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Road traffic injuries are one of the largest causes of death for teenagers and adults in the United States. 

Fully autonomous vehicles (FAV) have the potential to impact not only the transportation industry, but 

also the population health of the United States by decreasing road traffic fatalities. We forecasted a 

lower bound of the burden of road traffic fatalities by estimating the decrease in drunk driving fatalities. 

Comparing scenarios with FAV adoption and baseline scenarios of no FAV adoption, results show that 

modest adoption of FAVs could prevent around 6,000 drunk driving deaths per year by 2040. This work 

highlights the current burden of road traffic injuries and how new technology could partly alleviate that 

burden. 
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Introduction 

Road traffic injuries are one of the largest causes of death for teenagers and adults in the United States. 

In 2015, motor vehicle injuries accounted for 1 out of every 10 deaths of people aged 15-49 in the 

United States1, more deaths than caused by gun violence. Unlike many other cause of death, there is no 

cure or vaccine for road traffic injuries, and the prevalence of road traffic injuries is seen as a byproduct 

of a society where driving is ubiquitous. However, road traffic injuries are a serious public health 

problem, and reducing road traffic fatalities would greatly increase the population health of the US. 

Fully Autonomous Vehicles 

Fully autonomous vehicles (FAVs) likely will be commercially available by the end of the decade2,3,4. This 

new technology has the potential to transform the transportation industry. Tesla has stated that it 

wants to have a driverless vehicle drive coast to coast by the end of 20175. Many automakers have 

released projections for when they will have FAV technology available in their vehicles2,3,4. Uber is 

already testing semi-autonomous vehicles in a few cities in the US.  It is important to consider the health 

impacts of fully autonomous vehicles, which may soon be a part of daily life in the US. 

The automotive industry has two general strategies for introducing autonomous technology into the 

fleet of US cars. The first strategy is a gradual introduction of different autonomous features. We 

already see many of these features on cars today, things such as automatic breaking, blind spot 

detection, and cruise control. The National Highway Traffic Safety Administration (NHTSA) classifies 

these technologies as Level 1 automation, or feature specific automation. In this paper, when we talk 

about FAV technology, we are referring to Level 4 automation. At this level of automation, there is no 

need for a driver to monitor the road. Table 1 shows the NHTSA automation classifications. 

 

Table 1. National Highway Traffic Safety Administration classification of autonomous vehicles 

It is tempting to assume that FAVs will only decrease the fatality rate due to road traffic injuries, but this 

may not be the case. It is possible that during early stages of adoption the fatality rate may increase 
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slightly as human drivers act more aggressively around FAVs and try to take advantage of conservative 

artificially intelligent (AI) drivers6. It is also possible that the fatality rate may decrease drastically 

immediately after adoption, but the truth is that we just do not know yet. Since FAVs have not been 

widely adopted yet, there is no data on how safe they will be, and therefore this paper makes a few 

simplifying assumptions. We can safely assume that Level 4 FAVs will not be able to cause drunk driving 

accidents, and so as adoption of FAVs increases, the number of road traffic fatalities due to drunk 

driving will decrease. By focusing on reduction of drunk driving as the pathway through which FAVs 

affect road traffic fatalities, we can create a lower bound of deaths averted by FAVs. 

Forecasting 

We use the Global Burden of Disease 2015 (GBD) data as the baseline for our forecasts, including the 

risk assessment framework for the proportion of road traffic fatalities due to drugs and alcohol. The 

general framework employed in this paper is detailed in Figure 1, which details the entities that are 

forecasted to arrive at averted deaths. On the left hand side of this figure, in green, are the inputs to our 

road traffic mortality forecasts. Arrows denote the downstream entities that each input affects. For 

example, the results of our Lag Distributed Income per capita forecasts are used to forecast road traffic 

injuries. Then, the results of the road traffic injuries forecasts are combined with our population 

forecasts to produce aggregated results. Each entity was forecasted for each US state level and by age 

and sex. Aggregated results were produced for the entire US by taking population weighted sums. The 

details of each forecasted entity are discussed in the methods section.  

To capture the uncertainty of our forecasts, we created three scenarios for each forecasted entity. 

These scenarios represent a range of possible futures and are propagated through our forecasting 

framework. The method for creating the scenarios are further discussed in the methods section. 

One note about our results is that they are not meant to be exact predictions about the future, as the 

term “forecasting” may suggest. Rather, we simply aim to show what would happen if past trends were 

projected into the future.  
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Figure 1. Flow diagram describing the process of our forecasts. The star denotes that this set of Road Traffic Injuries has been 

adjusted to reflect the FAV scenario. 

Methods 

Data Sources 

Past data by age, sex, and state for the summary exposure variable (SEV) for alcohol use was obtained 

from the GBD 2015 study7. A SEV is a relative risk weighted exposure and measures the exposure of a 

population to a risk factor. SEVs are measured between 0 and 1, with 1 representing the highest risk 

weighted exposure7. GBD 2015 was also used to obtain past data for lagged distributed income per 

capita (LDI per capita) and road traffic mortality. LDI per capita is a weighted moving average of GDP 

over the last 10 years, and is used as a covariate to forecast road traffic injuries. LDI per capita was 

chosen as a covariate for road traffic injuries because it correlates fairly well with road traffic mortality 

in the past.  

To obtain estimates of future adoption of FAVs, we performed a literature search for existing estimates 

of adoption. We used a variety of sources, including published academic papers and industry 

reports8,9,10,11. Estimates were only used if they were for level 4 autonomous vehicles and if they had 

both year and proportion data. 

Forecasted estimates for population were obtained from the US census bureau. Two separate time 

series were used and combined to create a forecasted series of population. The US census bureau has 

forecasted population estimates by state created in 2005 and based on the 2000 census. The US census 

bureau also has more recent population forecasts for the United States as a whole, based on the 2010 

census. To create our population time series, we combined these two forecasts using a method 

described below. 

Forecasts 
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We used several different techniques to forecast the different entities we are interested in. Forecasts 

for LDI per capita were created by calculating a “recent” rate of change and a “total” rate of change. 

These two rates of change were combined to create a final rate of change that was then projected into 

the future. The recent rate of change was calculated as the rate of change from 2008 until the end of the 

past data. This rate of change represents the growth rate since the global recession of 2008. The total 

rate of change was calculated using the entire time series, 1950 to 2015. These two rates of change 

were combined by using the recent rate of change in the near future, and gradually shifting to the total 

rate of change for the distant future. 

For the alcohol SEV, we extrapolate past rates of change separate by age and sex. We find the rate of 

change by calculating the year to year differences of SEV in the past, and then calculating the median 

difference with a weight towards more recent years. The weight for this model was chosen by 

calculating the root mean squared error of the forecasts when holding out data from 2006 to 2015. The 

effect of weighting toward more recent years means that this method is more likely to pick a rate of 

change that is closer to recent years. Scenarios were created by examining past rates of change. We 

calculated the 85th and 15th percentile of rates of change by age and sex and projected those rates into 

the future, and these became the better and worse scenarios. If the reference scenario fell outside the 

bounds of the better or worse scenarios, the reference replaced the scenario. The forecasted SEVs were 

transformed into “scalars” by incorporating the relative risks for each SEV. Scalars represent the amount 

of exposure a location has to risk and how much that exposure affects mortality, and are related to the 

population attributable fraction. The transformation to a scalar then let’s us use risk estimates when 

forecasting mortality. 

Population forecasts were created using the state level forecasts produced by the US census bureau for 

the 2000 census as well as country level forecasts produced by the US census bureau for the 2010 

census. These forecasts were combined by taking the ratio of state level forecasts (from the 2000 

census) and applying those ratios to the national level forecasts (from the 2010 census). This method 

was chosen to both obtain state level population forecasts and make use of the most up to date national 

level projections. The 2000 census forecasts are projected to 2030, whereas the 2010 census forecasts 

are projected until 2040. To be consistent with our chosen forecast endpoint of 2040, the ratio of the 

state to country level forecasted population in 2030 was held constant until 2040 and applied to the 

national level forecasts from the 2010 census. 

To forecast the proportion of FAVs in the US, we used the data obtained in our literature search and ran 

a linear regression, where the independent variable is the percentage of FAVS and the dependent 

variable is time, to obtain projections. The data included sources from scientific literature, industry 

reports, and expert opinion. We also performed a mixed effects regression with fixed effects on data 

source, however, this method yielded similar results. We made the choice to start the adoption of FAVs 

in 2020, when industry experts anticipate the first commercial FAVs to be available2,3. FAV forecasts are 

the same for each state. 

Road traffic mortality for each US state was forecasted using a linear model with random effects and a 

set of priors favoring smooth outcomes over age and location. We used the Template Model Builder 

package in R, which allows for the writing of custom likelihood functions. The covariate part of the 

model is broken into two parts, the risk-attributable and underlying portions. The coefficient on the risk-

attributable portion of the model is assumed to be one, meaning that our forecasted scalars are directly 
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additive to the total mortality. The underlying portion of the model is made up of LDI per capita as a 

covariate and an intercept term. The coefficient on LDI per capita and the intercept term are affected by 

the space and age priors to ensure that estimates for the states are smooth, and that estimates for 

adjacent age groups are smooth. Two sets of road traffic mortality were created to represent possible 

futures with and without FAVs, and from here on will be referenced as the “experimental” and “control” 

groups, respectively. To create the experimental road traffic mortality, the risk-attributable portion of 

the model was adjusted using our FAV forecasts.  

Experimental group scalar adjustment 

To create the experimental group, we combined our scalar forecasts and our FAV forecasts. The scalar 

was adjusted in the experimental group by multiplying the scalar by 1 minus the FAV proportion in each 

year. This leads the risk-attributable portion of the road traffic mortality forecast to trend to zero as the 

proportion of FAVs increases. This method has desirable outcomes such as the elimination of drunk 

driving accidents if all vehicles are FAVs, and that underlying road traffic mortality still exists even if all 

vehicles are FAVs. This method also says nothing about what the rate of deaths in FAVs per mile will be, 

it merely assumes that the risk of drunk driving mortality decreases to 0 as more FAVs are on the road. 

Results 

In 2015, the Global Burden disease estimated that 29,000 people died from motor vehicle accidents in 

the United States. We find that in 2040, adoption of FAVs will lead to about 6,000 averted deaths in the 

reference scenario, or about 20 percent fewer deaths. This is due to both the proportion of FAVs 

increasing from 0 to around 35 percent in 2040, as well as an increasing risk of death from drunk driving 

accidents. In the better scenario, we predict that 10,000 deaths will be averted from the reduction in 

drunk driving fatalities. 

Figure 2 shows the percentage of FAVs in use in the United States over time alongside the data compiled 

from our literature search. We set the adoption of FAVs to start in 2020, consistent with current industry 

estimates. We constructed scenarios of FAV adoption by assuming 100 percent adoption by 2040 for the 

optimistic scenario. For the worse scenario, we set the forecast to the lowest estimate seen across 

different data sources for each time point. Figure 2 also highlights the wide range of estimates that exist 

for future adoption of FAVs, which is captured by our better and worse scenarios.  
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Figure 2. Percentage of FAVs in use in the United States over time. Dots represent estimates from different sources in the 

literature search, with different colors representing different sources. The estimate used in this paper is the blue line. 

Our estimates project that the SEV for alcohol will slightly increase for the length of our forecast, which 

is consistent with recent trends. Figure 3 shows the age-standardized SEV for the United States as a 

whole, aggregated up from state level SEV forecasts. The blue line depicting the reference scenario 

represents a forecast under business as usual terms. The red and green lines denote the better and 

worse scenarios, respectively, and represent what could plausibly happen in pessimistic and optimistic 

futures. 
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Figure 3. Alcohol SEV forecasts for the United States, age-standardized. We project moderate increases in the reference and 

worse scenario, while the better scenario shows little change. 

Our FAV and alcohol projections are combined to create our control and experimental groups. In the 
control group, the FAV proportion is set to 0 for the entire forecast period. Figure 4 shows the mortality 
rate for road traffic fatalities in deaths per 100,000 population, for both the control and experimental 
groups. The results shown are age-standardized and aggregated to the national US level. In 2020, the 
forecast for the experimental group (dashed line) starts to decrease sharply, indicating the beginning of 
FAV adoption and the reduction of drunk driving accidents. The better, worse, and reference scenario 
from LDI, the alcohol SEV, and the FAV adoption forecasts are matched in the modeling process to 
create the scenarios for road traffic fatalities. The most marked difference is in the better scenario, due 
to the rapid increase in FAV adoption. The difference between the control and experimental group in 
the reference scenario is pronounced enough to lead to continued stagnation in the control and large 
decreases in the experimental. 
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Figure 4. Road traffic mortality for the control (panel A, no FAV) and experimental (panel B, with FAV) groups, age-

standardized, US level. Rates are shown in deaths per 100,000 population. 

 Combining our forecasted mortality rates with our population projections allows us to calculate the 
number of deaths averted in the experimental group. This time series is shown in Figure 5, and is 
calculated by multiplying population by the mortality rate of the control and experimental groups, and 
then subtracting the number of deaths in the experimental group from the number of deaths in the 
control group. By 2040, around 6,000 deaths are averted by adopting FAVs in the reference scenario. For 
comparison, the Global Burden of Disease estimates that there were 29,000 deaths in the United States 
in 2015. These results are for all ages and are aggregated to the national US level. 
 
While we expect FAV technology to reduce drunk driving deaths by around 6,000 deaths per year by 

2040 for all age groups, the benefit is even larger for teenagers and young adults. Because road traffic 

fatalities make up such a large proportion of teenage and young adult death, the relative benefit of FAV 

technology for these age groups is larger. We project that 1,550 deaths will be averted for teens and 

young adults aged 15 to 25, representing a 25 percent decrease in road traffic mortality and a 9 percent 

decrease in all-cause mortality in these age groups.  



12 

 

 

 
Figure 5. Number of deaths averted in the experimental group, all ages, US level. 

Discussion 

This paper examined the impact of FAVs on road traffic mortality by looking at how FAVs could reduce 

drunk driving mortality. However, the impact of FAVs on the overall road traffic mortality may be much 

larger. To estimate the entire effect of FAVs, we would need some estimate of how safe they would be 

in the population. Future work with this framework may focus on assuming FAVs will be as least as safe 

as the safest humans. This would mean that in a given location, a population with 100 percent FAV 

adoption would have the same rate of mortality as the lowest observed rate in that location. Another 

method would be to estimate what fraction of all fatal accidents are caused by human error, and 

assume that those deaths will not occur in a population with 100 percent FAV adoption. 

We believe that policy makers should act on FAVs sooner rather than later. Policy makers should realize 

that FAV technology is coming in the near future, and could be disruptive to several industries. The US 

should strive to make sure that no undue regulatory burdens are placed on a new industry that has the 

potential to save many lives, while at the same time making sure that the technology is safe. 

There may be more applications for this method, including aversion of distracted driving and texting-

while-driving deaths. Additional work would be required to incorporate these risks into the GBD 

comparative risk assessment framework, however. It will also be interesting to recreate our results once 

more data on FAV safety becomes available. 

This paper is meant to provide estimates on how a near-future technology could impact the population 

level health of the United States. It also shows how large the burden of road traffic mortality and drunk 
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driving is on the US, especially for young adult age groups. This paper also highlights how different 

technologies can be incorporated into existing forecasting frameworks to create informative counter-

factual scenarios. Overall, we found that a sizable reduction in mortality could be achieved through 

adoption of FAVs. 

Limitations 

It is important to consider the assumptions made by our research that led us to this conclusion, 

especially because there is no existing data on the long term per mile safety of FAVs. The first 

assumption this paper makes is that level 4 type autonomous vehicles become available in the near 

future, which would be necessary to reduce drunk driving. Some industry stakeholders think that 

autonomous vehicles will become available more gradually, with features like self-parking being 

implemented incrementally. These types of autonomous vehicles would not reduce drunk driving. 

However, we found several sources which forecasted high proportions of level 4 FAVs in the near future. 

A second assumption that we make is that the risk of a drunk driving fatality is linearly related to the 

proportion of FAVs. This assumes that an individual’s probability to own an FAV and that individual’s 

probability to drive drunk are independent, which may or may not be true. Another assumption in this 

paper is that the proportion of FAVs is the same in each state, which probably will not be true, but no 

data is available to split FAV forecasts by state.  

Regardless of our assumptions, our goal is to create a reliable lower bound for the number of deaths 

averted by FAVs. We do not know exactly the rate of fatalities per mile driven in an FAV, but we can 

reasonably assume that as more people own FAVs, there will be less drunk driving fatalities.  
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