional degrees, e.g. MDs, DOs, or NPs) were slightly more prevalent in 

Medicaid expansion states. For both groups, both total MD and PCP per capita quantities increased 

in 2017 over 2010. Smaller, more specific subsets of provider types showed less disparities 

between the treatment and control populations. 

 

In summary, Tables 2 and 3 considered together present a statistical characterization which offers 

analytical merit per se and additionally serves as an important basis for the estimation of the DD 

model in the next section.  

 

4.2 Regression results 

Table 4, “Difference-in-Differences estimates of mortality due to C. difficile,” presents the 

estimates of the three models used in this study. Model 1 estimates only the difference-in-

differences base model: the effect of Medicaid expansion on C. difficile deaths with no covariates. 

This model estimates that Medicaid expansion has a statistically significant negative effect on the 

C. difficile mortality rate. When modeling only the correlation of the treatment, time, and the 
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difference-in-differences, with Medicaid expansion there is an associated 0.93 less C. difficile 

deaths per 100,00 people in a county in a year. Even with no adjustment for confounding, this 

finding was statistically significant at the one percent level. 

 

The second specification builds upon the findings of the first to further specify the treatment effect. 

This model estimates the effect of Medicaid expansion on C. difficile deaths accounting for 

covariance of primary care providers per capita, hospital locations per capita, and hospital beds 

per capita. With the increased specification to account for health care access factors, the statistical 

significance of the effect attributed to Medicaid expansion remained constant – that is, Medicaid 

expansion was associated with a reduction in deaths due to C. difficile of 0.87 per 100,000 residents 

statistically significant at the one percent level. Additional coefficients of independent variables in 

the model provide interesting context for the correlation between Medicaid expansion and 

mortality. The capitated rate of MD’s, of all specialties, was associated with decreased C. difficile 

mortality at the 0.05 percent level of statistical significance, although the magnitude of this 

association was half of that associated with Medicaid expansion. The capitated rate of hospitals 

was associated with the largest magnitude of effect: the number of hospitals per capita was 

correlated to an increase in C. difficile mortality of 0.8865 per 1,000 residents in a county. This is 

nearly 100-fold higher than the coefficient for the Medicaid expansion difference-in-differences 

variable. There was no statistical significance associated with the number of hospital beds or 

primary care providers (PCPs) per capita. 

 

Model 3 includes additional specifications for covariance. The model builds upon the second but 

additionally accounts for the proportional prevalence of short-term community hospitals (STCHs), 
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ambulatory surgical clinics (ASCs), rural health clinics (RHCs), and federally qualified health 

clinics (FQHCs). This specification resulted in the largest reduction in C. difficile mortality 

associated with Medicaid expansion, statistically significant at the 1 percent level. While sign and 

statistical significance of the treatment effect remained unchanged, additional specification did 

affect other independent variables in the model. Hospitals, hospital beds, ASCs, and RHCs all had 

no statistically significant relationship to C. difficile mortality. STCHs, FQHCs, and the two 

independent variables accounting for providers – total MDs and PCPs – all displayed a statistically 

significant association with the outcome. STCHs were associated with high increases in annual C. 

difficile deaths: 1.15 deaths per 1,000 county residents at the 1 percent level. The increase 

associated with FQHCs was much smaller (0.22 per 1,000 residents annually) and the increase 

associated with prevalence of PCPs even lower (0.13 per 1,000 residents annually), both at the 1 

percent level. Of these four, only the total per capita levels of MD’s were correlated to a reduction 

in C. difficile mortality (4.6 deaths per 1000,00 county residents annually), at the 0.05 percent 

level. 

 

Because, as previously described, Medicaid expansion is associated with decreased all-cause 

mortality, it is necessary to examine whether the decrease in C. difficile mortality estimated in 

Table 4 is simply an artifact of this finding. Table 5, DD Models estimated to the outcome of all 

mortality of other infectious etiology, tests the sensitivity of the models against outcomes other 

than mortality due to C. difficile. The findings in Table 5 replicate the three specifications of the 

base DD model and only change the outcome. All three models estimate the relationship between 

Medicaid expansion and broad infectious disease (ID) mortality to have no statistical significance. 

The second and third models estimate that several independent variables aside from the treatment 
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do correlate to statically significant effects on ID mortality. At both levels of specification, 

hospitals per capita was associated with an increase in ID mortality at the 0.05% level of statistical 

significance. At both levels of specification, the number of total MD’s per capita was associated 

with an decrease in ID mortality at the 0.05% level of statistical significance. In the third model, 

STCHs, RHCs, and FQHCs per capita were all associated with increased ID mortality at the 0.05% 

level of statistical significance. Notably, STCHs were estimated to have the greatest magnitude of 

associated increase in ID mortality – 1.58 deaths annually per 1,000 individuals in a county – 

higher even than traditional hospitals. Overall, Table 5 confirms that the effect associated with the 

treatment DD is sensitive to the outcome specified in the model. 
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CHAPTER 5. DISCUSSION 

 

5.1 Implications 

The findings support the hypothesis that Medicaid expansion is associated with a reduction in 

deaths due to C. difficile. When taken into consideration alongside additional findings, together 

with the existing literature, these findings support the hypothesis that Medicaid expansion is 

associated with changes in health system factors which reduce the incidence of antibiotic resistance 

related deaths. Beyond these broad and critical implications, there are subtler findings of interest 

within this study. 

 

The DD model estimating the effect of Medicaid expansion also found associations with provider- 

and system- level factors which correspond to the literature concerning access to care and its effect 

on antibiotic stewardship. In both specifications, the total number of MD’s was associated with a 

reduction in C. difficile deaths. This finding is consistent with the concept generally that provider 

access improves care and can lead to reduced adverse outcomes. In the mid-level of specification, 

the model estimated that hospitals were associated with increased levels of C. difficile mortality. 

Interestingly, this effect was eliminated with increased specificity and instead the inclusion of 

short-term community hospitals accounted for this relationship. Both of these details are consistent 

with the knowledge that C. difficile is often a nosocomial pathogen; alternatively, it could be that 

because very sick patients are often transported to a hospital this correlation is an artifact of some 

bias where the sickest C. difficile patients, who are most likely to die due to infection, are treated 

in the hospital setting. At the most specified iteration of the model, primary care providers were 

also associated with increased rates of C. difficile mortality. This finding is potentially a result of 
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the fact that nearly all antibiotic prescriptions are generated by this specialty. It is possible that 

antibiotic prescribing is more frequent in areas where there are higher concentrations of primary 

care providers. This could contribute to C. difficile infections as sequelae of antibiotic therapy and 

could contribute to antibiotic resistance through overprescribing behavior in aggregate, leading to 

C. difficile mortality through higher prevalence of antibiotic resistance. 

 

The analysis of whether these findings are a reflection of reduced all-cause mortality, or a true 

representation of a link between Medicaid expansion and antibiotic resistance, is investigated in 

Table 5 and reported intriguing results. The DD estimate of Medicaid expansion found no 

statistically significant relationship with the aggregate mortality of other infectious diseases. 

Trends in other independent variables at the second and third model specifications were consistent 

with the findings for the C. difficile specific model, supporting the validity of this approach. These 

estimates conform to the assumptions described in the introduction and illustrated in Figures 1 and 

2. Figure 1 shows how a priori knowledge indicated that C. difficile infection and mortality is a 

unique indicator of antibiotic resistance—antibiotic usage being a prescribing behavior affected 

by the payer mix—and how Medicaid expansion could affect this outcome through possible 

confounding factors. Figure 2 shows how all-cause ID mortality is not attuned to antibiotic 

resistance and was therefore not assumed to exhibit the same associated effects. The results of 

Table 4 and Table 5 in comparison confirm these assumptions. 

 

In summary, although this model investigated an outcome far downstream from the treatment and 

affected by many other factors, the study supports the hypothesis that Medicaid expansion is 

associated with a reduction in adverse outcomes due to antibiotic resistance. This relationship 



 21 

implies subtle changes to antibiotic stewardship, supported by the model’s estimated provider and 

health system level associations with C. difficile mortality. 

 

5.2 Limitations 

While the use of a DD model and explicitly defined a priori causal assumptions help to refine the 

study design, this research is met with limitations which prevent statements of clear causal 

linkages. With respect to the study design itself, one limitation are the assumptions – namely, that 

the parallel trends between expansion and non-expansion states is satisfied. For example, it is 

possible that there are less well-defined “public health propensity” differences influencing both 

the likelihood of a state adopting expanded Medicaid and their attitudes towards mitigating 

antibiotic resistance. Additionally, this study likely omits relevant external controls which could 

increase the validity of the findings. 

 

There are also key limitations with respect to the data used to model the findings. Firstly, it is 

possible that not all C. difficile deaths are captured in the data, both due to clinician decisions and 

state-level reporting variation. Additionally, there are a relatively small number of observations 

recording the outcome of interest, which affects the validity of the model and reduces the degrees 

of freedom in model development (potentially contributing to omitted variable bias, discussed 

above). With regards to the scope of the data, only two years (one pre- and one post-treatment) 

were included in the analysis. It is likely that a more refined interpretation would emerge from 

inclusion of additional years of data. 
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5.3. Future directions 

This study indicates a possible association between Medicaid expansion and patient outcomes 

related to antibiotic prescribing and the treatment of antibiotic resistance infection. Because 

enactment of federal policy and individual patient outcomes are separated by many, many factors 

and decision points, there is a wealth of opportunity for future research. One immediate next step 

in this research is to incorporate additional elements into the model, as sample size power allows. 

More variables included in the model might identify subgroups within non-expansion and 

expansion groups to examine whether other relevant policy trends display clinical implications for 

the antibiotic stewardship environment. More broadly, there are many factors worth investigation 

between the stage of federal policy and patient outcomes. Similar approaches as those employed 

in this study might identify with more sophisticated granularity whether specific policy-level 

factors in the midst of the currently described pathway are associated with the antibiotic resistance 

environment. 
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CHAPTER 6. CONCLUSION 

 

The research presented in this study, reviewed alongside cumulatively existing literature, supports 

the hypothesis that Medicaid expansion is associated with a reduction in adverse events resulting 

from antibiotic resistance. The known effect of Medicaid expansion on provider behavior and 

health care access is here observed as the possible influence on antibiotic prescribing and 

treatment; this is proposed as the mechanistic link between the many stages of care which impact 

antibiotic resistance. Altogether, this thesis presents research investigating Medicaid expansion 

and evidence which suggests a potential novel link between policies determining health care 

coverage and a clinically relevant outcome. These findings have interdisciplinary relevance and 

offer avenues for future research. 

 

This finding has relevance for policy makers, clinicians, and researchers interested in developing 

a thorough understanding of the relationship between policy and patient outcomes. Stakeholders 

in policy development might want to account for all effects associate with a policy in order to 

accurately evaluate potential future proposals and plan for the future of the program. Additionally, 

addressing antibiotic resistance has been a longstanding priority both domestically and globally. 

Research describing levers by which to change prescribing behavior has important implications 

for these initiatives. Similarly, researchers of several disciplines who study the health care system 

and investigate the relationship between policy and patient outcomes may look to the pathway 

between Medicaid expansion and reduced antibiotic resistance as an avenue for further 

mechanistic analysis. These future directions of study likely hold intriguing implications for 

epidemiology, economics, and health services research – each with a methodology useful to better 
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understanding the factors impacting patient health. Patient health is, however, the implicit domain 

of the clinician. Clinicians may find that this research informs their evaluation of non-clinical 

factors, such as patient access to care, when developing treatment plans that account for the whole 

person, including situational factors such as economic and policy environments in which the 

treatment takes place.  

 

Previous research demonstrated the wide-ranging effects associated with Medicaid expansion. 

Medicaid expansion’s suggested positive impact extends to health care structures and access, the 

payer mix, and provider behavior. Each of these factors is known to impact clinical outcomes. This 

thesis examined the previously untested clinical factor of antibiotic resistance, measured through 

the orthogonal outcome of deaths attributed to C. difficile. The model estimated a reduction in C. 

difficile deaths possibly associated with Medicaid expansion. This association was not observed in 

other infectious disease mortality, supporting the use of C. difficile as an indicator of this clinical 

factor. Collectively, the findings of this study show initial support for the hypothesis that Medicaid 

expansion might be associated with an improvement in overall antibiotic stewardship. This study 

is a contribution to the literature indicating that the relationship between clinical outcomes and 

health care policy merits thorough study. 
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FIGURES AND TABLES 

 

Figure 1. Directed acyclic graph (DAG) of causal assumptions in the relationship between 

Medicaid expansion and mortality due to C. difficile 

 

 

  

Figure 2. DAG of assumptions in the relationship between Medicaid expansion and broad 

infectious disease mortality 
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Table 1. Medicaid Expansion Status of States 

STATE EXPANSION STATUS 

 
ALABAMA 
ALASKA 
ARIZONA 

ARKANSAS 
CALIFORNIA 
COLORADO 

CONNECTICUT 
DELAWARE 

DISTRICT OF COLUMBIA 
FLORIDA 
GEORGIA 
HAWAII 
IDAHO 

ILLINOIS 
INDIANA 

IOWA 
KANSAS 

KENTUCKY 
LOUISIANA 

MAINE 
MARYLAND 

MASSACHUSETTS 
MICHIGAN 

MINNESOTA 
MISSISSIPPI 
MISSOURI 
MONTANA 
NEBRASKA 

NEVADA 
NEW HAMPSHIRE 

NEW YORK 
NEW JERSEY 
NEW MEXICO 

NORTH CAROLINA 
OHIO 

OKLAHOMA 
OREGON 

PENNSYLVANIA 
RHODE ISLAND 

SOUTH CAROLINA 
SOUTH DAKOTA 

TENNESSEE 
TEXAS 
UTAH 

VIRGINIA 
WASHINGTON 

WEST VIRGINIA 
WISCONSON 

 
 

 
NON-EXPANSION 
EXPANSION (2015) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
NON-EXPANSION 
NON-EXPANSION 
EXPANSION (2014) 
NON-EXPANSION 
EXPANSION (2014) 
EXPANSION (2015) 
EXPANSION (2014) 
NON-EXPANSION 
EXPANSION (2014) 
EXPANSION (2016) 
NON-EXPANSION 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
NON-EXPANSION 
NON-EXPANSION 
EXPANSION (2016) 
NON-EXPANSION 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
EXPANSION (2014) 
NON-EXPANSION 
EXPANSION (2014) 
NON-EXPANSION 
EXPANSION (2014) 
EXPANSION (2015) 
EXPANSION (2014) 
NON-EXPANSION 
NON-EXPANSION 
NON-EXPANSION 
NON-EXPANSION 
NON-EXPANSION 
NON-EXPANSION 
EXPANSION (2014) 
EXPANSION (2014) 
NON-EXPANSION 
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Table 2. Aggregate Demographics of Expansion and Non-Expansion States 

 Expansion States Non-Expansion States 

County Population  
2010 (2017) 

1,013,481 (1,068,048) 666,655 (713,182) 

Per Capita Income 
2010 (2017) 

$42,417.56 ($53,374.35) $37,813.71 ($45,922.93) 

Median Household Income 
2010 (2017) 

$52,825.15 ($63,382.20 $46,981.04 ($55,819.39) 

Deaths due to Codes in ICD 
Chapter A and B 

0.08 (0.10) 
(Deaths/1000 residents) 

0.10 (0.12) 
(Deaths/1000 residents) 

Note: Demographic information is drawn from the Health Resources and Services 
Administration Area Health Resource Files (HRSA AHRF). Cause of death data are supplied 
by the CDC. The 10th Edition of the International Classification of Diseases (ICD-10) 
organizes Codes A00-B99 under the chapter classification “Infectious and Parasitic Diseases” 
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Table 3. Health Care Availability of Expansion and Non-Expansion States 

 Expansion 
2010 

Expansion 
2017 

Non-Expansion 
2010 

Non-Expansion 
2017 

Number of Hospitals 0.017 0.017 0.019 0.018 
Hospital Beds 3.43 3.10 3.57 3.26 

Rural Health Clinics 0.0048 0.0065 0.0083 0.0078 
Ambulatory Surgery 

Centers 
0.018 0.020 0.020 0.017 

Fed Qualified Health 
Centers 

0.015 0.026 0.014 0.023 

Total MDs 3.16 3.19 2.62 2.65 
Primary Care 

Providers  
0.78 

 
0.79 0.69 

 
0.71 

General Practice MDs 0.28 0.30 0.30 0.30 
Family Medicine MDs 0.26 0.28 0.27 0.28 

Note: All statistics are based on capitated data. Data are used from the Health Resources and 
Services Administration Area Health Resource Files (HRSA AHRF) and rates represent units 
per 1,000 county residents. 
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Table 4. Difference-in-Difference estimates of mortality due to C. difficile 

       
Dependent variable: 
Mortality due to C. difficile 

(1) (2) (3) 

 β t 
 

β t 
 

β t 
 

Time -0.0031 -0.85 
 

-0.0019 -0.55 -0.0026 -0.77 
 

Medicaid Expansion Status 0.0083*** 2.95 
 

0.0128*** 4.49 
 

0.0117*** 4.18 
 

Time * Medicaid Expansion 
Status (DiD) 

-0.0093** -2.13 
 

-0.0087** -2.17 
 

-0.0101** -2.57 
 

Hospitals   0.8865*** 4.37 
 

0.0591 0.18 
 

Hospital beds   0.0011 1.01 
 

0.0013 1.22 
 

Short term community 
hospitals  

    1.1489** 2.48 
 

Ambulatory surgical clinics     0.0304 0.47 
 

Rural health clinics     0.1035 0.71 
 

Federally qualified health 
clinics 

    0.2210** 2.96 
 

Total MD’s   -0.0040*** -4.33 
 

-0.0046*** -4.90 
 

Primary care providers   0.0095 1.60 
 

0.131** 2.34 
 

Constant 0.0295*** 11.38 0.0158*** 3.38 0.0109** 2.22 

n 
R squared 

310 
0.1017 

 310 
0.2395 

 301 
0.2808 

 

 
Note: Coefficients and t-value displayed. *p< 0.05, **p<0.01 , ***p<0.001 
All dependent and independent variables are capitated respective to the county-population in which 
the observations occurred. Measures here represent rates per each 1,000 residents. Mortality 
identified by ICD-10 code embedded within county-level CDC Cause of Death Data. Independent 
variables and capitated rates based on the Health Resources and Services Administration Area 
Health Resource Files (HRSA AHRF). 
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Table 5. DD Models estimated to the outcome of all mortality of other infectious etiology 

       
Dependent variable: 
Infectious disease mortality 
except those due to C. difficile 

(1) (2) (3) 

 β t 
 

β t 
 

β t 
 

Time 0.0188*** 2.61 
 

0.0227*** -3.72 0.0197** 3.40 
 

Medicaid Expansion Status -0.0163* -2.60 
 

-0.0032 -0.59 
 

-0.0032 -0.63 
 

Time * Medicaid Expansion 
Status (DD) 

0.0056 0.66 
 

0.0038 0.59 
 

-0.0011 0.15 
 

Hospitals   2.956*** 14.55 
 

1.342*** 4.13 
 

Hospital beds   0.0034** 2.46 
 

0.0042*** 3.16 
 

Short term community 
hospitals  

    1.578*** 3.60 
 

Ambulatory surgical clinics     0.402 0.36 
 

Rural health clinics     0.7347*** 8.93 
 

Federally qualified health 
clinics 

    0.4117*** 5.74 
 

Total MD’s   -0.0142*** -8.33 
 

-0.0133*** -8.11 
 

Primary care providers   -0.0147 -1.29 
 

-0.0059 -0.53 
 

Constant 0.1106*** 22.05 0.0886*** 12.15 0.0732*** 10.41 

n 
R squared 

1,789 
0.0198 

 1,789 
0.3005 

 1,789 
0.3793 
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