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I.
Introduction

Crash, boom, bang! In an instant, a car accident can change a person’s life forever.  Each year, many unsuspecting drivers, passengers, and pedestrians are killed on the roads of the United States.  The main question we ask ourselves is why? Are people killed because of high speed crashes? Did the airbags not deploy at the proper time? Were the roads in acceptable conditions?


Unfortunately, we can not always determine the causes of all accidents, simply because we were not on the scene of the accident.  There are many different reasons why fatal car accidents occur.  Some accidents involve distractions, alcohol consumption, road hazards, or inclement weather.


In this econometric paper, the goal is to determine why fatal car accidents occur and what we can do to prevent a possible fatal accident from occurring.  
II.
Empirical Model Specification


The following empirical equation is used to determine fatal car accidents (per 100,000 registered vehicles) using ten independent variables.  Cross sectional data is collected from 2003, from all fifty states.

Eq (1): FCA = f(FUN, SAF, MIL, GAS, SPD, SBT, ROD, DRIY, DRIS, SUV + error term)

Where FCA measures the total number of fatal car accidents per 100,000 registered vehicles.
Table 1 lists the independent variables, their definitions, and their expected effect on fatal car accidents.

Table 1: Definition of Fatal Car Accident Independent Variables
	Variable
	Definition
	Expected Sign

	FUN
	State funding per mile of highways in 2003, measured by the amount of dollars spent  (in thousands) for funding highways, divided by the total road length miles (in thousands) for each of the fifty states
	Negative

	SAF
	Federal highway safety program funding programs per registered motor vehicle in 2003, measured by the total amount of allocated federal funds for safety programs in each of the fifty states (in thousands of dollars), divided by the total motor vehicle registrations in each of the fifty states (in thousands of registered drivers).
	Negative



	MIL
	Total average vehicle miles traveled per registered motor vehicle in each of the fifty states (in thousands) in 2003.  
	Positive

	GAS
	Average gas price of unleaded fuel price in each of the fifty states (in dollars) in 2003.
	Negative

	SPD
	Urban interstate speed limit in each of the fifty states, (in miles per hour) in 2003.
	Negative

	SBT
	Seat belt fine amount for each of the fifty states (in dollars) in 2003.
	Negative

	ROD
	Percentage of roads in very good and good conditions, measured by the total amount of very good and good roads, divided by the total number of roads in each of the fifty states in 2003
	Negative

	DRIY
	Percentage of drivers, under age 25 in each of the fifty states.
	Positive

	DRIS
	Percentage of drivers, over age 65 in each of the fifty states.
	Positive

	SUV
	Percentage of sport utility vehicle ownership in each of the fifty states.  
	Positive



	DPM
	The number of licensed drivers per square mile in 2003, measured by the total number of licensed drivers per state, divided by the number of square miles per state .
	Positive


The independent variable FUN is the amount of state funding per mile of highways in 2003.  Specifically, this variable is measured by the amount of dollars spent in 2003 (in thousands) for funding highways, divided by the total road length miles (in thousands) in 2003 for each of the fifty states.  According to Peters (2004), SAFETEA or The Safe, Accountable, Flexible, and Efficient Transportation Equity Act of 2003 is greatly increasing highway funding and making roads safer.  When more money is spent per mile on highways, we would expect that fewer fatal car accidents will occur because roads are likely to be safer, due to newly constructed roads, more rumble strips, sturdier guard rails, and medians.  Therefore, the expected sign of the coefficient of this independent variable is negative.

The independent variable ROD measures the total amount of very good and good roads, divided by the total number of roads in each of the fifty states.  The better the road conditions, the less likelihood of a fatal accident.  When road conditions are very good or good, we consider them to be safe roads.  For example, Persaud, Retting, and Lyon (2004) indicate that roads with rumble strips reduce fatalities by up to 25 percent; many good, safe roads have rumple strips.  Thus, safe roads often lead to fewer accidents because they will not be as dangerous at higher speeds to drivers as roads that are considered fair, mediocre, or poor.  As a result, the expected sign of the coefficient of this independent variable is negative.
The independent variable SAF is the amount of funding for highway safety programs per registered motor vehicle in 2003, measured by the total amount of allocated federal funds for safety programs in each of the fifty states (in thousands of dollars), divided by the total motor vehicle registrations in each of the fifty states (in thousands of registered drivers).  According to Dorn and Barker (2004), drivers that follow highway safety professional driver training are safer drivers than those who do not follow a highway safety program.  When more money is spent per registered motor vehicle for highway safety programs, we would expect that fewer fatal car accidents will occur because drivers will be provided with education and safety programs.  As a result, there will be a reduction in fatal car accidents.  Thus, the expected sign of the coefficient of this independent variable is negative.

The independent variable MIL is the average amount of total vehicle miles traveled per registered motor vehicle in each of the fifty states (in thousands) in 2003.  The more miles a driver puts on a vehicle, the more likely they are to be involved in a fatal car accident because high mileage drivers spend a significant amount of time on the roads.  As a result, the expected sign of the coefficient of this independent variable is positive.

The independent variable GAS is the average 2003 unleaded fuel price in each of the fifty states (in dollars).  When gas prices increase, economic theory tells us that the quantity demanded for gasoline will decrease.  The expected decrease in demand for gasoline will result in fewer miles driven.  As a result, fatal accidents will decrease because fewer people will drive when gas prices are high; they will find alternative modes of transportation.  Thus, the expected sign of the coefficient of this independent variable is negative.

The independent variable SPD is the urban interstate speed limits in each of the fifty states, measured (in miles per hour) in 2003.  High speeds often result in an increase chance in fatal car accidents.  Navon (2001) states that high driving speeds increase crash rates, injury rates, and the probability of a driver losing control of the automobile.  Thus, the higher the speed limit, the more likelihood of a fatal car accident.  As a result, the expected sign of the coefficient of this independent variable is negative.

The independent variable SBT is the seat belt fines amount for each of the fifty states (in dollars) in 2003.  If drivers are fined for not wearing seatbelts, they will likely take precaution in the future.  The higher the seatbelt fine, the more likely a driver will start wearing a seatbelt on a regular basis because they will want to avoid receiving a hefty fine in the future.  Seatbelts have been proven to save lives.  Robertson (1976) states that death occurs 50-80% less often in an accident when a person is restrained, rather than unrestrained.  Wearing a seatbelt will lower the likelihood of a fatal accident.  Therefore, the expected sign of the coefficient of this independent variable is negative. 
The independent variable DRIY is the percentage of motor vehicle drivers under the age of twenty-five in each of the fifty states.  Younger drivers are inexperienced and are sometimes not familiar with hazardous road conditions.  Many young drivers also tend to think of speed limits as insignificant, and often driver faster than the state speed limit.  According to Bingham and Shope, motor vehicle crashes are the leading cause of death in individuals under the age of 35.  Moreover, young drivers are more likely to be involved with drug and alcohol misuse.  Based on the above arguments, the expected sign of this independent variable is positive.
The independent variable DRIS is the percentage of motor vehicle drivers over the age of sixty-five in each of the fifty states.  Senior citizens often have health problems that can impair their driving, such as glaucoma or hearing loss.  According to West, Gildengorin, et al (2003), poor vision is the most common impairment of senior drivers.  The reflex skills and some motor skills of senior citizens are not at the same level as those much younger.  As a result, the expected sign of this independent variable is positive.
The independent variable SUV is the ratio of sport utility vehicle registrations to the total vehicle registrations in each of the fifty states.  Sport Utility Vehicles are popular today, but have an increased chance of rollovers.  According to Rivara, Cummings, and Mock (2003), 60% of all rollover accidents occur in sport utility vehicles.   Many Sport Utility Vehicles have safety features that are sub par to that of minivans, trucks, and small cars.  Thus, the expected sign of the coefficient of this independent variable is positive, because increasing the chance of a rollover increases the chance of a fatality.
The independent variable DPM is the number of licensed drivers per squared mile in 2003, measured by the total number of licensed drivers per state, divided by the number of square miles per state.  States located in the northeast tend to be heavily populated per square mile.  As a result, there are many drivers in small areas.  With a large number of drivers in a small area, we can expect that the occurrence of accidents is high, due to the amount of traffic and number of vehicles on the road.  Therefore, the expected sign of the coefficient of this independent variable is positive, because large numbers of cars per square mile increases the chance of a fatal accident.
Table 2 lists the maximum value, minimum value, and average value of each of the independent variables, along with the respective states for each value.

Table 2: Data Analysis of all independent variables
	Variable
	Minimum Value
	Maximum Value
	Average Value

	FCA (fatal car accidents)
	69 deaths (Vermont)
	4215 deaths (California)
	815.92 deaths

	FUN (state funding of highways)
	$4.37 (North Dakota)
	$119.93 (Delaware)
	$30.9984

	SAF (federal highway safety program funding)
	$5.68 (Florida)
	$77.26                    (West Virginia)
	$22.242

	MIL (total average vehicle miles traveled)
	7037 miles              (New York)
	18376 miles (Wyoming)
	10566 miles

	GAS (average gas price)
	$1.15 (Georgia)
	$1.59 (Hawaii)
	$1.3578

	SPD (speed limit)
	50 MPH (Hawaii)
	75 MPH (Idaho, New Mexico, North Dakota, South Dakota)
	63.15 MPH

	SBT (seat belt fine amounts)
	$0 (New Hampshire)
	$100 (New York)
	$26.8

	ROD (percentage of roads in very good and good conditions)
	9.552% (New Jersey)


	85.489% (Georgia)


	40.367%



	DRIY (percentage of drivers under the age of 25)
	10.625% (Connecticut)


	21.254% (Utah)


	13.932%



	DRIS (percentage of drivers over the age of 65)
	7.599% (Alaska)


	22.57% (West Virginia)


	14.86%



	SUV (percentage of sport utility ownership)
	5.6782% (Alabama)


	18.605% (Alaska)


	12.318%



	DPM (the number of licensed drivers per square mile)
	0.73 (Alaska)
	656.92 (New Jersey)
	108.85


One might find it surprising to see West Virginia as having the highest amount of federal highway safety program funding.  Typically, one would think that larger states, such as Texas or California would have the highest amount of funding, because of the size of the states.  In calculating these values, consideration is placed on the dollar amount per registered driver.
Nearly one quarter of West Virginia’s registered vehicles have drivers over the age of 65.  This is surprising because when one thinks of a state with many senior citizens, Florida comes to mind.  A reason for Florida not having the highest percentage may be that married senior citizens may only have one car.  The percentages were calculated by the number of registered vehicles.  Thus, a vehicle may be registered to one person, but two people may drive the vehicle.
III.
Test of Multicollinearity 

Multicollinearity occurs when two or more independent variables have a linear relationship, or correlation, with one another. There are two important consequences associated with multicollinearity.  First, standard errors of the coefficients contain higher than normal standard errors.  The result of this is an increased probability type two error increases (failing to reject a false null hypothesis).  Secondly, the most important consequence of multicollinearity is that the Ordinary Least Squares method of estimation will not run.  As a result, an accurate regression can not be done.
A correlation coefficient matrix is used to show correlation (multicollinearity) between independent variables.  With absolute values greater than |.70| on the correlation matrix, multicollinearity is present.  

Table 3 shows the correlation between each of the independent variables

Table 3: Correlation Matrix
	
	DPM
	DRIS
	DRIY
	FUN
	GAS
	MIL
	ROD
	SUV
	SPD
	SBT
	SAF

	DPM
	1
	0.11
	-0.55
	0.74
	-0.02
	-0.43
	-0.31
	-0.01
	-0.32
	0.12
	-0.09

	DRIS
	0.11
	1
	-0.17
	-0.07
	-0.26
	0.21
	0.04
	-0.48
	-0.13
	-0.06
	0.07

	DRIY
	-0.55
	-0.17
	1
	-0.55
	-0.17
	0.43
	0.09
	-0.01
	0.46
	-0.19
	0.09

	FUN
	0.74
	-0.07
	-0.55
	1
	0.22
	-0.48
	-0.37
	0.23
	-0.44
	0.12
	-0.07

	GAS
	-0.02
	-0.26
	-0.17
	0.22
	1
	-0.52
	-0.25
	0.35
	-0.32
	0.24
	0.08

	MIL
	-0.43
	0.21
	0.43
	-0.48
	-0.52
	1
	0.40
	-0.19
	0.28
	-0.33
	0.07

	ROD
	-0.31
	0.04
	0.09
	-0.37
	-0.25
	0.40
	1
	-0.06
	0.23
	-0.01
	-0.28

	SUV
	-0.01
	-0.48
	-0.01
	0.23
	0.35
	-0.19
	-0.06
	1
	-0.15
	-0.10
	0.09

	SPD
	-0.32
	-0.13
	0.46
	-0.44
	-0.32
	0.28
	0.23
	-0.15
	1
	-0.17
	-0.07

	SBT
	0.12
	-0.06
	-0.19
	0.12
	0.24
	-0.33
	-0.01
	-0.10
	-0.17
	1
	0.01

	SAF
	-0.09
	0.07
	0.09
	-0.07
	0.08
	0.07
	-0.28
	0.09
	-0.07
	0.01
	1


By looking at our correlation matrix, multicollinearity exists in the estimated equation between the variables DPM and FUN, because their correlation values are greater than |.70|.
To help remedy multicollinearity, four different solutions exist.  First, if there are redundant variables, drop them.  Dropping redundant variables will help alleviate the multicollinearity problem.
Another solution to the multicollinearity problem is to increase the sample size or choose a different random sample.  Since there are only fifty states, this is not possible.  A different random sample can not be chosen because there is no other information available about all independent variables, by using a different sample.

The third remedy of multicollinearity is to transform the multicollinear variables into new variables.  This task can become confusing and sometimes can not always remedy the multicollinearity problem, so this method will not be used.

Since the correlation value of .74 is slightly greater than |.70|, we will leave the two independent variables DPM and FUN in eq(1).  The fourth solution to multicollinearity is to do nothing, if the main goal is to use the equation for forecasting.  Since the equation and independent variables are used to forecast fatalities, nothing will be done.  In addition, the value obtained from the test of multicollinearity is not too high; both variables are also needed in eq(1) to prevent omitted variable bias.

IV:      Heteroskedasticity


Heteroskedasticity occurs when the error term of the model does not have constant variance.  Error terms of heteroskedastic observations are drawn from distributions whose variances differ from different observations.  Heteroskedasticity occurs most often in cross sectional data.  


Several consequences are the result of heteroskedasticity.  When heteroskedasticity occurs, the ordinary least square method of estimating coefficients tends to underestimate the standard errors.  The consequence of this is that the t-statistics for each coefficient tend to become larger, because the standard error of the coefficients decreases.  As a result, type one error may occur.  Type one error is rejecting a true null hypothesis, while type two error is failing to reject a false null hypothesis.  A null hypothesis is results that we expect to not find when evaluating data.  Our goal is to try and minimize type one error, because type one error can often become costly.

To test for heteroskedasticity, The White Test can be applied.  The White Test uses squared residuals (error terms of our estimated eq (1)) as the dependent variable in the regression, as well as the independent variables and their squares.

The first step of the white test is to set up the null and alternative hypotheses.  Listed below are the hypotheses.
Ho: Homoskedasticity

Ha: Heteroskedasticity

The next step is to examine the observations * R2, or nR2 of the estimated equation value from the White Test and compare it to the critical chi squared value.  If nr2 is greater than the critical chi squared, Ho is rejected in favor of Ha; heteroskedasticity.  Otherwise, heteroskedasticity is not present.

With 20 degrees of freedom (the number of independent variables in the empirical model, times two) at a 5% level of significance, the critical chi value is 31.40, while nR2 is 26.23.
Since nR2 is smaller than the critical chi squared test, we are confident at a 95% level that heteroskedasticity is not present in the model.

V.
Estimation Results
Table 4 shows the results of estimation of Equation 1.

Table 4

 Estimation Results for Eq (1)
	
	
	
	
	

	Variable
	Coefficient
	Expected Sign
	t-Statistic Absolute Value
	Significance at 5% level

	FUN
	1.19
	-
	.15
	No

	SAF
	-15.03
	-
	1.76
	Yes

	MIL
	-.10
	+
	1.15
	No

	GAS
	-4534.62
	-
	2.72
	Yes

	SPD
	18.66
	-
	.86
	No

	SBT
	3.94
	-
	.59
	No

	ROD
	-6.30
	-
	.69
	No

	DRIY
	-153.03
	+
	2.02
	Yes

	DRIS
	-50.35
	+
	.80
	No

	SUV
	18.66
	+
	.30
	No

	DPM
	-1.82
	+
	1.29
	No

	
	
	
	R2 = .33

Adjusted R2 =.13

* Critical T-stat 1.684, with a two tailed test at 5% level of significance.
	


After running the t-test, I discovered that the coefficients of the variables FUN, MIL, SPD, SBT, ROD, DRIS, SUV, and DPM were not significant at the 5% level. As a result, I cannot support the statement that any of these variables have a significant impact on the dependent variable FCA. 

The first coefficient of the variable that failed the t-test was FUN. At the 5% level of significance, the state funding per mile of highways in 2003, measured by the amount of dollars spent (in thousands) for funding highways, divided by the total road length miles (in thousands) for each of the fifty states does not have a significant impact on the dependent variable FCA.

The second coefficient of the variable that failed the t-test was MIL. At the 5% level of significance, the total average vehicle miles traveled per registered motor vehicle in each of the fifty states (in thousands) in 2003 does not have a significant impact on the dependent variable FCA.

The third coefficient of the variable that failed the t-test was SPD.  At the 5% level of significance, the urban interstate speed limit in each of the fifty states, (in miles per hour) in 2003 does not have a significant impact on the dependent variable FCA.
The fourth coefficient of the variable that failed the t-test was SBT.  At the 5% level of significance, the seat belt fine amount for each of the fifty states (in dollars) in 2003 does not have a significant impact on the dependent variable FCA.
The fifth coefficient of the variable that failed the t-test was ROD.  At the 5% level of significance, the percentage of roads in very good and good conditions, measured by the total amount of very good and good roads, divided by the total number of roads in each of the fifty states in 2003 does not have a significant impact on the dependent variable FCA.
The sixth coefficient of the variable that failed the t-test was DRIS.  At the 5% level of significance, the 2003 percentage of drivers over age 65 in each of the fifty states does not have a significant impact on the dependent variable FCA.
The seventh coefficient of the variable that failed the t-test was SUV.  At the 5% level of significance, the 2003 percentage of sport utility vehicle ownership in each of the fifty states does not have a significant impact on the dependent variable FCA.
The eighth coefficient of the variable that failed the t-test was DPM.  At the 5% level of significance, the number of licensed drivers per square mile does not have a significant impact on the dependent variable FCA.

Of the ten independent variables and their coefficients, only three passed the t-test.  The first coefficient of the variable that passed the t-test was SAF.  At the 5% level of significance, the Federal Highway Safety Program funding programs per registered motor vehicle in 2003, measured by the total amount of allocated federal funds for safety programs in each of the fifty states (in thousands of dollars), divided by the total motor vehicle registrations in each of the fifty states (in thousands of registered drivers) is significant.  According to the regression analysis, when Federal Highway Safety Program funds are considered significant and increased by one thousand dollars, fatal car accidents, per 100,000 registered vehicles are decreased by 14.67 deaths.
 The second coefficient of the variable that passed the t-test was GAS.  At the 5% level of significance, the average gas price of unleaded fuel price in each of the fifty states (in dollars) in 2003 is significant.  According to the regression analysis, when gas prices are increased by one dollar and considered significant, fatal car accidents, per 100,000 registered vehicles are decreased by 3800.26 deaths.

The third coefficient of the variable that passed the t-test was DRIY.  At the 5% level of significance, the percentage of drivers, under age 25 in each of the fifty states is significant.  According to the regression analysis, for each one percent increase of drivers under the age of 25, fatal car accidents, per 100,000 registered vehicles are decreased by 136.85 deaths.

The reason for the opposite expected sign of the coefficient DRIY is that the eq (1) contains omitted variable bias.  Omitted variable bias occurs when an important variable to the model is omitted.  As a result, a low adjusted R2 is present.  The low correlation results, presented in the multicollinearity section of this paper, are also most likely due to omitted variable bias.  After finding these results, I added the variable DPM to eq(1) to help adjust for the low adjusted R2.  The newly added variable helped improve the regression results slightly.
VI.
Conclusions

The results of my data are surprising.  First, my analysis shows that my model had no heteroskedasticity or multicollinearity.  It is rare that a model does not contain heteroskedasticity or multicollinearity.  When estimating the model, I believed that some of the coefficients of the independent variables would be highly correlated with one another.  All of the coefficients of the independent variables had a correlation of under |.70| with one another, with the exception of FUN and DPM.


Perhaps what is even more surprising is that only three of the coefficients of my ten independent variables were significant in explaining the determinants of fatal car accidents.  The coefficients of the independent variables SAF, GAS, and DRIY are significant in my model.  I did not expect that the actual sign of DRIY would be a negative, based on what the media tells us of hazardous young drivers.  My model suggests that when more young drivers are on the road, fewer fatalities occur.  Empirical literature can probably back this claim, as well as disagree.

The coefficient of the independent variables SAF and GAS are also considered to be significant in this model.  Unlike DRIY, I expected that increasing both funding for highway safety programs and increasing gas prices would result in a reduction in fatal car accidents; my hypothesis was correct.


It is important to keep in mind that my model only captured part of the data that determines fatal car accidents.  Much data could not be processed, due to its nature and difficulty to find.  For instance, I could not capture the percentage of day time versus night time driving for drivers in each state.  Factors like this help to further explain the determinants of fatal car accidents.


My goal in examining this topic is to find out what determines fatal car accidents.  While I may not have captured all of the variables and their coefficients, I leave knowing more about fatal car accidents and why they occur than before.  By applying econometrics and literature, I now know why some fatal accidents occur and how to help avoid them.
VII.
Data Sources

Department of Energy, Energy Information Administration.  “Average Motor Gasoline Prices, All Grades.”  Petroleum Marketing Annual. November 2004.  http://www.eia.doe.gov/oil_gas/petroleum/data_publications/petroleum_marketing_annual/pma.html.

Insurance Institute for Highway Safety.  “Maximum Posted Speed Limits by Type of Road.”  Maximum Posted Speed Limits for Passenger Vehicles.  October 2004.  http://www.hwysafety.org/safety_facts/state_laws/speed_limit_laws.htm.

United States Department of Transportation, Federal Highway Administration.  Highway Statistics 2003.  November 2004.  http://www.fhwa.gov/policy/ohpi/hss/index.htm.

United States Department of Transportation, National Highway Traffic Safety Administration.   Traffic Safety Facts 2003 Early Edition.  October 2004.  http://www-nrd.nhtsa.dot.gov/pdf/nrd-30/NCSA/TSF2003EarlyEdition.pdf.
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