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Abstract

From its introduction to the American public in 1966, Medicare has been influential in providing free to low
cost health insurance for many, specifically people over the age of 65. Since all Americans eligible for Social
Security are eligible for Medicare at age 65, many people may consider deferring crucial treatments to once
they are covered by the public insurance program. Vision problems are common among older adults. Many
conditions, such as cataracts and glaucoma are treatable and covered by Medicare. These conditions increase
the likelihood of the individual to be in a motor vehicle accident. Using a regression discontinuity approach
with cutoff value 65, the relationship between age and crash frequency is explored. Other factors are taken
onto consideration, such as accidents that result in injuries or deaths, light and weather conditions, and if
the driver already has a known visual impairment. Using a linear model, none of the explored relationships
resulted in a significant result. While no relationship was discovered from this study, it is possible that with
more information a change in the results may occur.
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Process Analysis Statement

This research project was unique to me. I have performed linear regressions and performed hypothesis tests

in the past, but this is the first project where I found little or no significant results from my research. While

some may find this discouraging, I think that we can sometimes learn just as much by discovering what

is not there. For example, by not seeing significant drops in accidents at age 65, we can infer that people

implement practices that are beneficial for their health, such as seeing a doctor or practicing safer driving

behavior. Finding significant results can be exciting in research, but I think that I have learned about the

process and struggles of research by this not happening.

I faced many challenges while working on my thesis. The initial challenges I faced were related to data

collection and use. My advisor requested that I reach out to states to gather crash information. While most

states provide summary information online for download, it can be difficult to actually acquire entire crash

databases. I had to accomplish this by sending Freedom of Information Act (FOIA) requests. I reached

out to Minnesota, Michigan, North Dakota, and Texas. I only received data from Minnesota and Texas.

When I tried using the Texas data in R (my method of coding and obtaining results), I noticed that the

data I obtained was not showing any crash occurrences. I do not know whether it was how I received and

downloaded data from the state or how the state prepared the data. This is why I have a hole in year 2012 in

my Texas data. I would have liked to use my Minnesota data, but the Missouri data that had been obtained

prior by my advisor was much more complete and still provided enough geographic diversity. Given more

time, I could have included more states, but I do not think this would change my overall results.

I also faced difficulties coding my regression discontinuity. When I began my analysis, I did not know

that the R package “rdrobust” existed which can automatically perform regression discontinuity analysis

and plot the regression. Prior to using this, I spent many hours deciding on how to best decide factors like

the bandwidth and create visually appealing regression discontinuity graphs. Once utilizing the package, I

was able to greatly decrease the time I was spending coding as I was able to create one block of code for one

regression and use a nearly exact copy of that code for all future regressions.

I struggled initially writing and formatting my report. This was my first time using Overleaf, which

is commonly used to prepare academic papers. I had to familiarize myself with many new commands and

syntax. One specific struggle I faced was importing my tables and graphs and having them display in a

reasonable way. Once I figured out how to import my figures, I spent a lot of time trying to control their

placements within the page. The actual writing of my report was not incredibly difficult for me as I had

done similar statistical reports. However, the quantity of information I wanted to include meant that I had

to find new ways to describe my findings even though I only obtained one significant result.
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I am unsure if my research will be used in the future. Since I only found one significant result out of all

my queries, the overwhelming majority of my findings say that Medicare eligibility does not affect driving

performance. While this could be used for governmental decisions, it would only be useful to show that

driving performance and Medicare are not highly linked. More likely, I think my work could be used by

other researchers who would like to research a similar topic. Knowing that I tried and failed to show that

this relationship exists on a meaningful level can help others know how to best devote their focus to future

projects.

The honors thesis exposed me to many new experiences. From performing a regression discontinuity

study to creating unique code in R by myself, I needed to learn new skills to complete this project. Coding

will be an extremely important part of all my future jobs, so the experience I have gained in R will be very

useful. Not all actuaries are given the opportunity to perform new research. Understanding different types

of regression and comprehending statistical studies are vital to succeeding in my future field. Performing

this study has led me to gain acquire skills that may help me stand out in future employment if a research

opportunity should arise.
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1 Introduction

On June 30, 1965, President Lyndon B. Johnson signed the Social Security Act Amendments of 1965,

establishing the programs of Medicare and Medicaid. Medicare is a federally funded health insurance program

that covers Americans over the age of 65, individuals with disabilities, and people with end-stage renal disease.

Today, Medicare is a major source of governmental spending, accounting for 15 percent of the federal budget

in 2018 [Neuman, Cubanski, and Freed(2019)]. From when it took effect in 1966, Medicare has had Part A

and Part B coverage; today Medicare also includes Parts C and D. Part A is premium-free for all Americans

over the age of 65 who receive or are eligible to receive Social Security or Railroad Retirement Board benefits

and includes hospital insurance. Part B is medical insurance and does require a premium for all non-disabled

individuals. Part C is Medicare Advantage and was officially established in 1997 and provides supplemental

insurance for areas not included in original Medicare, like vision and dental insurance. In 2020, 24 million

Americans were enrolled in Medicare Advantage, which is around 39 percent of the total Medicare enrollees

[Meredith Freed(2021)]. Part D is prescription drug coverage and was established in 2006. Medicare Part D

requires a monthly premium.

A common area of health issues for people over age 60 is vision-related problems. One specific problem

that manifests in older adults is cataracts. The National Eye Institute reported that 15.45 percent of adults

aged 60 to 64 had cataracts, and this increases to 24.73 percent for adults aged 65 to 69. Treatment for

cataracts and glaucoma, another prevalent condition, are covered under Part B of Medicare. Furthermore,

87 percent of Medicare Advantage plans include vision insurance[Gretchen Jacobson(2019)]. Besides their

negative effect on quality-of-life, vision problems also negatively impact driving performance. However,

people with cataracts may not always have the ability to pay for an expensive surgery. Average cataract

surgery prices can range from $3,500 to $3,900 before insurance [Care(2021)]. It is possible that many

Americans approaching age 65 will defer their treatment until they have medical insurance. This leads me to

investigate the connection between driving and Medicare. Specifically, I want to answer the question: Does

Medicare eligibility have a positive impact on driving performance?

Driving performance can be analyzed through crash data provided at the state level. Using a regression

discontinuity approach, we should be able to see a negative jump in motor vehicle accidents after age 65 if

there exists a significant relationship between Medicare eligibility and driving performance. Additionally,

it may be insightful to look at specific driving environments that would be impactful on driving. Difficult

weather is already a driving hazard, but it may be especially detrimental on driving behavior for those with

eye conditions. Rain, snow, fog, and fog limit visibility and impose a risk on drivers. Likewise, nighttime

driving is a hazard for older drivers [Brody(2007)]. This may also increase driving accident prevalence
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among drivers with eye conditions. It may also be impactful to look at drivers with known preexisting

vision problems. A driver’s license may come with certain restrictions. Based on the driver’s performance

on their vision screening, they may be restricted to driving while only wearing corrective lenses (glasses or

an alternative) or only during daytime. Since Medicare Advantage often provides vision insurance, more

frequent visits to an eye doctor may lead to the treatment of their preexisting conditions or the diagnoses of

new conditions. Finally, it is possible that drivers with vision issues may be involved in worse accidents. This

can be measured by only researching accidents that involved injuries or deaths. All of these considerations

will be explored in my analysis.

My analysis will be done on the states of Texas and Missouri. Both of these states report adequate data

to run the required regressions and additional information on areas like weather and lighting. Additionally,

these states are geographically different and vary in climate. Texas is the second largest state in the United

States by area and population, with nearly 30 million residents. Meanwhile, Missouri’s population is just

over 6 million people. Since sample size is incredibly important in calculating regression results, I naturally

selected Texas, and Missouri was selected for data completion and to contrast with Texas.

2 Literature Review

My research began with researching past studies related with a change in health service utilization as people

become age 65. Jerome A. Dugan, PhD, and Layla G. Booshehri, PhD discuss this in their paper, “Effects of

Inadequate Coverage on Healthcare Utilization” [Dugan and Booshehri(2021)]. In their study, they look at a

pooled cross-sectional dataset of adults aged 60 to 70. The researchers implemented regression discontinuity

design to find the impact of transitioning from non-Medicare programs to Medicare programs on routine

physician visits and emergency room visits. They discovered that gaining access to Medicare at age 65 is

related to both a higher propensity to make routine physician visits and lower out- of pocket costs (P<0.01

for each). The authors did note that while there was an association, some subgroups did not report significant

changes in either of these categories —suggesting that some barriers may impact healthcare utilization.

Vision-related problems are one of the main issues faced by older drivers, and cataracts are a common

visual ailment. A 2020 study conducted by Oritz-Peregrina et al. researched the relationship between

various visual parameters and driving performance [Ortiz-Peregrina et al.(2020)Ortiz-Peregrina, Ortiz, Salas,

Casares-López, Soler, and Anera]. Their cross-sectional study of 20 participants aged 56 to 77, including

10 subjects with bilateral cataracts and 10 control participants, analyzed driving performance and visual

function. At a p-value of 0.05, they concluded that driving performance was significantly worse for patients

with cataracts. This is important for my research as cataracts may indirectly cause many accidents.
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A recent study, which was referenced by Oritz-Peregrina et al., examined the impact of cataracts on

driving behavior and motor vehicle accidents. The 1999 study by Owsley et al. looked at 384 participants

aged 55 to 85 split into groups based on if they had cataracts [Owsley et al.(1999)Owsley, Stalvey, Wells,

and Sloane]. Crash data from the prior 5 years was utilized. They found that drivers with cataracts were 2.5

times more likely to have an at-fault accident in the prior 5 years. This remained even after accounting for

factors such as advanced age, impaired health, and mental status deficit. This study concurs with the study

by Oritz-Peregrina et al. and suggests that cataracts leads to worse driving performance and a greater risk

for motor vehicle accidents. Additionally, they noted that drivers with cataracts reported fewer days driven.

This will likely decrease the magnitude of effect of Medicare eligibility on driving if people with cataracts

seek treatment once insured and resume driving at higher frequencies after being treated.

3 Data

Texas and Missouri datasets were obtained from state governments. The data I am using was originally

obtained by Professor Paul Niekamp, PhD. Texas crash data includes all crashes recorded in the state of

Texas during the years 2010 through 2011 and 2013 through 2017. I was unable to use data from the year

2012, but I do not believe that this has a significant impact on my results due to the multitude of crash

occurrences I was able to utilize. Missouri data ranges from the years 2002 through 2017.

Each occurrence in the data I am using reflects a driver involved in a crash within the state that was

reported. Additionally, I removed any driver data with an age over the age of 114 as that would be unrea-

sonable. I eliminated any crash where the driver was legally intoxicated. For my analysis regarding crashes

that caused injuries or deaths, I only selected data that resulted in a known injury, suspected serious injury,

or death. For crashes occurring in poor weather conditions, I defined the conditions that may detriment

driving performance as rain, snow, sleet, hail, fog, mist, and blowing snow or sand. For my analysis on

driving during the night, I selected data that was marked as dark, regardless if artificial lights were used.

Finally, for my analysis regarding visual impairments, I selected drivers who had the restrictions of corrective

lenses required or daytime driving only. This specific analysis is only done for Texas since it was not reported

for Missouri. I also calculated the proportion of accidents in which the driver has a visual impairment on

their license. Table 1 shows the number of data values in each regression.
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Table 1: Number of observations in each category

Additionally, I looked at crashes for males and females separately. These are selected from the cleaned

crash data from each state data and without accidents involving intoxication. It is important to note that

the gender breakdown totals do not equal the totals of the data without the breakdown. This is due to many

crashes failing to have the gender of the driver reported. This information was decided to be important to

investigate since older drivers have lower driving rates than older men [Collia, Sharp, and Giesbrecht(2003)].

It is possible that older men and women may have different propensities in avoiding driving hazards, such

as having an eye condition. As shown in figures 1 and 2, men were involved in more crashes in each state,

accounting for 56.5 and 55.8 percent of total accidents in Texas and Missouri, respectively.
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Figure 1: Texas Crash Gender Breakdown

Figure 2: Missouri Crash Gender Breakdown

Texas and Missouri data both reported the age of the driver in whole years. However, Missouri also

reported the date of birth of the driver. Using this information, I was able to calculate the exact age of

each Missouri driver at the time of the accident. I calculated age to the nearest week, rounded down and

divided by 52.5 to obtain the driver age. This was the most accurate way to report the age of the driver

while obtaining sufficient data to run regressions.

Table 2: Summary Statistics
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3.1 Summary Statistics

For descriptive statistics, I have chosen to display values for the age of drivers at the time of accident by

state. There are extreme values for the minimum and maximum values for each state. These are likely data

errors but were retained in the data. Since these values are many years away from our cutoff point of age 65.

Additionally, it would be hard to determine in what age range a human could possibly cause a car crash. For

example, the data includes data points for young teenagers, who may be driving despite not being eligible for

a driver’s license. It is important to state again that all Texas age values are whole numbers while Missouri

values are calculated to the nearest week, rounded down.

The following histograms display the breakdown of driver age at accident. The histograms have bucket

values of 5 years. Age values past 100 are excluded since there are not a significant number of accidents with

ages above 100. As expected, the histograms look nearly identical. While it looks like there are fewer data

values around the age of 65, there are still tens of thousands of values at each age.

Figure 3: Histogram of Texas driver ages at accident
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Figure 4: Histogram of Missouri driver ages at accident

4 Methods

To understand the impact of Medicare eligibility on motor vehicle accidents. Regression discontinuity re-

gressions will be run in R using the package ’rdrobust’. I will be looking at a linear model with frequency of

crashes as a function of driver age. A dummy variable, D, is used in the regression equation where D = 0

denotes that the driver is under the age of 65 and D = 1 denotes that the driver is aged 65 or older. We

will be looking at the coefficients of the dummy variables and its corresponding p-value to test if there is

a significant impact of eligibility of Medicare at age 65 on driving performance. In the following regres-

sion equation, β2 represents the change in motor vehicle accidents attributable to Medicare eligibility. β0

represents the intercept of the regression line, which is not necessarily applicable due to our focus on the

ages around age 65. β1 represents the slope of the regression line. While the regression equation is vital

to understanding the graphs and results conducted in this study, I did not directly utilize this equation in

my methods. Instead the ’rdrobust’ function was used to calculate the individual regressions that were then

plotted using the ’rdplot’ function.

Total.Accidentsi = β0 + β1Driver.Agei + β2Di + ϵi; (1)
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D =

 0 x ≤ 65

1 x ≥ 65

One necessary part of regression discontinuity is selecting the bandwidth of the analysis. That is to say,

we need to know how many years on each side of our cutoff point we will be looking at. Due to the changing

accident frequency by age (see Figures 3 and 4), this has a drastic impact on our results. Bandwidth can

be chosen in many ways, but the best method of bandwidth method comes from a 2012 paper by Imbens

and Kalyanaraman [Imbens and Kalyanaraman(2012)]. However, this calculation is lengthy and difficult

to perform manually, so the ’rdrobust’ package in R helps once again by calculating this for us using the

’rdbwselect’ function.
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5 Results

Table 3: Texas coefficients and p-values

Table 4: Missouri coefficients and p-values
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Model 1 explored the relationship between total crashes by driver age. Figures 5 and 6 display the

perceived discontinuities. For the Texas model, Medicare eligibility accounted for a decrease in 178.775

accidents. In Missouri, Medicare eligibility accounted for a decrease of 4.673 crashes. The p-values for the

Texas and Missouri coefficients are 0.975 and 0.301, which are not significant at any significance level. While

the Texas regression shows a significant jump at age 65, this is not even close to being significant due to the

large standard error of 5,735.074.

Figure 5: Texas

Figure 6: Missouri
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Model 2 shows the relationship between total crashes by driver age for crashes that involved a known

injury, suspected serious injury, or death. The regressions are shown in Figures 7 and 8. In Texas, Medicare

eligibility accounted for a decrease in 90.310 accidents. In Missouri, Medicare eligibility accounted for an

increase of 1.649 crashes. The p-values for the Texas and Missouri coefficients are 0.803 and 0.179. The

discontinuity appeared to be more significant, especially in Missouri. However, he Missouri data actually

showed an increase in accidents after one is eligible for Medicare, signaling that particularly dangerous

accidents are not significantly affected. Neither state exhibits a significant p-value at any significance level.

Figure 7: Texas

Figure 8: Missouri
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Model 3 shows the relationship between total crashes by driver age for accidents that occurred in the

dark. The regressions are shown in Figures 9 and 10. In Texas, Medicare eligibility accounted for a decrease

in 111.904 accidents while in Missouri, Medicare eligibility accounted for an increase of 2.942 crashes. The

p-values for the Texas and Missouri coefficients are 0.932 and 0.105. In Missouri, the discontinuity appeared

to be much more significant, but it was not even significant under a 10 percent significance level.

Figure 9: Texas

Figure 10: Missouri
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Model 4 shows the relationship between total crashes by driver age for accidents in difficult driving

weather - specifically rain, snow, sleet, hail, fog, mist, and blowing snow or sand. The regressions are shown

in Figures 11 and 12. In Texas, Medicare eligibility accounted for an increase in 10.166 accidents while in

Missouri, Medicare eligibility accounted for an increase of 0.144 crashes. The p-values for the Texas and

Missouri coefficients are 0.986 and 0622, respectively. Both regressions exhibited an increase in accidents

after Medicare eligibility is applied.

Figure 11: Texas

Figure 12: Missouri
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Model 5 shows the relationship between total crashes by driver age for accidents for male drivers. The

regressions are shown in Figures 13 and 14. In Texas, Medicare eligibility accounted for a increase of 162.104

accidents. In Missouri, a small decrease of 0.065 was observed due to Medicare eligibility. The p-values

for the Texas and Missouri coefficients are 0.964 and 0.985, respectively, which are not significant at any

significance level. It is interesting that Texas males displayed an increased number of accidents after imposing

the dummy variable at age 65 as the regression for all drivers showed a decrease. However, neither result were

close to being significant due to high standard error values. The Missouri change was much less significant

than the results from all drivers; the p-value increased from 0.242 to 0.985.

Figure 13: Texas

Figure 14: Missouri

16



Model 6 shows the relationship between total crashes by driver age for accidents for female drivers. The

regressions are shown in Figures 15 and 16. In Texas, Medicare eligibility accounted for a decrease of 365.402

accidents. In Missouri, a decrease of 4.484 was observed due to Medicare eligibility. The p-values for the

Texas and Missouri coefficients are 0.857 and 0.082, respectively. While the Texas result is not significant at

any significance level, in Missouri, we see a significant result at the 10 percent significance level. That is to

say, that among female drivers in Missouri, being eligible for Medicare reduces the number of motor vehicle

accident involvements. However, we would not consider this result significant under a lower significance level,

such as 5 percent.

Figure 15: Texas

Figure 16: Missouri
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Model 7 shows the relationship between total crashes by driver age for accidents for drivers who require

corrective lenses to drive or are only permitted to drive in daylight. This regression was only done for Texas

due to the necessary information lacking in Missouri data. The regression is shown in Figure 17. Medicare

eligibility accounted for a decrease in 164.021 accidents. The p-values for the Texas coefficient is 0.920, which

is not significant at any significance level. This is due to a very large standard error of 1637.072.

Figure 17: Texas
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Model 8 shows the relationship between the proportion of crashes by driver age by drivers who require

corrective lenses to drive or are only permitted to drive in daylight. This regression was only done for Texas

due to the necessary information lacking in Missouri data. The regression is shown in Figure 18. Medicare

eligibility accounted for an increase in 0.4 percent of crashes from drivers who have a visual restriction on

their license. The p-values for the Texas coefficient is 0.922, which is not significant at any significance level.

Figure 18: Texas

6 Conclusion

In this project I sought out to see if eligibility for Medicaid would have an impact on driving performance.

Although many of the coefficients showed that there was a negative impact, high standard errors meant that

the exhibited differences were short of what we needed to conclude that there was a significant relationship.

Only among female drivers in Missouri are we able to conclude that the number of accidents decreased due

to Medicare eligibility at age 65. Weather seemed to have the second largest impact on drivers over age 65,

for we obtained our next highest p-value of 0.105 under this approach.

It is possible that only one significant result was found since enough older drivers practice avoidance

when facing a health issue that would impact driving. Drivers know when it is unsafe to drive and appear

to avoid driving when possible [Ball et al.(1998)Ball, Owsley, Stalvey, Roenker, Sloane, and Graves]. While

driving is necessary for many, others may be able to commute another way or seek transportation from a
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spouse. This could significantly decrease driving accidents prior to having access to treatment.

It is interesting to observe that a significant result was seen for female drivers involved in motor vehicle

accidents, but no such thing was seen for male drivers. Perhaps female drivers are less able to go without

driving when a condition negative affects their driving behavior. It may be useful to look at the income

or employment status of the drivers in this study. Driving is not avoidable for many Americans, and it is

possible that this disproportionately affects women. It may also be of interest to look into the marital status

of individuals involved in accidents. Women may be more inclined to drive for their spouse who suffers from

a health condition than men would do for their spouses.

There are other factors that likely impact the results of this study. While some conditions that impact

driving performance, like cataracts, are treatable, there are other difficulties that older drivers face. For

example, slower reaction speeds may influence accident rates at increasing ages, and it is possible that this

compounds with vision issues to lead to more accidents. Knowing if the driver is enrolled in Medicare

would be crucial to determining the impact of Medicare on driving. While this study tried to estimate if

an individual is covered by Medicare, not all 65 year-olds are enrolled. One piece of information that would

be interesting to research would be the employment status of the drivers. Some individuals over the age

of 65 who are still working may be covered by employer-sponsored health insurance and not currently be

enrolled in Medicare. Additionally, it would be useful to know if an individual was considered disabled or

had end-stage renal disease and was already enrolled in Medicare. This is important because, if they were

previously enrolled, they would already have access to treatments under Medicare Part B.
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