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ABSTRACT 

Studies have shown that the expansion of Medicaid, the public health insurance program for low-income 

Americans, is associated with improvements in financial wellbeing among new recipients. Building on 

this literature, I explore the relationship between Medicaid expansion and a significant financial outcome 

that researchers only recently have begun to study: housing instability. Specifically, I use panel data from 

2010 to 2016 to explore the relationship between Medicaid expansion and eviction rates, comparing 

adjacent counties on either side of the border between states that expanded Medicaid under the Affordable 

Care Act and those that did not. Though the magnitude and level of statistical significance of my 

estimates vary, I consistently find that Medicaid expansion is associated with lower eviction rates. 

Notably, I find that the impact of Medicaid expansion varies with counties’ poverty level, with those 

counties between the 0 to 50th and 75th to 100th percentile of the distribution of poverty within my sample 

having the largest impacts, and counties in the 50th to 75th percentile category experiencing no noticeable 

impact.   
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INTRODUCTION 

Health insurance in the United States serves two critical functions. It is a conduit to health care, and it 

provides a financial buffer, at least in part, against costs incurred when one receives medical care (“Key 

Facts about the Uninsured Population” 2018).1 People without health insurance tend to have poor access 

to treatment and, when they do seek care, face significant medical expenses. Uninsured adults are more 

than twice as likely as those with insurance to have difficulty paying a medical bill.    

Lack of health insurance is most common among the poorest non-elderly Americans (“Uninsured Rates 

for the Nonelderly by Federal Poverty Level” 2018). Though most Americans obtain their insurance 

through their employer, many poor adults work in jobs that do not provide health benefits, cannot afford 

the health insurance provided, or are unemployed (“Key Facts about the Uninsured Population” 2018; 

“Health Insurance Coverage of the Total Population” 2017). In 2017, the most recent year for which data 

are available, 17% of people with incomes below 200% of the federal poverty level (FPL) were 

uninsured, compared with only five percent of those with incomes above 400% FPL (“Uninsured Rates 

for the Nonelderly by Federal Poverty Level” 2018).2 

Medicaid, a public health insurance program for low-income people, was created in the 1960s to help fill 

this gap (“Medicaid: A Primer” 2013).3 The program was traditionally limited to poor children, pregnant 

women, the disabled, and some of the elderly. Medicaid is structured as a federal-state partnership, with 

the federal government providing most of the funding and requiring that states provide certain mandatory 

                                                             
1 All subsequent factual claims in this paragraph are also taken from Kaiser Family Foundation’s December 2018 

report “Key Facts about the Uninsured Population.” 
2 In 2013, the year before Medicaid expansion went into effect, people with incomes below 200% of the federal 

poverty level were most likely to be uninsured (26-28%), while only seven percent of those with incomes above 

400% FPL lacked insurance.  
3 Medicaid was a part of President Lyndon’s Johnson’s Great Society program and was introduced along with 

Medicare, which is health insurance for the elderly (“Program History” n.d.). An additional piece of legislation, the 

Children’s Health Insurance Program (CHIP), was passed in 1997 and intended to provide coverage for children 

whose families earned too much to qualify for Medicaid but could not afford or did not have access to traditional 

health insurance (“Medicaid: A Primer” 2013). Though Medicaid and CHIP are separate programs, the term 

“Medicaid” is used colloquially to refer to health insurance for low-income populations of all ages. I will be 

following this convention throughout this paper. Unless otherwise noted, all subsequent factual claims in this 

paragraph come from “Medicaid: A Primer.” 
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benefits, such as hospital and physician care (Rudowitz 2016).4 Because each state runs its own Medicaid 

program, the exact eligibility thresholds, benefits, and program design vary by state (“Key Facts about the 

Uninsured Population” 2018).  

 

The Affordable Care Act 

The Affordable Care Act was passed in 2010 and went into effect in stages over the next few years. It 

ushered in the biggest changes to the U.S. health insurance landscape in a half-century. The law was 

designed to increase the number of people with health coverage through three mechanisms: a private 

insurance marketplace with subsidies on a sliding scale for people who do not have access to health 

insurance through a job, an expansion of Medicaid, and a federal mandate to purchase insurance 

(“Summary of the Affordable Care Act” 2013). Medicaid expansion was intended to allow into the 

program adults with incomes of up to 133% FPL, regardless of age or family status – higher than the 

previous eligibility threshold in all but a few states (“Summary of the Affordable Care Act” 2013). 5  

Originally, the law called for the expansion of Medicaid nationwide, but a 2012 Supreme Court decision, 

National Federation of Independent Businesses v. Sebelius, significantly limited its scope before it took 

effect. The court ruled that the requirement that states expand Medicaid was unconstitutional. As a result, 

each state has had the option whether to extend Medicaid or not (“Medicaid: A Primer” 2013).  

As of December 2018, 37 states have chosen to expand Medicaid (“Status of State Medicaid Expansion 

Decisions: Interactive Map” 2018).6 In total, 12.7 million newly eligible people enrolled in the program 

                                                             
4 The match that the federal government provides to each state varies based on a complex formula that accounts for 

various factors, including state decisions about Medicaid coverage, the types of people enrolled in Medicaid, and 

health care cost inflation (Rudowitz 2016).   
5 The statutory threshold is 133% FPL. However, due to considerations related to the way that income is measured 

for the purposes of program eligibility, the practical income limit is 138% FPL (“How Medicaid Health Care 

Expansion Affects You | HealthCare.Gov” n.d.). Papers vary as to whether they refer to the threshold as 133% or 

138%. For purposes of this analysis, these thresholds can be treated as the same. As noted previously, because 

Medicaid is a state program, the income limits vary from state to state.  
6 The 37 state total for states that have expanded Medicaid includes Washington, DC.  
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(“Medicaid Expansion Enrollment” 2017). The 14 states that have not expanded continue to set their own 

eligibility thresholds, with considerable variation. In non-expansion states, the median income limit 

overall for parents in a 3-person family is 43% of the federal poverty level (Garfield, Damico, and Orgera 

2018).  

Because of the Supreme Court ruling, the law did not have its original intended effect of expanding 

Medicaid to all poor and near-poor adults nationwide (“Summary of the Affordable Care Act” 2013). 

Researchers have seized on the resulting variation to examine differences in outcomes between expansion 

states and non-expansion states. Studies have found that Medicaid expansion coincided with a host of 

health improvements, including a reduction in infant mortality and better asthma treatment and 

hypertension control (Bhatt and Beck-Sagué 2018; Cole et al. 2017). Researchers also have sought to 

determine the impact of Medicaid expansion on financial wellbeing.7 Among numerous financial 

improvements, these researchers have identified a reduction in unpaid medical bills, past-due debt, and 

improved credit scores among newly Medicaid eligible populations (Miller et al. 2018; Brevoort, 

Grodzicki, and Hackmann 2017).  

In this thesis, I extend the research on the impact of Medicaid expansion on financial wellbeing into a 

recently emerging area of analysis: housing stability. Specifically, I analyze a financial outcome variable 

that has not previously been studied in the context of health insurance coverage: eviction rates. Using a 

newly published database on evictions in the United States, created by the Eviction Lab at Princeton 

University, I examine the relationship between Medicaid expansion and eviction rates, comparing 

counties that expanded Medicaid to adjacent counties that did not.  

 

  

                                                             
7 For a full analysis of this academic literature, see the Literature Review.  
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Eviction as a Financial Outcome 

An eviction is a landlord-initiated removal from a rented home (Desmond et al. 2018). Researchers 

believe that most evictions happen because the renter cannot or did not pay the rent (“Why Eviction 

Matters” n.d.). Poor families suffer from two key challenges that make them particularly vulnerable to 

evictions: high rent burden (a metric of the proportion of income devoted to rent) and low savings. Those 

in the lowest quintile of income spend 56% of their income on rent, above the 50% threshold that defines 

severely rent burdened (Larrimore and Schuetz 2017). 8 Additionally, families who spend more than 30% 

of their income on rent have typically saved less than $10 (“American Families Face a Growing Rent 

Burden” 2018).  

Few rigorous quantitative analyses exist on eviction. Nearly all such research has been performed by 

Matthew Desmond, a sociologist at Princeton University and author of Evicted: Poverty and Profit in the 

American City.9 Though under-studied, eviction is a fairly common outcome: Desmond found that more 

than 12% of Milwaukee renters were evicted or experienced a forced move during a two-year period 

(Desmond and Shollenberger 2015). Evictions also appear to have negative related effects. He and his 

colleagues have found that an eviction is associated with depression and poor health outcomes for both 

mothers and children and a higher probability of being dismissed from a job (Desmond and Kimbro 2015; 

Desmond and Gershenson 2016). 

 

The Impact of Medicaid Expansion on Eviction Rates 

My research studies the intersection of the two separate phenomena: Medicaid expansion and eviction. 

Drawing upon what is known about the financial roots of eviction, along with the impact of Medicaid on 

                                                             
8 Traditional metrics of rent burden consider those devoting 30% or more of their income to rent to be “rent 

burdened” and those devoting 50% of their income or more to rent to be “severely rent burdened” (“American 

Families Face a Growing Rent Burden” 2018). 
9 Desmond and his collaborators at the Eviction Lab are also the authors of the dataset that I analyze for this thesis.  
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personal financial outcomes, I assess whether the financial improvements associated with Medicaid 

expansion affect eviction rates.  

Central to my analysis is the question of whether increasing access to Medicaid, which reduces the 

financial burden of health care, can alleviate some of the financial pressures that lead to eviction. If 

Medicaid expansion increases residual income and people put that money toward their rent, then 

Medicaid expansion may reduce eviction rates. However, researchers have not yet studied whether 

Medicaid expansion under the ACA has a meaningful effect on this outcome. Even before the ACA 

expanded Medicaid, poor parents, especially single parents, already qualified for Medicaid in many states 

(“Medicaid: A Primer” 2013). While other groups face evictions, single mothers – who are likely to have 

been eligible for Medicaid before the ACA – are also considered at the highest risk for eviction (Desmond 

2015).10 Therefore, Medicaid expansion may not have affected eviction rates on the population most 

vulnerable to losing their housing.  

To conduct my empirical analysis, I use county-level data on evictions taken from the Eviction Lab, along 

with demographic information from the American Community Survey of the U.S. Census. I focus on 

border counties – that is, adjacent counties on either side of a border between pairs of states in which one 

expanded Medicaid and the other did not – and compare eviction rates between these counties.11 This 

border-county study design, along with demographic controls, allows me to compare similar populations, 

helping to isolate the impact of Medicaid expansion.  

  

                                                             
10 Several of the people Desmond follows in his 2017 book Evicted: Poverty and Profit in the American City would 

likely have been eligible for Medicaid before the ACA expansion: disabled adults and poor single parents. However, 

Desmond also includes at least one story of a person who likely would not have qualified for Medicaid pre-

expansion.  
11 Sen and DeLeire (2018) use a similar model. Dr. DeLeire, a professor at the McCourt School of Public Policy, has 

provided guidance on this strategy. As described in the Data & Methods section, some specifications include all 

border counties with sufficient data while others include only those where data is present for both sides of a border 

county pair.  
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LITERATURE REVIEW 

 

Medicaid as a Form of Financial Protection 

Health insurance is intended to protect against the financial shocks associated with illness and other 

medical conditions that can generate substantial personal expense. Some research on Medicaid has sought 

to quantify the program’s effects on financial wellbeing, among other outcomes. To identify the effect of 

Medicaid on financial outcomes, researchers have studied instances in which large groups of the 

population gained (or lost) Medicaid and have compared financial outcomes before and after the change 

to an unaffected group. To date, scholars have found that Medicaid is associated with improved financial 

outcomes across nearly every metric they have studied. Specific methodologies and findings vary, but this 

general theme is remarkably consistent.  

 

Pre-ACA Research on the Financial Effects of Medicaid 

Research into the financial impact of Medicaid expansion began before passage of the ACA and focused 

on a few individual states that widened eligibility earlier. Most notable is the Oregon Health Insurance 

Experiment. In 2008, Oregon expanded Medicaid through a lottery in which the state randomly chose 

eligible participants to receive Medicaid (Finkelstein et al. 2012).12 Researchers used data from Oregon’s 

program to estimate the impact of the state’s Medicaid expansion on a variety of financial outcomes, 

using lottery number as an instrumental variable for insurance status. The authors found that receipt of 

Medicaid reduced the probability of having an unpaid medical bill by 25% and of having out-of-pocket 

medical expenses by 20%. The researchers also found an increase in the likelihood of a hospitalization, an 

outpatient visit, and taking prescription drugs among those who gained Medicaid. This initial paper and 

subsequent publications by Finkelstein et al. on the Oregon Medicaid experiment provided a foundation 

                                                             
12 All subsequent factual claims in this paragraph are from Finkelstein 2012.  
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for future research on the financial effects of Medicaid expansion, and nearly every paper cited below 

references these authors’ findings.13  

Two years before Oregon made its change, in 2006, Massachusetts passed a state health care law that, 

among other things, mandated that state residents obtain health insurance and subsidized insurance for 

low- and middle-income households (Mazumder and Miller 2016). In evaluating the Massachusetts 

expansion, researchers compared changes in financial outcomes among groups of individuals in 

Massachusetts who had historically had low levels of insurance coverage and were relatively more likely 

to be affected by the policy change to individuals in groups less likely to be affected by expansion, 

because they had historically had high rates of insurance coverage. They then compared these differential 

changes in outcomes both to people in Massachusetts and to people in other New England states that had 

not adopted changes in health care. (Mazumder and Miller 2016). The authors’ triple-differences analyses 

suggested that the policy change in Massachusetts was associated with an increase in credit scores and 

decreases in debt, past-due debt, and bankruptcy. They also found that individuals with lower credit 

scores before the expansion experienced larger improvements on indicators of financial wellbeing than 

those with higher credit scores. 

A 2017 working paper by the Federal Reserve Bank of Atlanta augmented this literature by studying an 

unusual instance of the reverse scenario: a reduction in Medicaid eligibility. In 2005, Tennessee, 

confronted with rapidly growing health-care costs, narrowed its Medicaid eligibility requirements in its 

program, known as TennCare. As a result, it deemed 170,000 people ineligible, most of them childless 

adults (Argys et al. 2017). To examine the effects of this policy change, Argys et al. (2017) analyzed the 

                                                             
13 Related papers include: Katherine Baicker, Sarah Taubman, Heidi Allen, Mira Bernstein, Jonathan Gruber, Joseph 

P. Newhouse, Eric Schneider, Bill Wright, Alan Zaslavsky, Amy Finkelstein, and the Oregon Health Study 

Group, “The Oregon Experiment – Effects of Medicaid on Clinical Outcomes,” New England Journal of Medicine, 

2013 May; 368(18): 1713-1722. Katherine Baicker, Amy Finkelstein, Jae Song, and Sarah Taubman, “The Impact 

of Medicaid on Labor Market Activity and Program Participation: Evidence from the Oregon Health Insurance 

Experiment,” American Economic Review: Papers and Proceedings, 2014 May; 104(5): 322-328. Amy Finkelstein, 

Sarah Taubman, Heidi Allen, Bill Wright, and Katherine Baicker, “Effect of Medicaid Coverage on ED Use – 

Further Evidence from Oregon's Experiment,” New England Journal of Medicine, 2016 Oct 20; 375(16): 1505-

1507. 
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Federal Reserve Bank of New York’s Consumer Credit Panel/Equifax (CCP) database and Tennessee’s 

administrative enrollment records using a modified difference-in-differences approach. 14 They found that 

an individual dropped by TennCare tended to have a greater decrease in credit score and a greater 

increase in severely delinquent debt than a typical Tennessee resident during the same period.15 

 

Effect of the ACA on Medical Debt and Out-of-Pocket Spending 

Recent research has focused on the period beginning in 2014 when the Affordable Care Act allowed 

states to expand Medicaid to all adults with incomes of up to 133% of the federal poverty level. As 

previously noted, while the ACA had originally envisioned a nationwide expansion, a Supreme Court 

ruling allowed each state to decide whether to expand. Researchers have taken advantage of this variation 

to compare various financial outcomes between states that expanded and those that did not.  

In a review of the New York Federal Reserve Bank’s Consumer Credit Panel, Hu et al. (2016) observe a 

reduction of $1,140 in collection balances for Medicaid-eligible individuals in states that expanded 

Medicaid, as compared with similar individuals in states that did not expand. In a study of the Consumer 

Financial Protection Bureau’s Consumer Credit Panel, Brevoort et al. (2017) observe a reduction of 30-

40% in medical debt among individuals in expansion states as compared to individuals in non-expansion 

states. A third study examines data from the National Financial Capability Study (NFCS) on individuals 

18-64 years old with incomes below 138% of the Federal Poverty Level (Sojourner and Golberstein 

2017). The authors find that the proportion of respondents with medical debt decreased almost twice as 

much in expansion states as in non-expansion states.16 

                                                             
14 Argys et al. use a dose-response strategy, explaining that their strategy is similar to a difference-in-differences but 

uses different levels of treatment instead of a control group.  
15 Argys et al. calculate the overall change for the average individual in Tennessee in the median Tennessee county.  

They explain that this is similar to an average treatment effect.  
16 The share of respondents with medical debt fell by 13 percentage points in expansion states versus seven 

percentage points in non-expansion states. The researchers also observed a greater increase in self-assessed financial 

wellbeing in states that expanded Medicaid than in states that did not.  



9 

Other studies focus on the effects of Medicaid expansions on out-of-pocket spending. Researchers in 

California took advantage of the fact that counties there expanded Medicaid at different times and use a 

difference-in-differences analysis to compare changes in outcomes between counties that had expanded 

and those that had not yet done so (Golberstein, Gonzales, and Sommers 2015). 17 They find that low-

income (<200% FPL) people in early-expansion counties had a 10% lower likelihood of out-of-pocket 

health care spending than those in counties that had not yet expanded. Their analysis also suggests that 

access to care and utilization improved, though these estimates were not statistically significant.  

 

The Effect of Medicaid on Other Financial Indicators 

The literature discussed so far focuses on the direct effects of Medicaid on health care spending and 

related personal financial outcomes, such as out-of-pocket spending and medical debt. Other studies have 

analyzed the effect of acquiring Medicaid on residual income – i.e., income available after paying typical 

expenses (Goodman, Li, and Zhu 2018). These studies thus analyzed the impact of Medicaid on 

downstream financial indicators and sought to understand how residual income could affect other 

financial outcomes for affected populations.  

Higher residual income due to health insurance may impact financial metrics such as bankruptcy rates. 

Bankruptcy is a form of financial protection that relieves debtors of their debt (Gross and Notowidigdo 

2011). Some papers have attempted to estimate the proportion of bankruptcies that are related to medical 

debt, often called medical bankruptcy. Estimates of the extent of medical bankruptcy vary considerably. 

In a widely discussed 2005 paper, researchers – including now-U.S. Senator Elizabeth Warren – found 

that 46% of respondents to a 2001 survey of bankruptcy court participants cite medical costs as the 

primary cause of bankruptcy (Himmelstein et al. 2005). Other researchers, however, found that only 17% 

of personal bankruptcies in the same dataset were attributable to medical costs (Dranove and Millenson 

                                                             
17 The authors note that some California counties obtained a waiver that expanded Medicaid up to 200% FPL and 

took an “early expansion” option to expand in 2010, resulting in a higher income threshold and earlier 

implementation date than other states. 
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2006). Gross and Notowigo (2011) examined Medicaid expansions between 1992 and 2004 and found 

that increasing Medicaid eligibility by ten percentage points was associated with an 8% reduction in 

personal bankruptcies. They found this relationship even though most Americans who file for bankruptcy 

tend to have higher incomes than do Medicaid recipients (Fisher 2017).18 

 Additional studies have examined other downstream financial indicators. Allen et al. (2017) evaluate the 

effect of Medicaid expansion on the utilization of payday loans, a high-interest form of borrowing used 

primary by low-income people. Using a difference-in-differences analysis to compare changes in payday 

loans in California counties that expanded Medicaid early (2011-2012) to counties, both in California and 

nationwide, that did not expand Medicaid early, researchers find a 21% decline in the number of payday 

loans that borrowers age 18 to 34 took out and an overall decline of 11% percent in the number of payday 

loans by borrowers under age 65 (Allen et al. 2017).  

Of the studies that have looked at Medicaid expansion and financial outcomes, only two papers to date 

have begun to assess the relationship between expansion and recipients’ ability to afford housing. Using a 

novel database that links credit reports, Medicaid enrollment, and health data for Michigan residents 

before and after the state expanded Medicaid, Miller et al. (2018) find that individuals who gained the 

coverage experienced a 16% reduction in “public records,” a metric that combines bankruptcies, wage 

garnishments, and evictions into a single category.19  

Another paper assessed the relationship between Medicaid expansion and delinquency in home payments, 

including both rent and mortgage payments. Using tax returns and survey data from low-income people in 

states that did not expand Medicaid, Gallagher et al. (2019) employ a regression discontinuity study 

design to compare the rate of delinquent housing payments between people with incomes just above the 

                                                             
18 Fisher notes that the median income for those declaring bankruptcy is $42,000. This is higher than the Medicaid 

income threshold for a parent in a family of three in every state except the District of Columbia (Fisher 2017). 
19 Dr. Miller confirmed via email correspondence that the authors did not examine evictions separately. Miller et al. 

(2018) also found that individuals newly covered by Medicaid experienced an increase in automotive loans and 

credit card debt, a reduction in medical bills and past-due debt, and an increase in the probability that they overdrew 

their credit cards. The authors suggest that the increase in automotive loans and credit card debt may be signs of 

better financial health, in which Medicaid expansion allowed people to access better interest rates than those charged 

for payday loans and other forms of risky borrowing.   
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poverty line and just below – who have different access to insurance under the ACA. Gallagher et al. 

(2019) find that people who were just under the poverty level were more likely to be delinquent on their 

rent or mortgage payments.20 The authors attribute this difference to a phenomenon from the ACA known 

as the “coverage gap,” in which people with incomes just below 100% FPL in states that did not expand 

Medicaid qualify for neither Medicaid nor ACA insurance marketplace subsidies, leaving them without 

any subsidized health insurance (Gallagher, Gopalan, and Grinstein-Weiss 2019).  

 

Contribution to the Literature 

Taken together, these studies serve as a foundation for understanding ways that expansions of Medicaid 

are associated with financial improvements among low-income Americans. In this paper, I test whether 

evictions, a downstream indicator signifying fragile finances, as well as a real-world source of 

vulnerability and anxiety for many low-income renters, are affected by Medicaid expansions, a 

government policy unrelated to housing. To my knowledge, this is the first study to focus exclusively on 

the impact of Medicaid expansion on eviction rates. 

I perform my analysis using data from The Eviction Lab, a dataset not previously examined in the context 

of insurance coverage. I use this data to test my hypothesis that the financial improvements associated 

with Medicaid expansion will lead to lower eviction rates. 

My research contributes to the understanding of the impact of Medicaid expansion on personal financial 

wellbeing. By extending the research on Medicaid expansion to evictions, I test the scope of Medicaid 

expansion’s effects. Though evictions are not a direct financial indicator, a lowered eviction rate may be a 

result of previously documented financial improvements.  

  

                                                             
20 Gallagher et al. (2019) estimate home delinquency rates to be 25% lower (8.3 percentage points) among people 

immediately above 100% of the federal poverty line, and therefore eligible for insurance subsidies, than among 

people immediately below 100% FPL.   
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CONCEPTUAL FRAMEWORK 

I hypothesize that as states expand Medicaid, eviction rates decline. As previously discussed, the 

literature on Medicaid expansion has shown that gaining Medicaid coverage is associated with improved 

personal finances: decreased medical debt and out-of-pocket spending, and higher credit scores. I 

hypothesize that the financial improvements associated with Medicaid expansion similarly improve 

recipients’ ability to pay their rent by increasing their residual income, thus decreasing eviction rates. 

Medicaid expansion is the key independent variable for my analysis. To isolate the effect of this 

expansion on eviction rates, I control for other factors that arguably are associated with both Medicaid 

expansion and the risk of an eviction. These factors are diagrammed in Figure 1.  

 

 

 

Figure 1: Factors Associated with Eviction Rates 

 

Within the category of health insurance factors, the uninsured rate is the proportion of people in each 

county who lack health insurance coverage of any kind and may therefore be susceptible to health-related 

financial shocks that make them vulnerable to eviction. 

Eviction Rate 

Health Insurance 
Indicators

•MEDICAID EXPANSION

•Uninsured rate

Demographic 
Factors

•Age

•Gender

•Race

•Income

•Education

•Marital status

Financial Indicators

•Poverty rate

•Unemployment rate

Housing Indicators

•Home rental rate

•Median rent

•Rent burden
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Among the demographic factors correlated with the proportion of people in a county eligible for Medicaid 

are age, gender, race, income, and education (Finkelstein et al. 2011; Brevoort, Grodzicki, and Hackmann 

2017; Hu et al. 2016; Allen et al. 2017).21 I also control for marital status because family size affects 

income thresholds for Medicaid eligibility and because single mothers are more likely to be evicted 

(Desmond 2017; “Income Levels & Savings: Saving Money on Health Insurance” 2018).  

Because evictions and Medicaid eligibility are both related to financial status, I include additional 

controls for each county’s unemployment and poverty rates. The unemployment rate is likely to be 

associated with financial wellbeing and health insurance status because many people get health insurance 

through a job (Caswell and Waidmann 2017). Medicaid eligibility is explicitly linked to poverty 

(“Medicaid: A Primer” 2013).  

Finally, I account for the home rental rate, median rent, and rent burden. These variables shed light on the 

nature of the rental housing market in each county and could have implications for eviction rates. 

 

  

                                                             
21As explained in Kaiser Family Foundation’s March 2013 publication “Medicaid: A Primer,” age and income are 

directly included in the formula for Medicaid eligibility. Gender is relevant because low-income pregnant women 

are eligible for Medicaid even in non-expansion states (“Medicaid and CHIP Income Eligibility Limits for Pregnant 

Women as a Percent of the Federal Poverty Level” 2018).  
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DATA AND METHODS 

To directly examine the impact of Medicaid expansion on financial wellbeing, I limit my analysis to 

border counties, i.e., adjacent counties along a state border in which one side expanded Medicaid and the 

other side did not. I assume that the populations and economic conditions in counties on either side of a 

state border will be largely similar. Because states could choose whether to expand Medicaid, focusing 

only on border counties creates a natural experiment that allows me to isolate the impact of Medicaid 

expansion.22  

I construct two data sets using panel data from 2010 through 2016 for border counties or county-

equivalents (“counties”) in the United States and compare eviction rates between counties in states that 

expanded Medicaid and counties in states that did not.23 I have data for 120 “border county pairs,” 

meaning that data are available for two adjacent counties in which one state expanded Medicaid and the 

other state did not.24 In addition, I have an unpaired data set with observations for 360 counties. This 

dataset includes all observations in the paired dataset along with observations for border counties in cases 

in which data were not available for the adjacent county.  

My analyses estimate the impact of Medicaid expansion using both the paired sample and the unpaired 

sample. Maps displaying counties included in the paired and unpaired sample can be found in Figures 2 

and 3, respectively.

                                                             
22 I accessed the County Adjacency File, a list of all county borders, from the US Census Bureau and matched it 

against a list of state borders between expansion states and non-expansion states using the Kaiser Family 

Foundation’s “Status of State Medicaid Decisions: An Interactive Map.” I thank Tom DeLeire for providing 

guidance on this process.  
23 I had missing data for two variables: eviction rate and percentage without health insurance. For the eviction rate, I 

used interpolation for five observations, assuming a constant linear trend across years. Data were not available from 

the American Community Survey for any observations for 2010 and 2011 for the percentage without health 

insurance. These values were extrapolated for all observations in 2010 and 2011 (351 and 352, respectively), again 

assuming a constant linear time trend. I dropped observations from Loving County, Texas, as it is an outlier on 

multiple dimensions. For example, it has a population that ranges from 41 to 117. The second smallest county has a 

population of 714. I also dropped observations from Price George’s County, Maryland, as the eviction filing rate 

values for this county are implausible (in all years, the county has a reported eviction filing rate of greater than 

100%). 
24 Some counties are included in multiple “border county pairs” if a given county has multiple border counties 

across a state boundary. 
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To create the data set, I compiled records from three main sources. For the key independent variable, 

Medicaid expansion, I obtained data from the Kaiser Family Foundation’s report, “Status of State Action 

on the Medicaid Expansion Decision.” For my dependent variable, eviction rate, I obtained data from the 

Eviction Lab, a research group at Princeton University that has published a dataset on eviction in the 

United States. The eviction rate is calculated as the number of evictions per 100 renter homes in a given 

area (Desmond et al. 2018). 25 Unless otherwise noted, my control variables are taken from the U.S. 

Census’s American Community Survey.26 

In my analysis, I employ slightly different dependent and control variables for the unpaired and paired 

samples. For the paired sample, I calculate the difference in eviction rates between each expansion county 

and its bordering non-expansion county. I also calculate differences for each time-varying control 

variable. In the unpaired sample, I use eviction rates as the dependent variable and ordinary time-varying 

controls.  

As discussed in my Conceptual Framework section, I control for additional variables that may be related 

to the eviction rate. The demographic characteristics that I control for include age, gender, race, income, 

education, and marital status. The age control indicates the percentage of people in a county who are 

between 18 and 64 years old, the age group most likely to be affected by the ACA Medicaid expansion.27 

The gender control reflects the proportion of a county’s residents who are female. The income control 

reflects the median household income for the county measured in 2016 dollars, and the education control 

reflects the percentage of renters in a county who have less than a high school degree, a high school 

degree or equivalent, some college, or a bachelor’s degree or more. The marital status control reflects the 

percentage of adults who are married. I also include a control for the percentage of people in each county 

without health insurance.  

                                                             
25 Per the Eviction Lab’s Methodology report, the Eviction Rate records only one eviction for each address that 

receives an eviction judgment in a year.  
26 I use the Social Explorer online tool to access the American Community Survey (5-Year Estimates) to extract 

these data. The Social Explorer tool produces aggregated and cleaned ACS data.  
27 Although Medicaid expansion affects adults aged 19 to 64, the available data from the American Community 

Survey only allow me to generate a variable reflecting the share of individuals aged 18 to 64.  
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The financial indicators that I control for are the poverty rate and unemployment rate. Both factors could 

influence the number of people who become eligible for Medicaid under a state expansion. The county-

level poverty rate is a measure of the percentage of families living below the federal poverty level. The 

county-level unemployment rate, which measures the proportion of labor force members who are 

unemployed, is taken from the Bureau of Labor Statistics’ Local Area Unemployment Statistics. Finally, 

my housing controls include the percentage of housing units that are renter-occupied (“rental rate”) and 

the median gross rent as a percentage of household income (“rental burden rate”).28 

To analyze the relationship between eviction rates and Medicaid expansion, I estimate an ordinary least 

squares equation with county and year fixed effects. County fixed effects allow me to control for county 

characteristics that do not vary over time, and year fixed effects allow me to control for time-varying 

characteristics that do not vary within each county. County-level fixed effects are particularly important 

here because many of the housing laws and norms that affect eviction rates are local and may vary 

significantly from one county to the next but are unlikely to change within a given county. Time fixed 

effects allow me to control for conditions that affect all states in my panel, but vary by year, such as 

national economic trends.29 My fixed effects specification reduces the extent of bias in my estimates.  

I estimate the following regression equations: 

 

Paired Sample:  

𝑒𝑣𝑖𝑐𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  𝛽0 +  𝛽1(𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑 𝐸𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛𝑖𝑡) + 𝛾𝑖𝑡(𝑑𝑖𝑓𝑓) +  𝛿𝑖𝑡(𝑑𝑖𝑓𝑓) +  𝜇𝑖𝑡(𝑑𝑖𝑓𝑓) +

 𝜃𝑖𝑡(𝑑𝑖𝑓𝑓) +  𝛼𝑖 +  𝜋𝑡 +  𝜖𝑖𝑡  

 

Unpaired Sample:  

𝑒𝑣𝑖𝑐𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =  𝛽0 + 𝛽1(𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑 𝐸𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛𝑖𝑡) +  𝛾𝑖𝑡 + 𝛿𝑖,𝑡 +  𝜇𝑖𝑡 +  𝜃𝑖𝑡 +  𝛼𝑖 +  𝜋𝑡 + 𝜖𝑖𝑡 

 

where Medicaid Expansion is a binary variable set equal to zero for all county-year observations in which 

a Medicaid expansion has not occurred, and set equal to one for county-years in which an expansion has 

                                                             
28 The maximum recorded rental burden calculated is topcoded at 50%, regardless of the actual percentage of 

income spent on rent.  
29 I include both county and year fixed effects in the equation above for the sake of completeness. However, because 

most states expanded Medicaid at the same point in time, I also estimate some models without year fixed effects.  



19 

occurred, 𝛾𝑖𝑡 is a vector of time-varying demographic factors for each county-year, 𝛿𝑖𝑡 is a vector of time-

varying financial indicators for each county-year, 𝜇𝑖𝑡 is a vector of time-varying health insurance 

indicators for each county-year, 𝜃𝑖𝑡 is a vector of time-varying housing indicators for each county-year, 𝛼𝑖 

represents county fixed effects, 𝜋𝑡 represents year fixed effects, and 𝜖𝑖𝑡 is an error term. 
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DESCRIPTIVE STATISTICS 

Tables 1 and 2 below present descriptive statistics from the unpaired sample, the larger dataset, on the 

variables included in my regressions. Table 1 reports descriptive statistics for the overall sample, while 

the estimates in Table 2 are disaggregated between counties in states that expanded Medicaid and those 

that did not.30 My analytic sample contains 2,405 county-year observations, and all descriptive statistics 

and subsequent regression estimates are weighted using analytic weights based on the county’s average 

population of 18-64 year-olds between 2010-2016 (Brevoort, Grodzicki, and Hackmann 2017).31 The 

overall average eviction rate is 2.51. Of note, the overall average rent burden, or median gross rent as a 

percentage of total income, is nearly 30%. As noted previously, households spending 30% or more of 

income on rent are considered “rent burdened.”  

Table 1: Descriptive Statistics (Overall Sample) 

n=2,405 

All dollar figures have been adjusted for inflation and are expressed in 2016 dollars.   

Variable Mean SD Min Max 

Key Independent Variable 

Medicaid Expansion 0.13 0.34 0.00 1.00 

Dependent Variables 

Eviction Rate 2.51 1.79 0.00 18.59 

Demographic Factors 

Total Population       343,000  

           

351,000  

                  

714  

              

1,130,000  

Population Age 18 to 64 62.06% 2.86% 50.09% 75.14% 

Female 50.69% 1.34% 33.65% 55.43% 

Race (% Population) 

White Alone 78.90% 16.80% 12.62% 99.87% 

Black or African American Alone 12.03% 15.60% 0.00% 86.19% 

American Indian and Alaska Native Alone 1.20% 5.69% 0.00% 73.23% 

Asian Alone 2.99% 4.30% 0.00% 18.51% 

Native Hawaiian and Other Pacific Islander 

Alone 
0.07% 0.12% 0.00% 4.20% 

Some Other Race Alone 2.48% 3.04% 0.00% 22.58% 

Two or More Races 2.34% 1.39% 0.00% 18.78% 

                                                             
30 Both tables analyze the data in the unpaired sample.  
31 Brevoort et al. use analytic weights based on the entire county population. I use the population age 18 to 64 for 

my analytic weight as this is the group most likely to be affected by Medicaid expansion.    
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Table 1, continued 

Variable Mean SD Min Max 

Income 

Median Household Income $59,301.95 $22,396.68 $18,972.00 $128,000.00 

Education (Renter Households Only) 

Less than High School Graduate 16.08% 6.86% 0.00% 67.16% 

High School Graduate (Including 

Equivalency) 29.40% 7.52% 4.63% 63.06% 

Some College or Associate's Degree 34.11% 6.45% 5.30% 68.75% 

Bachelor's Degree or Higher 20.41% 11.28% 0.00% 74.72% 

Marital Status: (Renter Households Only) 

Married-Couple Family 27.41% 8.22% 4.88% 83.84% 

Other Family 26.31% 6.10% 0.00% 56.16% 

Nonfamily Households 46.28% 8.93% 0.00% 78.55% 

Financial Indicators 

% Families: Income Below Poverty Level 10.67% 5.95% 1.51% 44.32% 

Unemployment Rate 6.70% 2.44% 1.70% 20.40% 

Health Insurance Indicators 

Population without Health Insurance 13.35% 5.52% 2.42% 49.07% 

Housing Indicators (Renter Households Only) 

Renter-Occupied Housing Units (#) 

             

40,132  

             

43,963  

                     

15  

                 

153,000  

Renter-Occupied Housing Units (%) 29.72% 7.82% 6.91% 60.52% 

Average Household Size 2.47 0.31 1.44 6.67 

Median Gross Rent $883.98 $304.93 $304.00 $1,861.00 

Average Gross Rent $874.35 $329.93 $134.57 $1,905.49 

Rent Burden (%) 29.64% 2.86% 10.00% 50.00% 

 

In total, 38% of county-year observations were located in states that expanded Medicaid at some point 

(not shown in table), and 13% of the county-years are located in expansion states and are observed after 

Medicaid expansion. 32 When comparing expansion states and non-expansion states, the eviction rate was 

2.78 in non-expansion states and 2.08 in expansion states, a statistically significant difference at p<.001.  

 

                                                             
32For the purposes of Table 2, I define a county as an expansion county if it is located in a state that expanded 

Medicaid at any point during my period of analysis. However, for the purposes of my regression, I define Medicaid 

expansion at the level of the county year, not the county. In other words, my key independent variable (descriptive 

statistics for which are reported in Table 1) is set equal to 1 for county years that correspond to counties that 

expanded Medicaid and are observed after the Medicaid expansion occurred.  
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Table 2: Descriptive Statistics, Non-Expansion States vs. Expansion States 
n=2,405 

All dollar figures have been adjusted for inflation and are expressed in 2016 dollars.   

  

Non 

Expansion 

States 

Expansion 

States 
Comparison 

  

Mean  

n=1,351 

Mean 

n=1,054 Difference SE 

Dependent Variables 

Eviction Rate 2.78 2.08 -0.694*** 0.152 

Demographic Factors 

Total Population 422,000 216,000 -205,846*** 40,456 

Population Age 18 to 64 62.07% 62.02% -0.0514 0.201 

Female 50.87% 50.40% -47.50% 9.39% 

Race (% Population) 

White Alone 75.67% 84.08% -0.402 0.545 

Black or African American Alone 14.55% 7.97% -6.588*** 1.5 

American Indian and Alaska Native Alone 0.85 1.77% 0.921*** 0.314 

Asian Alone 3.63% 1.95% -1.677*** 0.553 

Native Hawaiian and Other Pacific Islander 

Alone 0.08 0.06 -0.0217*** 0.0080 

Some Other Race Alone 2.73% 2.08% -0.650** 0.319 

Two or More Races 2.49% 2.09% -0.395*** 0.0968 

Income 

Median Household Income $61,160.22 $56,316.02 -4,844* 2525 

Education (Renter Households Only) 

Less than High School Graduate 16.03% 16.15% 0.125 0.535 

High School Graduate (Including 

Equivalency) 28.39% 31.03% 2.637*** 0.655 

Some College or Associate's Degree 33.62% 34.9% 1.276** 0.531 

Bachelor's Degree or Higher 21.96% 17.9%2 -4.038*** 1.234 

Marital Status: (Renter Households Only) 

Married-Couple Family 28.49% 25.67% -2.826*** 0.785 

Other Family 26.68% 25.72% -0.965* 0.539 

Nonfamily Households 44.82% 48.61% 3.792*** 0.708 

Financial Indicators 

% Families: Income Below Poverty Level 10.82% 10.42% -0.402 0.545 

Unemployment Rate 6.48% 7.05% 0.562*** 0.206 

Health Insurance Indicators 

Population without Health Insurance 13.93% 12.42% -1.507*** 0.494 

Housing Indicators (Renter Households Only) 

Renter-Occupied Housing Units (#) 51,523.72 21,826.3 -29,697*** 4,777 

Renter-Occupied Housing Units (%) 30.98% 27.7% -3.275*** 0.661 

*** p<0.01, ** p<0.05, * p<0.1 

Table 2, continued 
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Non 

Expansion 

States 

Expansion 

States 
Comparison 

  

Mean  

n=1,351 

Mean 

n=1,054 Difference SE 

Average Household Size 2.51 2.39 -0.126*** 0.0259 

Median Gross Rent $928.68 $812.15 -116.5*** 33.83 

Average Gross Rent $920.78 $799.76 -121.0*** 35.65 

Rent Burden 29.5% 29.86% 0.352* 0.199 
*** p<0.01, ** p<0.05, * p<0.1 
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REGRESSION RESULTS 

Tables 3 and 4 report my regression results. Table 3 reports results for the paired sample, comparing the 

difference in eviction rates between each expansion county and its bordering non-expansion county.33 

Table 4 reports results from the unpaired sample for all observations for which eviction data are available. 

As discussed in my Data and Methods section, the dependent variable for the regressions in the unpaired 

sample is eviction rates and the dependent variable for the regressions in the paired sample is the 

difference in eviction rates between an expansion county and its bordering non-expansion county in the 

pair.  

Both tables report results for the same set of eight regressions (Models 1-8). On the left side of each table, 

Model 1 examines the relationship between eviction rates and Medicaid expansion without any control 

variables. Model 2 adds time-varying controls, control variables specific to each county-year observation. 

Model 3 adds county fixed effects and Model 4 adds year fixed effects. On the right side of the tables, 

Models 5 through 8 identify whether the relationship between Medicaid and eviction rates varies based on 

a county’s other financial indicators. These include whether the county has a median gross rent greater 

than or equal to the within-sample 50th percentile (Model 5), a proportion of people without health 

insurance greater than or equal to the within-sample 50th percentile (Model 6), a poverty level greater than 

or equal to the within-sample 50th percentile (Model 7), and a poverty level at or above the within-sample 

75th percentile (Model 8).  

As noted previously, Models 2-8 include time-varying controls. However, for ease of exposition, I do not 

report coefficients for these controls in the tables of the main text. A full set of regression results, 

including time-varying controls, can be found in Appendices 1 and 2.34   

                                                             
33 As previously noted, the eviction rate is calculated by the Eviction Lab as evictions per 100 renter homes.  
34 In other analyses not reported here, I also examined whether the impact of Medicaid expansion varies by 

geographic region. The results generally do not show differences between regions. The results of this analysis are 

available upon request.  
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Table 3: Paired Sample (Border County Pairs) 

Dependent Variable: Eviction Rates Difference35 

 Base Model Interactions 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Medicaid Expansion -0.321* -0.306** -0.0875 -0.968 -0.919 -0.980 -1.081 -0.947 

(0.192) (0.130) (0.137) (0.672) (0.719) (0.722) (0.700) (0.705) 

Interactions         

Median Gross Rent  

(> median) 

    -0.059 

(0.207) 
 

   

Share Uninsured  

(> median) 

     0.031 

(0.236) 
 

  

Poverty Level  

(> median) 

      0.254 

(0.238) 
 

 

Poverty Level  

(> 75th percentile) 

       -0.086 

(0.253) 
 

F-statistics and p-values (in parentheses) for joint hypothesis tests     

Median Gross Rent  

(> median) 

    2.15 

(.145) 

   

Share Uninsured  

(> median) 

     2.38 

(.125) 

  

Poverty Level  

(> median) 

      1.51 

(.221) 

 

Poverty Level  

(> 75th percentile) 

       3.22* 

(.075) 

County Fixed Effects No No Yes Yes Yes Yes Yes Yes 

Year Fixed Effects No No No Yes Yes Yes Yes Yes 

Sample Size 1,455 1,455 1,455 1,455 1,455 1,455 1,455 1,455 

R2 0.837 0.850 0.837 0.850 0.850 0.852 0.850 0.850 

*** p<0.01, ** p<0.05, * p<0.1.  

Robust standard errors in parentheses. 

 

 

                                                             
35 This difference is calculated as (Eviction Rate Expansion County – Eviction Rate Bordering Non-Expansion County). All time-

varying controls are recalculated using the same methodology. 
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Figure 4: 95% Confidence Intervals, Models 5-8 (Paired Sample) 

 

I first estimate regressions using matched pairs of border counties as described in my Data & Methods 

section and displayed in Table 3. The dependent variable for all models in Table 3 is the difference in 

eviction rates between a given expansion county and its bordering non-expansion county. For models 

using county fixed effects (Models 3-8), I use a dummy variable corresponding to the expansion-side 

county for the fixed effect. Figure 4 reports 95% confidence intervals for Models 5-8.  

All models show a negative relationship between Medicaid expansion and eviction rates, meaning that 

eviction rates go down after Medicaid expansion. However, only the coefficients on Medicaid expansion 

in Models 1 and 2 are statistically significant at conventional levels. In Model 2, a multivariate regression 
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with time-varying controls, Medicaid expansion is associated with reduced eviction rates in expansion 

states of -0.306, a 13% reduction, and is significant at p<0.05. It is notable that in Model 4, which 

includes county and year fixed effects, the coefficient on Medicaid expansion is -0.968, meaning that the 

eviction rate is reduced by nearly 1 eviction per 100 renter homes in a sample with an average eviction 

rate of 2.34. This translates to a 41.2% reduction in eviction rates, though the coefficient has a p-value 

only slightly higher than standard levels of statistical significance (p=.152).36 

The relationship between eviction rates and Medicaid expansion varies among counties with different 

levels of poverty. Model 8 estimates that, in expansion counties with the highest poverty levels (> within-

sample 75th percentile), eviction rates fall by nearly half (1.033 evictions per 100 renter homes or 44.1%) 

after the expansion, with statistically significant results.37 While this is the largest estimate in any of my 

models, the 95% confidence interval for these highest poverty counties falls entirely within the 95% 

confidence interval for the full model (Model 4), meaning that the two estimates are likely identical. 

However, the high-poverty estimate is more exact, as demonstrated by its smaller confidence interval. 

Interestingly, counties with low levels of poverty (<50 percentile) have a nearly identical reduction in 

eviction rates (-1.081 or 46.2%), though this estimate is just below standard levels of statistical 

significance (p=0.125).38  

  

                                                             
36 The mean eviction rate in expansion states for the paired sample is 2.34. (-0.968 / 2.34) = -41.2%.  
37 (-0.947 + -0.086) = -1.033. (-1.033 / 2.34) = 44.1%. 
38 (-1.081/2.34) = 46.2% 
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Table 4: Unpaired Sample (All Border Counties) 

Dependent Variable: Eviction Rates 

 Base Model Interactions 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Medicaid Expansion -0.798*** -0.434*** -0.267** -0.257* -0.078 -0.278 -0.355* -0.255 

(0.170) (0.149) (0.123) (0.146) (0.123) (0.173) (0.185) (0.156) 

Interactions         

Median Gross Rent  

(> median) 

    -0.225 

(0.141) 
 

   

Share Uninsured  

(> median) 

     0.079 

(0.161) 
 

  

Poverty Level  

(> median) 

      0.258 

(0.163) 
 

 

Poverty Level  

(> 75th percentile) 

       -0.015 

(0.148) 
 

F-statistics and p-values (in parentheses) for joint hypothesis tests     

Median Gross Rent  

(> median) 

    3.47* 

(.063) 

   

Share Uninsured  

(> median) 

     2.41 

(0.121) 

  

Poverty Level  

(> median) 

      0.66 

(0.418)  

 

Poverty Level  

(> 75th percentile) 

       3.40* 

(0.066) 

County Fixed-Effects No No Yes Yes Yes Yes Yes Yes 

Year Fixed Effects No No No Yes Yes Yes Yes Yes 

Sample Size 2,405 2,405 2,405 2,405 2,405 2,405 2,405 2,405 

R2 0.023 0.463 0.909 0.910 0.910 0.910 0.910 0.910 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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Figure 5: 95% Confidence Intervals, Models 5-8 (Unpaired Sample) 

 

Table 4 shows the regression results for the unpaired sample using the same models as in Table 3. Figure 

5 reports the 95% confidence interval for Medicaid expansion for Models 5 through 8. All specifications 

in Table 4 show that Medicaid expansion is associated with lower eviction rates. The coefficients on 

Medicaid expansion in all base models (Models 1-4) are statistically significant at conventional levels. 

The coefficient on Medicaid expansion for Model 1 is -0.798. In practical terms, this means that Medicaid 

expansion is associated with a reduction in the eviction rate by nearly a third.39 This relationship is 

reduced with the inclusion of time varying controls in Model 2 to -0.434, which still reflects a meaningful 

and statistically significant change in eviction rates.  

                                                             
39 The sample average eviction rate is 2.508. (-0.798 / 2.508) = -31.8%. 
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Model 4 is the most complete model, as it includes both county and year fixed effects. The coefficient on 

Medicaid expansion in Model 4 is -0.257. This represents a 10.2% reduction in evictions per 100 renter 

homes and is significant at standard levels of statistical significance.40 

Models 5-8 examine the variation in the impact of Medicaid expansion on eviction rates based on 

differences in a county’s financial demographics. They show that Medicaid expansion is associated with 

the largest reduction in eviction rates in counties with low levels of poverty (poverty rates below the 

within-sample 50th percentile), poverty levels above the 75th percentile, and in high rent counties (median 

gross rent above the 50th percentile). Counties with median rent above the sample 50th percentile see a 

decline of 0.303, a reduction of 12.1%.41 There is no evidence of a relationship with counties with median 

gross rent below the 50th percentile. There also appears to be no variation in the relationship between 

Medicaid expansion and eviction rates based on the proportion of uninsured people in a county.  

As in the paired sample, the impact of Medicaid expansion on eviction rates in the unpaired sample varies 

by poverty level. Counties with low levels of poverty have the largest reduction in eviction rates, 0.355, 

equivalent to a 14.2% reduction (significant at the p<0.1 level).42 In other words, the sample mean of 

2.508 evictions per 100 renter homes is reduced to 2.153 evictions. High poverty (>75 percentile) 

counties also see a noticeable difference in eviction rates associated with Medicaid expansion, a 0.27 

reduction in eviction rates, equivalent to a 10.8% reduction (significant at the p<0.1 level, as indicated by 

the test of joint significance reported at the bottom of the table).43 The 95th percent confidence interval for 

these highest poverty counties overlaps almost exactly with that of my most saturated model (Model 4). 

Therefore, it is likely that these counties have the same effect as in the overall sample. It appears that 

while general levels of poverty are not associated with a reduction in eviction rates post-Medicaid 

expansion, counties with low levels of poverty and unusually high levels of poverty (>75th percentile) do 

see a statistically significant difference. These results are similar to those in the paired sample, indicating 

                                                             
40 (-0.257 / 2.508) = -10.2%.  
41 (-0.078 + -0.225) = -0.303. (-0.303 / 2.508) = -12.1% 
42 -0.355/2.508=-14.2%. 
43 (-.255 + -.015) = -0.270. (-0.270 / 2.508) = -10.8% 
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meaningful changes in eviction rates exist overall following Medicaid expansion in high (>75th percentile) 

poverty and low poverty (<50th percentile) counties, but there is no change or even a small increase in 

eviction rates between the 50th and 75th percentile of the poverty rate. 
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DISCUSSION 

This thesis extends the literature on the effects of Medicaid expansion on poor and near-poor financial 

well-being to a new research area: eviction rates. In line with the existing literature that has found other 

kinds of financial benefits, I find that Medicaid expansion is associated with a lower likelihood of tenants 

losing their homes. Though the magnitude of the relationship and precision of my estimates vary, my 

results show striking consistency. These results appear to confirm my initial hypothesis, based on others’ 

research into the impact of Medicaid expansion on personal finance: if people are less financially fragile 

once they gain Medicaid, they could have a greater ability to pay their rent, and therefore, lower rates of 

eviction. 

My most saturated model (Model 4), which includes county and year fixed effects along with time-

varying controls, indicates a stronger relationship in the paired sample of border county pairs than in the 

unpaired sample of all border counties nationwide. However, the p-value of the coefficient in the paired 

sample is slightly higher than required by traditional levels of statistical significance (p=0.152). In the 

paired sample, Medicaid expansion is associated with a 40% reduction in eviction rates. In the unpaired 

sample, Medicaid expansion is associated with a 10% reduction.  

While my findings show a consistent relationship between Medicaid expansion and eviction rates, I did 

find unexpected variation in that relationship according to counties’ poverty level. Findings from both the 

paired and unpaired analysis suggest that following Medicaid expansion, eviction rates fall among 

counties in the within-sample 0-50th percentile and 75th-100th percentile of the poverty rate distribution. 

However, among counties in the 50th to 75th percentile, Medicaid expansion appears to have no effect. 

Though the data do not explain these differences, I theorize a few possible explanations for these findings. 

Perhaps these moderately poor counties (50th to 75th percentile of the poverty rate distribution) do not 

have the anti-poverty resources available in places with the greatest poverty, so that renters on the cusp of 

eviction do not have access to financial buffers. The difference in eviction rates between counties with 

low poverty (0-50th percentile of the poverty rate distribution) and moderate poverty (50th to 75th 
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percentile) may also be due to differences in their proportion of renters. The average percent of housing 

units occupied by renters in low poverty counties is 24.51%, but is slightly higher (27.24%) in moderate 

poverty counties. Counties in which renting is less common may have fewer renter-friendly protections in 

place, leading to Medicaid expansion having a larger impact on eviction rates. Future research should 

further examine such variation on the impact of Medicaid expansion in places with different 

concentrations of poverty.  

 

Limitations 

My research is limited in a number of ways. The most important limitation is that I do not have 

observations from every border county in every year. The Eviction Lab, which provided crucial data for 

my analysis, has assembled a unique and highly useful dataset, but information for numerous counties is 

missing. For example, no eviction data are available from any county in South Dakota. Data are also 

missing for numerous counties for some or all years, often a period of sequential years (ex: 2010-2012 or 

2015-2016). As additional data become available and as Medicaid expansions have been in place for a 

longer period of time, it would be useful to repeat this analysis with a more complete dataset. 

My analysis is also limited in that it includes data only for formal evictions – meaning ones in which a 

landlord uses the formalized eviction process that runs through the courts. The full evictions rate would 

include both formal and informal evictions, in which a landlord simply tells or forces a tenant to leave 

(Desmond and Shollenberger 2015). In a study of forced moves in Milwaukee, Wisconsin during 2009-

2011, Desmond and Shollenberger found that 48% of forced moves over the previous two years had been 

the result of informal evictions, while only 24% of forced moves were due to formal evictions (2015).44 It 

is possible that Medicaid expansion may have a different effect on informal evictions. I recommend that 

future research delve more deeply into this topic.  

                                                             
44 The remaining 28% of forced moves were likely due to housing condemnations or landlord foreclosures 

(Desmond and Shollenberger 2015).  
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Due to other data limitations, I was unable to include three key variables in my analysis: the prevalence of 

landlord-tenant mediation courts, health status, and health spending. Given the inclusion of both county 

and year fixed effects, which control for numerous unobserved characteristics, it is likely that the 

exclusion of these variables does not substantially affect my estimates. However, including these 

variables in my analyses would further reduce bias and make my estimates more exact.  

Because the relationship between these excluded variables and Medicaid expansion is ambiguous, I 

cannot speculate on the direction of bias that including these variables would have on my results. It does 

seem, though, that housing-specific policies, especially the availability of landlord-tenant mediation, in 

which tenants can negotiate eviction-avoiding settlements with their landlords, could be expected to 

suppress evictions. However, I do not have data on the relationship between the availability of these 

courts and Medicaid expansion, making the overall direction of the bias unknown.  

Health status and health spending – other variables that I do not include in my analysis – probably also 

influence eviction rates. People who earn higher incomes generally have better health than similar people 

earning lower incomes (Woolf et al. 2015). Conversely, low-income people, who are more likely to be 

evicted, are also more likely to be in poor health. However, the direction of the correlation between health 

status and Medicaid expansion is unclear. For example, the former governor of Kentucky specifically 

cited his state’s poor health outcomes as part of his rationale for expanding Medicaid, saying that the 

expansion available under the Affordable Care Act could improve Kentuckians’ health. (Beshear 2018).  

However, other states with similarly poor health outcomes have chosen not to expand Medicaid, making 

it unclear whether a state’s health status is positively or negatively correlated with Medicaid expansion.45  

Like health status, health spending has an unclear relationship with both eviction rates and Medicaid 

expansion. Therefore, I do not know the direction of the bias caused by its exclusion. I recommend that 

                                                             
45 Mississippi, for example, did not expand Medicaid. In Kaiser Family Foundation’s state rankings of health status 

indicators, Mississippi has the 2nd highest number of diabetes deaths per 100,000 residents in 2017, the lowest life 

expectancy at birth in 2009, and the second highest infant mortality rate in 2016 (“Health Status Indicators” n.d.).  
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researchers identify the direction of the bias created by the exclusion of controls for eviction mediation 

courts, health status, and health spending and control for these variables in future analyses.  
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CONCLUSION 

My research indicates that discussing Medicaid only as health insurance likely obscures some of its 

impact. Policy discussions about Medicaid expansion and its effects generally focus only on the 

program’s protections for physical and mental health. However, researchers have found that new 

Medicaid recipients have seen improved financial wellbeing across a number of different metrics, 

including lower out-of-pocket spending, less medical debt, improved credit scores, fewer payday loans, 

and lower rates of rent and mortgage delinquency. My findings imply that these financial improvements 

can affect other areas of daily life, such as housing stability.  

My research also highlights the general lack of scholarship around housing instability for renters. 

Relatively little investment has been made in the study of eviction and only recently have publicly 

available data existed to monitor evictions nationwide. Though my work is focused on the effect of health 

insurance, my findings suggest opportunities for scholars and policymakers to examine eviction’s causes 

and solutions beyond the downstream improvements that I document here.  

Social policy debates, whether about Medicaid, eviction, or various forms of financial wellbeing, often 

occur in silos, with separate policies to improve health, finances, and housing stability. As I have shown 

here, these outcomes can be closely related, and an altered policy in one arena – such as expanded access 

to health insurance for low-income Americans – may produce significant changes in other areas.  
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APPENDIX: ADDITIONAL TABLES 

Table A1: Paired Sample (Border County Pairs), Regressions with Time Varying Controls  

Table 3 Expanded 

  Base Model Interactions 

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Medicaid 

Expansion 

-0.321* -0.306** -0.088 -0.968 -0.919 -0.980 -1.081 -0.947 

(0.192) (0.130) (0.137) (0.672) (0.719) (0.722) (0.700) (0.705) 

Interactions         

Median Gross 

Rent  

(> median) 

    
-0.059 

   

(0.207) 

Share 

Uninsured  

(> median) 

     
0.031 

  

(0.236) 

Poverty Level  

(> median) 
      0.254  

(0.238) 

Poverty Level  

(> 75th 

percentile) 

       
-0.086 

(0.253) 

Time Varying Controls 

% Female 
 0.080*** 0.059 0.069* 0.069* 0.069* 0.068* 0.070* 
 (0.030) (0.044) (0.036) (0.036) (0.037) (0.036) (0.037) 

Pop 18 to 64 

(thous) 

 0.007*** 0.005 0.005 0.005 0.005 0.005 0.005 
 (0.002) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

% Families 

Below Poverty 

Level 

 0.003 0.007 -0.001 -0.001 -0.001 -0.003 0.000 

 (0.028) (0.027) (0.026) (0.026) (0.026) (0.025) (0.026) 

% Black or 

African 

American 

Alone 

 0.053*** 0.004 0.007 0.007 0.007 0.006 0.007 

 
(0.011) (0.039) (0.041) (0.041) (0.041) (0.041) (0.041) 

%  American 

Indian and 

Alaska Native 

Alone 

 -

0.046*** -0.015 -0.012 -0.012 -0.013 -0.013 -0.012 

 (0.014) (0.026) (0.024) (0.024) (0.024) (0.024) (0.024) 

% Asian Alone 
 -0.011 -0.063 -0.056 -0.057 -0.056 -0.062 -0.056 
 (0.059) (0.059) (0.058) (0.058) (0.058) (0.055) (0.058) 

%  Native 

Hawaiian and 

Other Pacific 

Islander Alone 

 -

1.338*** -0.406 -0.507 -0.504 -0.508 -0.480 -0.513 

 (0.389) (0.496) (0.530) (0.530) (0.530) (0.522) (0.531) 

%  Some Other 

Race Alone 

 
-0.058** 0.018 0.008 0.008 0.008 0.006 0.008 

 (0.027) (0.042) (0.036) (0.036) (0.036) (0.036) (0.036) 

% Two or 

More Races 

 
0.546*** 0.282*** 0.307*** 0.309*** 0.308*** 0.308*** 0.307*** 

 (0.079) (0.089) (0.091) (0.089) (0.090) (0.092) (0.090) 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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Table A1, continued 

  Base Model Interactions 

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Median 

Household 

Income (thous) 

 -0.034** -0.009 -0.019 -0.019 -0.019 -0.020 -0.018 

 (0.015) (0.013) (0.015) (0.015) (0.016) (0.015) (0.016) 

% Married-

Couple Family 

 2.617 -0.777 -2.197 -2.155 -2.217 -2.585 -2.101 
 (7.873) (3.829) (4.369) (4.386) (4.415) (4.623) (4.388) 

% Other 

Family 

 2.678 -0.731 -2.151 -2.109 -2.171 -2.540 -2.054 
 (7.872) (3.834) (4.374) (4.392) (4.421) (4.629) (4.394) 

%  Nonfamily 

Households 

 2.643 -0.775 -2.193 -2.151 -2.213 -2.580 -2.097 
 (7.873) (3.835) (4.376) (4.393) (4.422) (4.630) (4.395) 

Unemployment 

Rate 

 -0.038 0.049 0.010 0.010 0.009 0.014 0.010 

 (0.037) (0.033) (0.069) (0.069) (0.070) (0.069) (0.069) 

% without 

Health 

Insurance 

 0.013 -0.044 -0.045* -0.044* -0.044* -0.042* -0.045* 

 
(0.019) (0.028) (0.025) (0.025) (0.023) (0.024) (0.024) 

Renter-

Occupied 

Housing Units 

(thous) 

 
-0.012 -0.010 -0.013 -0.012 -0.012 -0.011 -0.013 

 
(0.014) (0.027) (0.028) (0.028) (0.028) (0.028) (0.028) 

Average 

Household 

Size 

 -0.318 -0.237 -0.277 -0.283 -0.279 -0.283 -0.274 

 
(0.347) (0.390) (0.357) (0.352) (0.358) (0.348) (0.360) 

% Renter 

Occupied 

 0.009 0.059*** 0.056*** 0.056*** 0.056*** 0.056*** 0.057*** 

 (0.012) (0.016) (0.018) (0.018) (0.018) (0.017) (0.018) 

% High School 

Graduate  

 0.054*** -0.017 -0.016 -0.015 -0.016 -0.016 -0.016 

 (0.016) (0.014) (0.012) (0.012) (0.012) (0.012) (0.012) 

% Some 

College or 

Associate's  

 
0.053*** -0.002 -0.003 -0.003 -0.003 -0.003 -0.003 

 (0.013) (0.010) (0.011) (0.011) (0.011) (0.010) (0.011) 

%  Bachelor's 

or Higher 

 
-0.014 -.043*** -.046*** -.046*** -.046*** -.045*** -.046*** 

 (0.016) (0.015) (0.016) (0.016) (0.016) (0.016) (0.016) 

Median Gross 

Rent (thous) 

 
-0.073 1.892 2.562* 2.587* 2.585* 2.779** 2.526* 

 (1.019) (1.255) (1.329) (1.312) (1.344) (1.382) (1.308) 

Median Gross 

Rent as a % of 

Household  

Income 

 
-0.008 -0.012 -0.019 -0.019 -0.019 -0.022 -0.018 

 (0.019) (0.019) (0.020) (0.020) (0.020) (0.020) (0.020) 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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Table A1, continued 

  Base Model Interactions 

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

F-statistics and p-values for joint hypothesis tests           

Median Gross 

Rent  

(> median) 

        
3.75* 

      
(0.05) 

Share 

Uninsured  

(> median) 

        
0.46 

  
(0.50) 

Poverty Level  

(> median) 
         3.51*  

(0.06) 

Poverty Level  

(> 75th 

percentile) 

          
1.63 

(0.20) 

County Fixed 

Effects 
No No Yes Yes Yes Yes Yes Yes 

Year Fixed 

Effects 
No No No Yes Yes Yes Yes Yes 

Sample Size 1,455 1,455 1,455 1,455 1,455 1,455 1,455 1,455 

R2 0.837 0.850 0.837 0.850 0.850 0.852 0.850 0.850 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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Table A2: Unpaired Sample (All Border Counties), Regressions with Time Varying Controls  

Table 4 Expanded 

  Base Model Interactions 

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Medicaid 

Expansion 

-0.798*** -0.434*** -0.267** -0.257* -0.078 -0.278 -0.355* -0.255 

(0.11) (0.15) (0.12) (0.15) (0.123) (0.173) (0.185) (0.156) 

Interactions             

Median Gross 

Rent  

(> median) 

        

-0.225 
   (0.141) 

Share 

Uninsured  

(> median) 

       
0.079 

 

 (0.161) 

Poverty Level  

(> median) 
        

0.258 

 
(0.163) 

Poverty Level  

(> 75th 

percentile) 

         
-0.015 

(0.148) 

Time Varying Controls 

% Female 
 0.148*** -0.050 -0.064 -0.060 -0.061 -0.061 -0.064 
 (0.024) (0.040) (0.040) (0.040) (0.040) (0.040) (0.040) 

Pop 18 to 64 

(thous) 

 0.002 -0.015 -0.015* -0.015* -0.015* -0.015* -0.015* 
 (0.002) (0.009) (0.009) (0.009) (0.009) (0.009) (0.009) 

% Fam Below 

Poverty Level 

 
-0.156*** -0.019 -0.016 -0.018 -0.017 -0.016 -0.016 

 (0.025) (0.033) (0.033) (0.033) (0.033) (0.032) (0.033) 

% Black or Af-

Am Alone 

 0.040*** 0.200 0.206 0.207 0.206 0.205 0.206  
(0.006) (0.161) (0.164) (0.163) (0.164) (0.163) (0.164) 

% Am Indian 

and Alaska 

Native Alone 

 0.022*** 0.023 0.036 0.035 0.035 0.031 0.037 

 (0.008) (0.076) (0.079) (0.080) (0.079) (0.079) (0.079) 

% Asian Alone 
 

-0.116*** 0.060 0.116 0.122 0.118 0.115 0.115 
 (0.035) (0.177) (0.165) (0.166) (0.166) (0.164) (0.165) 

% Native 

Hawaiian & 

Other Pacific 

Islander Alone 

 
-1.229*** 0.198 0.195 0.201 0.198 0.224 0.195 

 
(0.297) (0.219) (0.225) (0.224) (0.227) (0.230) (0.226) 

% Some Other 

Race Alone 

 0.013 0.031 0.036 0.033 0.035 0.031 0.037 
 (0.020) (0.043) (0.042) (0.042) (0.043) (0.042) (0.042) 

% Two or More 

Races 

 
0.167*** 0.016 0.028 0.028 0.028 0.020 0.028 

 (0.032) (0.053) (0.053) (0.052) (0.054) (0.053) (0.054) 

Med. 

Household Inc. 

(thous) 

 
-0.038*** -0.024 -0.026 -0.027 -0.026 -0.027 -0.026 

 (0.012) (0.023) (0.023) (0.024) (0.024) (0.023) (0.024) 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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Table A2, continued 

  Base Model Interactions 

  
Model 1 

Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

% Married-

Couple Family 

 7.748 5.187 4.246 4.336 4.185 4.013 4.239 
 (8.395) (6.036) (5.508) (5.484) (5.524) (5.542) (5.512) 

% Other 

Family 

 7.826 5.204 4.264 4.354 4.203 4.031 4.257 
 (8.396) (6.039) (5.512) (5.487) (5.528) (5.545) (5.515) 

%  Nonfamily 

Households 

 7.737 5.212 4.273 4.364 4.212 4.040 4.266 

 (8.396) (6.037) (5.510) (5.486) (5.526) (5.544) (5.514) 

Unemployment 

Rate 

 0.046* 0.031 0.013 0.012 0.012 0.015 0.013 

 (0.025) (0.032) (0.039) (0.039) (0.039) (0.038) (0.039) 

% without 

Health 

Insurance 

 
-0.055*** -0.027 

-

0.041** -0.040** -0.039** -0.037* -.041** 

 (0.013) (0.020) (0.020) (0.020) (0.020) (0.019) (0.020) 

Renter-

Occupied 

Housing Units 

(thous) 

 -0.005 -0.030 -0.028 -0.027 -0.028 -0.027 -0.028 

 
(0.009) (0.021) (0.021) (0.022) (0.022) (0.022) (0.021) 

Average 

Household Size 

 -0.825*** 0.166 0.266 0.288 0.264 0.278 0.265 

 
(0.289) (0.233) (0.239) (0.239) (0.239) (0.237) (0.240) 

%  Renter 

Occupied 

 
0.040*** 0.014 0.023 0.024 0.023 0.023 0.023 

 (0.011) (0.023) (0.023) (0.023) (0.023) (0.023) (0.023) 

% High School 

Grad (or 

Equiv) 

 -0.043*** -0.002 0.002 0.002 0.002 0.002 0.002 

 (0.012) (0.011) (0.011) (0.011) (0.011) (0.011) (0.011) 

%  Some 

College or 

Assoc Degree 

 
-0.019* -0.009 -0.003 -0.003 -0.003 -0.004 -0.003 

 (0.011) (0.013) (0.012) (0.012) (0.012) (0.012) (0.012) 

% Bach Degree 

or Higher 

 
-0.071*** -0.023 -0.014 -0.012 -0.014 -0.012 -0.014 

 (0.014) (0.016) (0.015) (0.015) (0.015) (0.015) (0.015) 

Median Gross 

Rent (thous) 

 
0.004*** -0.001 -0.000 -0.239 -0.225 -0.253 -0.218 

 (0.001) (0.001) (0.001) (1.461) (1.464) (1.449) (1.464) 

Median Gross 

Rent as % of 

Household  

Income 

 
4.247*** -0.553 -0.225 0.000 0.001 -0.001 0.002 

 (0.801) (1.358) (1.466) (0.017) (0.017) (0.017) (0.017) 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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Table A2, continued 

  Base Model Interactions 

  
Model 1 

Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

F-statistics and p-values for joint hypothesis tests           

Median Gross 

Rent  

(> median) 

        

2.15 

(.145)    

Share 

Uninsured  

(> median) 

       

2.38 

(.125)   

Poverty Level  

(> median) 
        

1.51 

(.221)  

Poverty Level  

(> 75th 

percentile) 

         

3.22* 

(.075) 

County Fixed 

Effects 
No No Yes Yes Yes Yes Yes Yes 

Year Fixed 

Effects 
No No No Yes Yes Yes Yes Yes 

Sample Size 2,405 2,405 2,405 2,405 2,405 2,405 2,405 2,405 

R2 0.023 0.463 0.909 0.91 0.91 0.91 0.913 0.91 

*** p<0.01, ** p<0.05, * p<0.1  

Robust standard errors in parentheses. 
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