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Abstract 

Motor vehicle collisions pose a significant public health burden, yet their 

long-term effects on individuals remain understudied. To better quantify 

this impact, we analyzed Medicaid and MarketScan insurance claims 

data to examine the populations involved in motor vehicle collisions and 

estimate their health consequences. We applied the World Health 

Organization’s Disability-Adjusted Life Years (DALY) framework, 

focusing specifically on Years Lived with Disability, to capture the non-

fatal effects of injuries. Our analysis highlights both the scope of 

individuals affected across datasets and the extent of disability 

experienced following collisions. While DALY provides a useful lens for 

measuring the burden of motor vehicle collisions, our findings suggest 

opportunities to refine this metric and to explore complementary 

approaches for assessing the full impact of collisions on health and 

quality of life. 
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1. Introduction 

Motor vehicle collisions are the leading 

cause of death for Americans under 25 and 

account for 30% of unintentional injury deaths. 

While fatality data are fairly reliable due to the 

mandated nature of fatal collision reporting, 

injury estimates are less so, which leaves car 

crash injuries remarkably understudied 

compared to disease burden. In addition, it is 

difficult to quantify the impact of these injuries 

since severity, recovery, and effects on 

functional capacity vary widely. In this project, 

we aim to expand on current literature by 

focusing on non-fatal car collisions and 

understand the scope of injuries caused. We will 

craft methods of quantifying injury impact on a 

person’s life utilizing the Disability Adjusted 

Life Years metric. 

The two datasets used were Merative 

MarketScan and Medicaid. MarketScan is a 

commercially collected insurance database for 

people on private, employer-sponsored 

insurance plans including active employees, 

dependents, and early retirees. The data spans 

2007 to 2022 and contains ~12 billion claims, 

of which ~243 million are car collision related. 

Medicaid contains claims between 2015 and 

2019 from beneficiaries enrolled in the US 

Government’s Medicaid insurance plan. The 

income eligibility criterion is living 138% 

below the Federal Poverty Level. There are ~68 

million claims, including ~30 thousand car 

collision related claims.  

 

2. Methodology  

2.1. Finding Collision Data 

To determine which claims are car 

collision related, we filtered by International 

Classification of Diseases (ICD) codes, which 

are used to specify diagnoses. Each claim 

contains up to twelve codes. The ICD9 system 

was used prior to 2015, after which the ICD10 

system was implemented. Most codes starting 

with E in ICD9 or V in ICD10 are vehicle-

related diagnoses. Some notable exceptions are 

V8, V9, and a few other smaller categories that 

did not have any relevance to vehicles. The 

remaining five or six digits of the code provide 

details about the patient’s vehicle and the other 

vehicle/object involved, as shown in this 

example. 

Figure 1: Example of a vehicle related ICD10 code 

After filtering, our dataset contained 

only rows that had at least one vehicle related 

code even if some patients had other, non-

vehicle related visits. In both datasets, the 

number of relevant claims seemed to be lower 

than expected in terms of count of patients in 

vehicle related incidents, and this we believe is 

due to underreporting of vehicle related crashes, 

focusing more on general injury diagnosis. To 

test this, we set up an experiment in Medicaid. 

We wanted to see the results of focusing on the 

age group of people aged 15-19 and looking at 

the top injuries for vehicle collisions. We found 

that of these injuries related to ages 15-19, a 

majority were indeed due to car crashes, 

showing that the ratio of vehicle related crashes 

is large, but we are missing a lot of data truly 

involving vehicle collisions.  

2.2. Estimating DALY & Calculating YLD 

Disability Adjusted Life Years 

Disability Adjusted Life Years (DALY) 

is a metric commonly used by organizations 

like the World Health Organisation and Global 

Burden of Disease studies to estimate a person 

or community’s adjusted life expectancy post-



injury or post disability. It is found by adding 

two variables: YLD (Years Lived with 

Disability) and YLL (Years of Life Lost). In this 

project, we focused on YLD since most people 

in our data were still alive and we wanted to fill 

in the research gap about non-fatal crashes. The 

formula for YLD for an individual is given by  

 

 

For each cause/injury, we would multiply the 

disability weight and recovery time and sum 

this up for all injuries. One DALY represents 

one year of “healthy” life lost.  

Disability weights are a way of 

quantifying time spent living in non-fatal health 

states, involving different aspects of life quality 

like functioning and capabilities. They are on a 

scale of 0 (perfect health) to 1 (death) and have 

been standardized by the Global Burden of 

Diseases. For example, a traumatic brain injury 

with long-term consequences has a weight of 

0.637 and a hip dislocation has a weight of 

0.016.  

We compared two methods of 

calculating YLD estimates. Both use the same 

disability weights. Here we will explain the two 

ways we calculated recovery times.  

Approach 1 Dataset Recovery Time 

We first used our dataset directly to 

calculate recovery time, using visit information 

as a proxy for this metric. For people in the 

outpatient category, we subtracted their first 

visit date from their last recorded visit date. For 

example, a patient who had car collision related 

visits on July 3rd, July 10th, and July 29th in 

2014 would have a recovery time of 26 days. 

For people who had inpatient stays, we used a 

preexisting variable with their stay duration. 

Approach 2 External Recovery Time 

In this approach, we searched external 

sources to find rough estimates of recovery 

durations for each individual injury. Once this 

was done, we added up all relevant injuries, and 

multiplied them by their respective recovery 

times to see each person’s total YLD post car 

collision. We used the same disability weights 

from the WHO that we had for our first 

approach. 

As an example of how this is calculated, say we 

had the following injuries: 

 

Figure 2: External recovery time example 

If a patient had been diagnosed with codes 

R402, S224, and S320, then we would sum up 

their scores and get that their YLD = .444 (162 

days). 

 

3. Results 

The results displayed below demonstrate our 

scope of the motor vehicle collisions in our 

data.  

3.1. Motor Vehicle Collisions 

3.1.1.  Motor Vehicle Collisions by State 

This first set of plots are for the 

distribution of vehicle collision hospitalizations 

across the US. 

 

Figure 3: Medicaid Collisions Map 

For the Medicaid dataset, there were a 

large number of crashes in CA, IN, KY, MI and 



NM. We were surprised that there was a lower 

number of recorded collisions in states such as 

NY, but for NY specifically we discovered that 

this was mainly due to how NY is a “no fault” 

state. This means that up to a certain premium 

(for NY it was $50,000) auto insurance would 

cover any vehicle damage or injuries related to 

a crash, and not a health insurance provider like 

Medicaid. Thus, there were less accident claims 

made to the dataset. 

 

Figure 4: MarketScan Collisions Map 

For MarketScan, motor vehicle 

collisions had the highest prevalence in CA and 

TX. Because California was the Medicaid 

dataset's highest count of collision injuries, we 

looked into the demographics of these injuries. 

3.1.2.  Motor Vehicle Collisions by 

Race/Ethnicity 

Figure 5: Medicaid Collisions by Race 

Here we analyzed Medicaid motor 

vehicle collision data based on race and 

ethnicity. MarketScan does not have this 

information available. We found that the overall 

number of car collision injuries closely mirrors 

the total injury patterns observed in the 

Medicaid dataset. However, the racial 

distribution differs in one key area: while 

Hispanic injuries are generally more common in 

the Medicaid data, the White and Hispanic 

counts are reversed in the car collision data. 

This suggests that car collisions do not fully 

reflect the population-level injury distribution. 

Instead, White Californians appear to 

experience relatively more car collision injuries 

than expected, while Hispanic Californians 

experience fewer. These differences may be 

attributable to regional variation in how visits 

were defined across California, or they may 

indicate broader structural or behavioral factors 

related to driving safety among White and 

Hispanic populations. 

3.1.3.  Motor Vehicle Collisions by Age and 

Sex 

Zooming out, we looked at Motor 

Vehicle Collision by age and by sex in the 

United States so that we could better understand 

their distributions. Our original motivation was 

to look into driving as it relates to injuries 

because of how dangerous teenage driving is. 

 

Figure 6: Medicaid Collisions by Age and Sex 

For Medicaid we found two interesting 

things about this distribution. First, is that the 



total collision peaks followed what we had 

expected. The peaks in late teens, and early 

twenties resemble when teenagers and young 

adults are just learning to drive, and the dangers 

of first learning. The second peak in the late 

50's and early 60’s shows around the time that 

people are getting older and are potentially 

starting to lose their ability to react as quickly 

as they used to. 

The second interesting thing about this 

distribution is how gender is shown in 

hospitalization of motor vehicle collisions. In 

their late teens and early twenties, male drivers 

were a greater factor in hospitalizations due to 

car collisions. This may be due to more reckless 

driving in men. However late 20’s and late 60’s 

and older, female drivers took up a greater 

portion of hospitalizations due to car injuries. 

This may be due to reckless driving and older 

women, or perhaps there were a greater number 

of women drivers. 

Figure 7: MarketScan Collisions by Age and Sex 

MarketScan shows the same peak for 

total teenage collisions but does not show the 

same distribution for total collisions. Here it 

seems that for teenagers, it is about an even 

distribution between men and women. 

MarketScan did not have data for anyone past 

the age of 65 as they retire or become eligible 

for Medicare. 

3.1.4.  Motor Vehicle Collisions: Who Was 

Injured? 

Next, we looked at all of the vehicle 

codes listed and how were patients who were 

hospitalized injured. An example of this is if 

someone is driving a car, or is an occupant and 

there is a collision, and that person is who is 

checked into the hospital, that would be labeled 

as a motor-vehicle injury. If a pedestrian was hit 

by a motor vehicle, and the pedestrian checked 

into the hospital, the injury would be labeled as 

a pedestrian injury. The plots below show the 

distribution for Medicaid and MarketScan. 

 

Figure 8: Patient Vehicle Types 



Unsurprisingly, the person who was 

injured most often in a motor vehicle collision 

is the motor vehicle driver/occupant. For 

Medicaid, Bicycle and Pedestrian injuries were 

the next most common type of injuries, but for 

MarketScan it was an unspecified ‘Other Type 

of Injury’, meaning that at the time it was 

unclear who was hospitalized at the time, and 

what role a motor vehicle had in their injury. 

The differences in the datasets may be due to 

the variances in proper diagnosis, as for 

Medicaid, the premium details are more 

important because they are covered by 

Medicaid itself, but for MarketScan, which 

contains several insurance providers, the detail 

of injury may have been less important.  

3.1.5.  Motor Vehicle Collisions: What Was 

Collided With? 

We then looked at what the person who 

was hospitalized collided with. For example, if 

a driver that was injured (labeled as Motor 

Vehicle in the previous charts) collided with 

another motor vehicle, they would be labeled as 

Motor Vehicle in these charts. Likewise, if a 

motorcyclist collided with a tree, or a wall, this 

would be labeled as ‘Fixed Object’. A ‘No 

Collision’ injury is a motor vehicle injury that 

did not require a collision, such as an arm being 

caught in the door of a car, or other types of 

injuries that do not involve a collision.  

 

Figure 9: Vehicle Types Collided With 

Again, it seems that the most frequent 

motor vehicle collision occurred with another 

motor vehicle.  The differences in both datasets 

may also be due to coding issues between 

insurance providers rather than a difference in 

collision types themselves.  

 

3.2 YLD Results 

3.2.1 MarketScan California YLD Estimates 

 

Figure 10: MarketScan Dataset Recovery Time results  

These results come from using the 

Dataset Recovery Time method on MarketScan. 



YLD is very tightly concentrated around zero, 

meaning that most patients are only coming in 

once for an outpatient visit and inpatient stays 

tend to be quite short. The high recovery time 

mean of 33 days and the maximum of 15 years 

shows there are many patients on the opposite 

end of the spectrum who have very long 

recovery times.  

Figure 11: MarketScan External Recovery Time results  

These are MarketScan results from the 

External Recovery Time Approach. Although 

YLD remains clustered around zero, the data is 

slightly more widely distributed. The mean and 

maximum have decreased, while the median has 

increased to 4 days. Further analysis of 

approach and dataset differences will be 

discussed later.  

3.2.2. Medicaid California YLD Estimates 

 

 

Figure 12: Medicaid Dataset Recovery Time results CA 

These results come from using the 

Dataset Recovery Time method on Medicaid. 

Like MarketScan, YLD is very tightly 

concentrated around zero, meaning that most 

patients are only coming in for very short stays. 

While there is a high maximum impact for 

someone whose life was impacted for 163 days, 

the mean was only 2 days impacted, implying 

that overall, the impact of car collisions had 

virtually no effect on a person’s life.  

 
Figure 13: Medicaid External Recovery Time results  

These results come from using the 

External Recovery Time method on Medicaid. 

Like MarketScan, YLD is still concentrated 

around zero. However here there is a spike in 

YLD around the 1.5 year mark, showing that, as 

one can expect, car collisions either have very 

minor impact, or can be very serious with a 

higher YLD. A mean of 97 days was a higher 

impact, closer to what we would expect, but a 

median of 15 days, for an impact of two weeks, 

while being low, demonstrates that between the 

two methods there is a lot to learn about how 

the Medicaid dataset presents YLD.  



3.2.3. Comparison By State 

Figure 14: YLD results by state 

Looking at our original results by state, 

we can see that while each state did have some 

substantial differences between each other when 

you look at an individual metric, the differences 

were inconsistent across both datasets. When 

examining the Dataset Recovery Time 

approach, CA had the lowest median and mean 

YLD for Medicaid, but the highest for 

MarketScan. Likewise, FL had the highest mean 

and median YLD for Medicaid, but the lowest 

for MarketScan. MI does remain 2nd most in 

both datasets. 

When examining External Recovery 

Time, it seems that MI is highest across the 

board in all impacted YLD, and FL and CA 

tradeoff as to which state is most impacted the 

least. The large differences in mean may be a 

result of a few outliers, but overall the 

distribution still stands for the Median, meaning 

that there may be a slightly higher danger in 

driving in MI according to our External 

Recovery Time Method. Overall, however, 

because our conclusions varied depending on 

the dataset and method, we realized that the 

metrics we used to calculate YLD had more 

interesting differences when comparing by 

datasets and methods than by the states 

themselves.  

 

 

 

3.2.4. Comparison By Recovery Time 

Method 

Figure 15: YLD results by method 

Each method used to calculate YLD was 

successful in catering to certain facets in 

calculating YLD. Approach 1, Dataset 

Recovery Time, is able to operate on a 

personalized, patient level and calculate exactly 

how much the individual suffered by looking at 

how much time they spent at the hospital. The 

issue with this was that we didn’t know how 

long they took to recover after checking out of 

the hospital, as there was no clear way to follow 

up with a patient. Most people came in once for 

outpatient and had very short stays inpatient. 

So, it might not be representative of how long 

recovery actually takes.  

This is why we deferred to a second 

method. Approach 2, External Recovery Time, 

works by giving us the ability to see the full 

extent a patient was impacted, but it loses the 

ability to operate on a case-by-case basis since 

we assume everyone recovered from the same 

injury in the same way. For example, we 

assumed it took each patient 67 days to recover 

from a fracture of multiple ribs. Generally, the 

concentration of both datasets were around 0, 

but because of the differences in method, both 

datasets behave differently.  

For Medicaid, because Dataset 

Recovery focuses on capturing the individual's 

time in the hospital, the mean and median 

values were much lower than expected, mainly 



due to financial hardship, and that recovery was 

done mostly outside of the hospital. This is why 

the estimate for Dataset Recovery External 

seems to be much more valid for this dataset, 

because it evaluates the extent to which an 

injury actually impacted a person, because it 

takes into account the average real recovery 

length.  

For MarketScan, the mean and median 

values were higher in our Dataset Recovery 

method than for Medicaid because recovery 

could be done for more time inside of the 

hospital, and recurring visits were better kept 

track of. This may have been because financial 

hardship was not as much of an issue for some 

individuals covered in the MarketScan dataset. 

There were a few that had many stays, and as a 

result pushed the mean to be much higher. 

Looking at our second method, Dataset 

Recovery External for MarketScan, the values 

were lower than expected because of the 

generalizations we made, and that the 

generalizations may not have been able to 

capture the exact length of most recoveries for 

an individual. MarketScan was also a larger 

dataset, composed mainly of outpatient data, 

and had a greater variance of injury recovery 

times, possibly resulting in lower than expected 

results for our injury recovery metric.  

3.2.5. By Dataset 

Figure 16: YLD results by dataset 

In the External Recovery approach 

results, despite having similar YLD ranges, 

Medicaid has significantly higher means and 

medians, suggesting that the average patient in 

Medicaid obtains either more serious injuries 

with longer recovery times or a larger number 

of injuries. In fact, when we compared the 30 

most common injuries in the two datasets, we 

found only 5 overlapping injuries.  

Another explanation is that diagnoses 

with longer recovery times were often chronic 

conditions like alcohol abuse and anxiety, 

which research has shown are more prevalent in 

low-income communities. In addition, people in 

Medicaid may take longer to recover because 

they are generally in poorer health and are more 

susceptible to injuries due to factors like poorer 

nutrition or physically demanding jobs. A final 

important factor to note is that the majority of 

people in MarketScan were outpatient, while 

most in Medicaid were inpatient. It is likely 

financially and practically easier for people to 

attend short outpatient follow up appointments 

than to remain inpatient, which may contribute 

to MarketScan having higher means and 

medians than Medicaid. From this analysis, we 

can conclude that differences in our dataset 

demographics, which can be used as a proxy for 

income level, have a significant impact on 

recovery time. 

3.2.6. Pre and Post Collision 

When we looked at our methods of 

estimating YLD, we also decided to try some 

alternative methods of estimating the overall 

impact of car collisions. The first method is to 

see how visit frequency was affected before and 

after car collisions. To do this, we looked at 

every vehicle collision and checked 1 year 

before and after the collision to see if there was 

an increase in hospital visits (not including the 

collision itself).  



Figure 17: Collision impacts on visit count 

The results here show that there were 

more after-collision visits to the hospital than 

before- collision visits. This demonstrates that 

vehicle collisions do have a major impact on 

hospital patients by the amount of hospital visits 

increased. For Medicaid, we also found that the 

spend increase in total was around 36 times 

greater after a motor vehicle collision than 

before one. 

 

4. Conclusion & Future Steps 

The results from this paper expanded 

knowledge about non-fatal car collisions, which 

remains a gap in the current literature. Through 

exploratory analysis, we discovered state, 

vehicle type, age, sex, and race patterns in the 

data. We crafted two unique methods of 

calculating recovery times and used them to 

quantify the medical impacts of car collisions 

through Disability Adjusted Life Years. 

Comparing our results between recovery time 

approaches and the MarketScan vs Medicaid 

datasets led us to conclude that Years Lived 

with Disability varies slightly by state but is 

significantly impacted by approach and dataset, 

which is a rough proximity for income. A metric 

that remains consistent across datasets is the 

number of visits and medical spend post-

collision. On a broader scale, we realized that 

lack of follow up data is a pressing issue in 

many medical datasets that the broader 

healthcare and research community should 

work to improve.  

To continue exploring the salient issue of 

car collisions in these datasets, we recommend 

a few future steps. Firstly, a matched cohort 

analysis in which we compare recovery and 

financial outcomes for people with the same 

age, gender, and race who differ in whether or 

not they have been in a collision. Secondly, 

further analysis of what is causing the YLD 

differences between Medicaid and MarketScan. 

Thirdly, exploring inpatient versus outpatient 

outcomes. Finally, building a model to test the 

effects of other variables, especially 

socioeconomic status indicators like home zip 

code and employment status, on YLD. 

Hopefully, we can use our discoveries to 

recommend healthcare, insurance, and public 

safety policies that will improve outcomes for 

all victims of car collisions regardless of their 

demographics. 
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