Is it safe to drive?

An investigation of trend and seasonality concerning automobile accidents as well as an exploration of the effectiveness of seatbelt and traffic laws.
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INTRODUCTION


Automobile accidents kill approximately 117 people a day in the United States, and are the leading cause of death for people between the ages of four and thirty-three [10, 14].  Over the last two decades, America has seen an upward trend in the number of accidents per a year, yet has achieved the goal of saving lives when these catastrophes occur.  In 2002 the fatality rate from automobile accidents was the lowest since records were first kept in 1975 [14].  Human error is the primary factor in approximately 96% of the world’s automobile accidents.  The five most common driving oversights are: failing to pay attention, driving while drowsy, driver distraction, failing to adjust to adverse weather conditions, and driving aggressively [14].  Changing human behavior is next to impossible, thus there are constant strides made in effort to make the automobile safer.

Making the automobile safer has been an ongoing objective since its invention.  Most of the efforts have been focused on reflexive safety technology such as the seatbelt and automobiles that absorb impact, but recently more research has been devoted to active technology that will aid drivers to react quicker and enhance concentration [14]. It is important to explore which advancements and developments, if any, truly have a positive impact on making the roads a more secure place.  The data presented in this paper contains 108 monthly observations on automobile accidents for California from January 1981 through December 1989.  The goal of this paper is to observe the trend and seasonality of this data and to forecast into the future, as well as investigate the effectiveness of seatbelt laws and determine the consequences of speed limit changes.

This topic is of great importance, not only in the field of economics, but in several fields such as the medical, engineering, and political fields.  Economically speaking, the National Highway Traffic Safety Administration estimates that in 2002 highway crashes accounted for $230.6 billion in costs associated with treatment, rehabilitation, police and legal services, damages, insurance, compensation, lost of productivity, and many other variables [14].  Also, in 1975, Christophersen [7] estimated that there was 665,000 potential years of life lost to children and teenagers from automobile accidents every year.  This idea ties close to the concept of Value of Statistical Life, which becomes a crucial aspect in benefit-cost analysis and risk perception analysis.

LITERATURE REVIEW


There has been a substantial amount of economic literature analyzing the efficacy of seatbelts in avoiding fatality and trying to estimate the public’s willingness to trade-off time for a change in probability of death.  Hakes and Viscusi [8] tried to quantify the effective risk-reducing precaution of wearing a seatbelt.  They performed a benefit-cost analysis comparing the safety benefits to the disutility costs.  Charles Lave [11] explains that raising the 55 mph limit will decrease the number of automobile accidents.  He states that it is the speed variance between the cars on the road rather than merely the speed of the cars that cause accidents.  He explains that at the 55 mph limit most drivers are speeding and this creates a significant gap in speeds.  As the speed limit increases the gap will decrease, thus causing fewer accidents.  My paper will reveal if data confirms whether seatbelts indeed save lives and how raising the speed limit affects road safety.

Ashenfelter and Greenstone [3] attempt to uncover the effects of the federal government act in 1987 to raise the speed limit on rural interstate roads from 55 to 65 miles per hour.  Their belief was that states that adopted the higher speed limit must value travel hours saved more than the additional fatalities they will incur.  Once again, my paper simply exposes how the speed limit law affects both total number of accidents and number of fatal accidents.  There is a surprising result displayed in the data and I offer possible reasons for the unexpected outcome.

Along with the above referenced and many other research papers over the last several decades, there are an immense amount of editorial and special interest pieces concerned with the topic of automobile safety [1, 2, 4, 5, 6, 9, 10, 13, 14].  In an article in the New York Times, Nicholas [10] reports on the number of Americans who die from car accidents every year.  He talks about what steps need to be taken by the government to minimize deaths caused by automobile accidents.  He speaks of innovations around the world that have reduced traffic deaths, addresses the upward trend in accidents, and focuses on the necessity for the President and Congress to make auto safety a priority.  Thomas [14] presents innovative features in new cars that can help in reducing automobile accidents.  This article, along with updated data, could give way to other economic papers, such as mine.  The creation of new dummy variables that correlate with the month and year of the introduction of each new technology could find out if they in fact help reduce traffic accidents and fatality rate.

Samuel Peltzman is considered the first to study offsetting behaviors by drivers of automobiles.  Peltzman’s primary conclusion [12], after observing when safety regulations were activated, was that the first decade of automobile advancements in safety did not result in fewer accidents and deaths.  He offered the explanation, the “Peltzman effect,” that the safety regulations were effective in reducing fatality rates, yet drivers took more risks thus offsetting the benefits.  It could be appropriate to test if this hypothesis is true with the new, active technology that will aid drivers to react quicker and enhance concentration, which are brought up in the Thomas article.

In a 1995 article in Safety and Health, an article [15] focuses on the causes of automobile accidents in the United States.  It finds definite evidence of seasonality, with a clear peak in December and suggests that elevated drunk driving and drowsiness while driving are the primary reasons.  In my paper there is indeed distinct indication of seasonality with similar findings of those displayed in the article.

METHODS

This study contains 108 monthly observations on automobile accidents, traffic laws, and some other variables for the state of California from January 1981 through December 1989.  The variables included are listed in the table titled VARIABLES in the tables section:

In order to find the trend component that is prevalent in the data several ordinary least square regressions are run with totacc as the dependent variable:
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To determine the appropriate model the Akaike Information Criterion and the Schwarz Information Criterion must be compared.  Then monthly seasonal dummy variables are added with the intention of finding if there is any seasonality in total accidents.
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(4)
Next, two independent variables are added namely:  1) unemp = state unemployment rate and 2) weekend = number of weekend days in the month (Friday, Saturday, and Sunday) which possibly help explain the total number of automobile accidents.  In order to explore the effectiveness of two specific laws: 1) the seat belt law and 2) the speed limit law, two dummy variables are created.  The variable beltlaw is zero until t = 61, which corresponds to January 1986, and the variable spdlaw is zero until t = 77, which corresponds to May 1987.  
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(5)

Next the Akaike Information Criterion (AIC) and the Schwarz Information Criterion (SIC) between models (2), (4), and (5) are compared and the model that is superior to estimate and use to forecast into the future is found.  A unit-root test on the residuals from equation (5) is run and finds that at 5% confidence level the series is stationary.  From these same residuals cyclical trend within the series is explored.
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It appears that the collected data is AR(1) and thus this is included in the final regression.


[image: image18.wmf]+

+

+

+

+

+

+

=

june

may

april

march

feb

time

totacc

Ln

*

*

*

*

*

*

)

(

6

5

4

3

2

1

b

b

b

b

b

b

a



[image: image19.wmf]+

july

*

7

b

[image: image20.wmf]+

+

+

oct

sept

aug

*

*

*

10

9

8

b

b

b


[image: image21.wmf]+

+

+

unemp

dec

nov

*

*

*

13

12

11

b

b

b




[image: image22.wmf]+

weekend

*

14

b


[image: image23.wmf]e

b

b

b

+

+

+

-

1

17

16

15

)

(

*

*

*

t

totacc

Ln

spdlaw

beltlaw



(7)

In an effort to investigate more detailed results, the affect these variables have on the percent of fatal accidents is also observed.  In order to do so, an ordinary least squares regression is run replacing Ln(Totacc) and using prcfat as the dependent variable.  The variable prcfat is the percent of accidents that resulted in at least one fatality.
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Various descriptive statistics are included to explain the meaning of the magnitudes and averages of certain variables and how they apply to road safety.

RESULTS


Many economic time series have a common tendency of growing over time.  One must recognize that a particular series often contains a time trend in order to draw causal inference using time series data.  Economic time series are approximated by different trends, such as linear, quadratic, and exponential.  A more realistic characterization of trending time series allows the residuals for each observation to be correlated over time, yet this does not change the interpretation of a linear or exponential time trend.
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From the linear equation (1):


From the log-linear equation (2):
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From the quadratic equation (3):
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In order to compare the three models, the log-linear model is expressed in level form;
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Now the AIC and the SIC can be compared between the three models:

	 
	AIC
	SIC

	Equation (1)
	18.611
	18.661

	Equation (2)
	18.605
	18.63

	Equation (3)
	18.625
	18.67


The model with the lowest two scores is the log-linear model, equation 2.  This implies that the time series data portrays an exponential time trend.

To observe the existence of seasonal trend, Ln(totacc) is regressed on time and 11 monthly dummy variables, using January as the base month.

From equation (4):
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· All are significant except: feb, april, may, june, july, and sept.

When multiplied by 100, the coefficient on time gives the average monthly percentage growth in totacc, ignoring seasonal factors.  Hence, once seasonality is eliminated, the total number of accidents in the state of California grew by about 0.275% per a month over this period, or 3.3% annually.  There is clear evidence of seasonality, with February having the least number of accidents and December being a peak.  Roughly, there are 9.6% more accidents in December then in January in the average year and, ignoring the low t-stat, there are 4.3% fewer accidents in February than in January.  The F-statistic for joint significance of the monthly dummy variables is F = 5.15.  With 11 and 95 degrees of freedom, this gives a p-value essentially equal to zero.

In order to examine further variable effects unemp, weekend, spdlaw, and beltlaw are added into the regression:

From equation (5):
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· All are significant except: feb, april, may, june, july, sept, and weekend.

The negative coefficient on unemp makes sense if it is viewed as a measure of economic activity.  Thus the interpretation of this coefficient is:  As economic activity increases (or unemployment rate decreases) more driving is anticipated, therefore more accidents are expected.  As California state unemployment rates increase by one percentage point, it reduces the total number of automobile accidents by about 2.1%.  Hence, a better economy has its costs in terms of traffic accidents.


Intuitively, the coefficients on spdlaw and beltlaw are not as expected.  The coefficient on spdlaw implies that the number of accidents decreased by about 5.4% after the highway speed limit was increased from 55 to 65 miles per hour.  There are a couple of possible explanations for this phenomenon:  One rationalization is similar to an idea developed by Samuel Peltzman.  In his paper [12], he recognized that drivers reacted to safety regulations by taking more risks thus offsetting the effects of the new features.  Here, I believe people became safer drivers after the increased speed limits, recognizing the increased danger, thus portraying a quasi-reverse Peltzman effect.  Another justification introduced by Lave in his 1985 paper [11], states that it is not the speeds that cause accidents, rather the gap in variance within the traffic that is the primary reason for automobile accidents.  When the speed limit increased to 65, the gap in variance closed, thus reducing the amount of danger on the roads.  The coefficient on beltlaw also seems counterintuitive at first.  However, according to the Peltzman effect people become less cautious once they felt more secure when they were forced to wear seatbelts.


The AIC and the SIC for equations (2), (4), and (5) in level form are compared in order to observe whether the added variables truly help explain the total number of accidents:

	 
	AIC
	SIC

	Equation (2)
	18.605
	18.63

	Equation (4)
	18.141
	18.166

	Equation (5)
	17.334
	17.359


The model with the lowest two scores is the log-linear model number (5).  Thus after adding cyclical trend, the resulting equation will be used to forecast.  A unit-root test on the residuals from equation (5) uncovers that at 5% confidence level that the series is stationary.

	ADF Test Statistic = -3.199568 and 5% critical value = -2.8895,

	thus reject the null hypothesis of a unit root, concluding the series is stationary.


From these same residuals, cyclical trend within the series is explored and is appropriately accounted for.  From the correlogram, it is clear that there is not just white noise, and any AR or MA component had to be tested for.  There is some cyclical component needed to forecast, thus various ARMA models are run on the residuals to find the apt component.

From equation (6) 24 combinations are run and the SIC for each one of the regressions are compared picking the one with the lowest value to include in the final model.

	 
	 
	 
	 
	MA Order
	 
	 

	
	 
	0
	1
	2
	3
	4

	
	0
	 
	-4.034
	-4.061
	-4.036
	-3.992

	
	1
	-4.138
	-4.12
	-4.091
	-4.05
	-4.011

	AR Order
	2
	-4.126
	-4.083
	-4.045
	-4.017
	-3.962

	
	3
	-4.078
	-4.056
	-4.015
	-3.974
	-3.923

	 
	4
	-4.024
	-4.003
	-3.964
	-4.089
	-3.944


Thus the final regression output from equation (7) includes a first-order autoregressive process:
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· All are significant except: feb, april, and weekend.

After running this final regression, the correlogram displayed only white noise.  An in-sample forecast is performed and the residuals from the portion that is projected are reported:
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The in-sample forecast and its difference:

1989     Actual     Forecast   Difference
Jan.
 10.6722        10.717
-0.0449

Feb.
 10.6566        10.678
-0.0223
Mar.
 10.8148        10.811
0.0037
Apr.
 10.7179        10.740
-0.0026

May
 10.7382        10.746
-0.0079

June
 10.7263        10.742
-0.0161
July
 10.7434
        10.769
-0.0251

Aug.
 10.7524        10.792
-0.0399

Sept.
 10.7775        10.780
-0.0023

Oct.
 10.7930        10.826
-0.0327

Nov.
 10.7784        10.812
-0.0339

Dec.
 10.7632        10.848
-0.0845

An out-sample forecast is also performed in order to look into the future.  The interval forecast is derived by adding and subtracting 1.96*the standard error of the regression in order to determine the range within two standard deviations of the point estimation:
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In effort to find how the variables affect the percent of fatal accidents an ordinary least squares regression is run using prcfat in place of Ln(totacc) as the dependent variable.
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The mean of prcfat is about 0.886, which implies, on average, less than one percent of all accidents in the state of California for this period resulted in a fatality.  The highest value of prcfat is 1.217, which says that there is one month where 1.2% of accidents resulted in death

From equation (8):
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· All are significant except: feb, march, april, nov, dec, weekend, and beltlaw.

From this regression it can be observed that, while the speed limit increase resulted in fewer accidents, it did increase the percent of fatal accidents.  Higher speed limits are estimated to increase the percent of fatal automobile accidents by 0.065 percentage points.  Despite the low t-stat, the beltlaw coefficient states that the new seatbelt law is estimated to decrease the percent of accidents resulting in fatality by approximately 0.025 percentage points.  It is interesting to point out that increased economic activity (or unemployment rate decreases) also increases the percent of fatal accidents.  One possible explanation for this outcome is that with increased levels of economic activity there are more commercial trucks on the roads. An accident involving commercial trucks probably increases the chance that the accident results in fatalities.  Unlike the total number of accidents, December has fairly low percentage of accidents that are fatal, while July, August, and September have the highest percentage.
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An out-sample forecast for prcfat is also presented in order to look into the future.  The interval forecast is derived by adding and subtracting 1.96*the standard error of the regression in order to determine the range within two standard deviations of the point estimation.

CONCLUSION


This paper reports the time trend along with seasonality of automobile accidents for the state of California from the period January 1981 through December 1989.  It investigates the affects of economic activity on auto accidents and explores the result of the seatbelt law initiated in January 1986 and the speed limit increase that took place in May 1987.  This paper also investigates how these variables affect the number of accidents that result in a fatality.  The results are important for people of all disciplines, especially for those in the economics and engineering fields.


At the conclusion of this research there are some surprising results, yet also some results that are comforting knowing that automobile safety is moving in the right direction.  It was not astonishing that December has the most number of accidents or that increased economic activity causes more accidents.  However, it was unusual that July, August, and September are correlated with high percentage of fatal accidents, that the speed limit increase caused fewer accidents, or that the seatbelt law increased the number of accidents.  While the seatbelt law caused a slight increase in the total number of accidents, it has succeeded in reducing the percentage of accidents that result in fatality.  Seatbelts, along with much advancement in automobile technology, have lead to a negative time trend, decreasing the percent of accidents resulting in fatality by approximately 0.0022 percentage points every month.  With innovative technologies on the horizon, similar research such as what was prepared here can be done to observe the effectiveness of such new regulations and technologies.  I believe it is important to see how the introduction of the cell phone affected the number of accidents on the roads.  My hypothesis would be that cell phones have caused a drastic increase in the number of accidents after their introduction.

The next generation of safety devices focus on active technology that will aid motorists to control their cars, react faster, and boost concentration. Some of the safety features anticipated soon are: 1) Radar technology to detect vehicles in blind spots during lane changes, 2) crash warning systems, 3) adaptive cruise control, 4) active braking systems, 5) lane departure warnings, 5) attention control, 6) adaptive forward lighting, 7) sign recognition, and 8) night vision.  While it was evident of offsetting behavior with the establishment of the seatbelt law it would be interesting to see how people react to these new inventions.  Some of the inventions, such as the attention control, are being formulated in effort to discourage offsetting behavior.  The attention control system uses a camera to monitor the frequency and duration of eyelid movement.  If it detects sleepiness, the system will warn the driver ahead of time to take a break until fully attentive.  I believe some of these new safety features will radically reduce both the number of total accidents and percent of fatal collisions.
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TABLES

DATA: From Jeffrey M. Wooldridge Chapter 10.  File TRAFFIC2.RAW
VARIABLES




       EQUATION (1)

	Totacc
	Number of total accidents in California

	Time
	time trend (1…108)

	Feb
	 = 1 if month is February

	March
	 = 1 if month is March

	April
	 = 1 if month is April

	May
	 = 1 if month is May

	June
	 = 1 if month is June

	July
	 = 1 if month is July

	Aug
	 = 1 if month is August

	Sept
	 = 1 if moth is September

	Oct
	 = 1 if month is October

	Nov
	 = 1 if month is November

	Dec
	 = 1 if month is December

	 
	NOTE: January is base month

	Unemp
	California state unemployment rate

	Weekend
	# of weekend days in month

	Spdlaw
	 = 1 after 65 mph limit in effect

	Beltlaw
	 = 1 after seatbelt law in effect

	Prcfat
	100*(fatal accidents / total accidents)


	Dependent Variable: TOTACC

	Sample: 1981:01 1989:12

	Included observations: 108

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	TIME
	120.9356
	8.139452
	14.85796
	0.0000

	C
	36240.27
	511.0491
	70.91347
	0.0000

	R-squared
	0.675602
	    Mean dependent var
	42831.26

	Adjusted R-squared
	0.672541
	    S.D. dependent var
	4608.328

	S.E. of regression
	2637.069
	    Akaike info criterion
	18.61107

	Sum squared resid
	7.37E+08
	    Schwarz criterion
	18.66074

	Log likelihood
	-1002.998
	    F-statistic
	220.7589

	Durbin-Watson stat
	1.202287
	    Prob(F-statistic)
	0.000000


EQUATION (2)




         EQUATION (3)

	Dependent Variable: LNTOTACC

	Sample: 1981:01 1989:12

	Included observations: 108

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	TIME
	0.002846
	0.000191
	14.86378
	0.000

	C
	10.50414
	0.012021
	873.8119
	0.000

	R-squared
	0.675774
	    Mean dependent var
	10.6592

	Adjusted R-squared
	0.672715
	    S.D. dependent var
	0.1084

	S.E. of regression
	0.062030
	    Akaike info criterion
	-2.704

	Sum squared resid
	0.407858
	    Schwarz criterion
	-2.654

	Log likelihood
	148.0189
	    F-statistic
	220.93

	Durbin-Watson stat
	1.197243
	    Prob(F-statistic)
	0.0000


	Dependent Variable: TOTACC

	Sample: 1981:01 1989:12

	Included observations: 108

	Variable
	Coefficient
	Std. Error
	t-Stat
	Prob.  

	TIME
	142.4035
	32.93091
	4.3243
	0.000

	TIME2
	-0.196952
	0.292695
	-0.6728
	0.502

	C
	35846.69
	777.5842
	46.100
	0.000

	R-squared
	0.676995
	    Mean dependent var
	42831.2

	Adj R-squared
	0.670842
	    S.D. dependent var
	4608.32

	S.E. of regression
	2643.903
	    Akaike info criterion
	18.6252

	Sum squared resid
	7.34E+08
	    Schwarz criterion
	18.6997

	Log likelihood
	-1002.765
	    F-statistic
	110.036

	Durbin-Watson stat
	1.207615
	    Prob(F-statistic)
	0.00000


EQUATION (4)

	Dependent Variable: LNTOTACC

	Sample: 1981:01 1989:12

	Included observations: 108

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	TIME
	0.002747
	0.000161
	17.05660
	0.000

	C
	10.46856
	0.019003
	550.8928
	0.000

	FEB
	-0.042684
	0.024448
	-1.745933
	0.084

	MARCH
	0.079828
	0.024449
	3.265062
	0.001

	APRIL
	0.018488
	0.024452
	0.756081
	0.451

	MAY
	0.032099
	0.024456
	1.312559
	0.192

	JUNE
	0.020194
	0.024460
	0.825600
	0.411

	JULY
	0.037584
	0.024466
	1.536164
	0.127

	AUG
	0.053986
	0.024473
	2.205929
	0.029

	SEPT
	0.042362
	0.024481
	1.730404
	0.086

	OCT
	0.082115
	0.024490
	3.352999
	0.001

	NOV
	0.071280
	0.024500
	2.909382
	0.004

	DEC
	0.096158
	0.024511
	3.923048
	0.000

	R-squared
	0.796892
	    Mean dependent var
	10.659

	Adj R-squared
	0.771236
	    S.D. dependent var
	0.1084

	S.E. of regression
	0.051860
	    Akaike info criterion
	-2.968

	Sum square resid
	0.255498
	    Schwarz criterion
	-2.645

	Log likelihood
	173.2748
	    F-statistic
	31.060

	Durbin-Watson stat
	0.600336
	    Prob(F-statistic)
	0.0000


EQUATION (5)




         Unit-Root Test

	Dependent Variable: LNTOTACC

	Sample: 1981:01 1989:12

	Included observations: 108

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	C
	10.63987
	0.063086
	168.6552
	0.000

	TIME
	0.001101
	0.000258
	4.269887
	0.000

	FEB
	-0.033832
	0.017768
	-1.904073
	0.060

	MARCH
	0.076956
	0.016794
	4.582312
	0.000

	APRIL
	0.010459
	0.017047
	0.613516
	0.541

	MAY
	0.023708
	0.016939
	1.399631
	0.165

	JUNE
	0.021936
	0.017215
	1.274212
	0.205

	JULY
	0.049931
	0.016704
	2.989183
	0.003

	AUG
	0.055955
	0.016817
	3.327205
	0.001

	SEPT
	0.042070
	0.017282
	2.434321
	0.016

	OCT
	0.081718
	0.016956
	4.819561
	0.000

	NOV
	0.076873
	0.017246
	4.457546
	0.000

	DEC
	0.099087
	0.017071
	5.804551
	0.000

	SPDLAW
	-0.053758
	0.012604
	-4.265273
	0.000

	BELTLAW
	0.095453
	0.014235
	6.705425
	0.000

	UNEMP
	-0.021217
	0.003397
	-6.245062
	0.000

	WEEKEND
	0.003333
	0.003776
	0.882658
	0.379

	R-squared
	0.910146
	    Mean dependent var
	10.659

	Adjusted R-squared
	0.894348
	    S.D. dependent var
	0.1084

	S.E. of regression
	0.035243
	    Akaike info criterion
	-3.7095

	Sum squared resid
	0.113030
	    Schwarz criterion
	-3.2873

	Log likelihood
	217.3151
	    F-statistic
	57.609

	Durbin-Watson stat
	1.200545
	    Prob(F-statistic)
	0.0000


	ADF Test Statistic
	-3.199568
	    1%   Critical Value*
	-3.4946

	
	
	    5%   Critical Value
	-2.8895

	
	
	    10% Critical Value
	-2.5815

	*MacKinnon critical values for rejection of hypothesis of a unit root.

	Augmented Dickey-Fuller Test Equation

	Dependent Variable: D(RESIDUALS)

	Sample(adjusted): 1981:06 1989:12

	Included observations: 103 after adjusting endpoints

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	RESIDUALS(-1)
	-0.486164
	0.151947
	-3.199568
	0.001

	D(RESIDUALS(-1))
	-0.218879
	0.149019
	-1.468797
	0.145

	D(RESIDUALS(-2))
	-0.004174
	0.140369
	-0.029733
	0.976

	D(RESIDUALS(-3))
	0.012555
	0.127271
	0.098650
	0.921

	D(RESIDUALS(-4))
	0.000658
	0.101374
	0.006490
	0.994

	C
	-0.000716
	0.002952
	-0.242346
	0.809

	R-squared
	0.329179
	    Mean depend var
	-.0005

	Adjusted R-squared
	0.294601
	    S.D. depend var
	0.035

	S.E. of regression
	0.029910
	    Akaike info criterion
	-4.124

	Sum squared resid
	0.086778
	    Schwarz criterion
	-3.971

	Log likelihood
	218.4247
	    F-statistic
	9.519

	Durbin-Watson stat
	1.941448
	    Prob(F-statistic)
	0.000


Correlogram

	Sample: 1981:01 1991:12

	Included observations: 108

	Autocorrelation
	Partial Correlation
	
	AC 
	 PAC
	 Q-Stat
	 Prob

	      . |***    |
	      . |***    |
	1
	0.333
	0.333
	12.302
	0.000

	      . |**     |
	      . |*      |
	2
	0.271
	0.180
	20.540
	0.000

	      . |*      |
	      . |.      |
	3
	0.139
	0.006
	22.720
	0.000

	      . |*      |
	      . |.      |
	4
	0.070
	-0.020
	23.287
	0.000

	      . |.      |
	      . |.      |
	5
	0.037
	-0.004
	23.449
	0.000

	      . |.      |
	      . |.      |
	6
	-0.025
	-0.050
	23.521
	0.001

	      . |.      |
	      . |.      |
	7
	-0.043
	-0.033
	23.741
	0.001

	      . |.      |
	      . |.      |
	8
	-0.057
	-0.024
	24.123
	0.002

	      . |.      |
	      . |.      |
	9
	0.008
	0.059
	24.130
	0.004

	      . |*      |
	      . |*      |
	10
	0.122
	0.151
	25.939
	0.004

	      . |.      |
	      . |.      |
	11
	0.058
	-0.019
	26.352
	0.006

	      . |.      |
	      .*|.      |
	12
	-0.033
	-0.126
	26.483
	0.009

	      .*|.      |
	      .*|.      |
	13
	-0.072
	-0.081
	27.126
	0.012

	      . |.      |
	      . |*      |
	14
	-0.001
	0.066
	27.126
	0.019

	      . |.      |
	      . |.      |
	15
	-0.042
	-0.020
	27.353
	0.026

	      .*|.      |
	      .*|.      |
	16
	-0.135
	-0.134
	29.718
	0.020

	      .*|.      |
	      . |.      |
	17
	-0.091
	0.004
	30.796
	0.021

	      .*|.      |
	      . |.      |
	18
	-0.067
	0.046
	31.387
	0.026

	      . |.      |
	      . |.      |
	19
	-0.056
	-0.027
	31.810
	0.033

	      . |.      |
	      . |.      |
	20
	0.014
	0.009
	31.836
	0.045

	      . |*      |
	      . |*      |
	21
	0.066
	0.075
	32.437
	0.053

	      . |.      |
	      . |.      |
	22
	-0.003
	-0.026
	32.438
	0.070

	      . |*      |
	      . |*      |
	23
	0.092
	0.098
	33.617
	0.071

	      . |.      |
	      .*|.      |
	24
	0.008
	-0.086
	33.626
	0.092

	      . |.      |
	      . |.      |
	25
	0.034
	-0.012
	33.791
	0.112

	      . |*      |
	      . |*      |
	26
	0.091
	0.157
	34.998
	0.112

	      . |.      |
	      . |.      |
	27
	0.012
	-0.018
	35.021
	0.138

	      . |.      |
	      .*|.      |
	28
	-0.022
	-0.116
	35.092
	0.167

	      . |.      |
	      . |.      |
	29
	-0.048
	-0.046
	35.438
	0.191

	      . |.      |
	      . |.      |
	30
	-0.033
	0.032
	35.607
	0.221

	      . |.      |
	      . |*      |
	31
	0.047
	0.088
	35.949
	0.248

	      . |*      |
	      . |*      |
	32
	0.119
	0.104
	38.159
	0.210

	      . |.      |
	      .*|.      |
	33
	0.046
	-0.071
	38.488
	0.235

	      . |.      |
	      . |.      |
	34
	0.004
	-0.050
	38.491
	0.273

	      .*|.      |
	      .*|.      |
	35
	-0.076
	-0.110
	39.422
	0.279

	      .*|.      |
	      .*|.      |
	36
	-0.116
	-0.131
	41.639
	0.239


EQUATION (7)

	Dependent Variable: LNTOTACC

	Sample(adjusted): 1981:02 1989:12

	Included observations: 107 after adjusting endpoints

	Convergence achieved after 7 iterations

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	C
	10.56437
	0.064319
	164.2496
	0.0000

	TIME
	0.001297
	0.000376
	3.450511
	0.0009

	FEB
	-0.022545
	0.013717
	-1.643596
	0.1038

	MARCH
	0.093056
	0.015537
	5.989495
	0.0000

	APRIL
	0.029676
	0.016795
	1.766982
	0.0807

	MAY
	0.043853
	0.017357
	2.526473
	0.0133

	JUNE
	0.041554
	0.017333
	2.397448
	0.0186

	JULY
	0.066292
	0.016686
	3.972877
	0.0001

	AUG
	0.074701
	0.017064
	4.377703
	0.0000

	SEPT
	0.062530
	0.017514
	3.570217
	0.0006

	OCT
	0.101289
	0.016999
	5.958547
	0.0000

	NOV
	0.096397
	0.016360
	5.892372
	0.0000

	DEC
	0.118617
	0.014375
	8.251644
	0.0000

	UNEMP
	-0.016720
	0.004795
	-3.486800
	0.0008

	WEEKEND
	0.004230
	0.002713
	1.559481
	0.1224

	BELTLAW
	0.097763
	0.019424
	5.033166
	0.0000

	SPDLAW
	-0.051443
	0.017392
	-2.957932
	0.0040

	AR(1)
	0.382799
	0.099555
	3.845093
	0.0002

	R-squared
	0.929267
	    Mean dependent var
	10.65970

	Adjusted R-squared
	0.915756
	    S.D. dependent var
	0.108829

	S.E. of regression
	0.031587
	    Akaike info criterion
	-3.919865

	Sum squared resid
	0.088801
	    Schwarz criterion
	-3.470230

	Log likelihood
	227.7128
	    F-statistic
	68.77918

	Durbin-Watson stat
	2.064789
	    Prob(F-statistic)
	0.000000

	Inverted AR Roots
	       .38


Correlogram after correcting for ARMA component

	Sample: 1981:02 1989:12; included observations: 107

	Q-stat probs adj for 1 ARMA term
	
	
	
	
	
	

	Autocorrelation
	Partial Correlation
	
	AC 
	 PAC
	 Q-Stat
	 Prob

	      . |*      |
	      . |*      |
	1
	0.123
	0.123
	1.6561
	

	      . |.      |
	      . |.      |
	2
	0.013
	-0.002
	1.6763
	0.195

	      . |.      |
	      . |.      |
	3
	-0.038
	-0.040
	1.8371
	0.399

	      . |.      |
	      . |.      |
	4
	-0.037
	-0.028
	1.9945
	0.574

	      . |*      |
	      . |*      |
	5
	0.083
	0.093
	2.7754
	0.596

	      . |.      |
	      .*|.      |
	6
	-0.046
	-0.070
	3.0159
	0.698

	      .*|.      |
	      .*|.      |
	7
	-0.127
	-0.120
	4.8823
	0.559

	      .*|.      |
	      . |.      |
	8
	-0.080
	-0.044
	5.6329
	0.583

	      . |.      |
	      . |.      |
	9
	-0.051
	-0.030
	5.9384
	0.654

	      . |*      |
	      . |*      |
	10
	0.119
	0.113
	7.6327
	0.572

	      . |*      |
	      . |*      |
	11
	0.097
	0.070
	8.7685
	0.554

	      . |.      |
	      . |.      |
	12
	0.034
	0.024
	8.9118
	0.630

	      .*|.      |
	      .*|.      |
	13
	-0.097
	-0.111
	10.091
	0.608

	      . |.      |
	      . |.      |
	14
	-0.028
	-0.007
	10.193
	0.678

	      . |.      |
	      . |.      |
	15
	-0.021
	-0.046
	10.246
	0.744

	      .*|.      |
	      .*|.      |
	16
	-0.094
	-0.114
	11.376
	0.726

	      .*|.      |
	      . |.      |
	17
	-0.066
	-0.028
	11.944
	0.748

	      .*|.      |
	      .*|.      |
	18
	-0.136
	-0.079
	14.351
	0.642

	      .*|.      |
	      . |.      |
	19
	-0.074
	-0.039
	15.069
	0.657

	      . |.      |
	      . |.      |
	20
	-0.002
	-0.018
	15.069
	0.718

	      . |.      |
	      .*|.      |
	21
	-0.034
	-0.059
	15.230
	0.763

	      . |.      |
	      . |.      |
	22
	0.056
	0.022
	15.660
	0.788

	      . |.      |
	      . |.      |
	23
	-0.023
	-0.037
	15.734
	0.829

	      . |.      |
	      . |.      |
	24
	0.032
	0.028
	15.875
	0.861

	      . |.      |
	      . |.      |
	25
	-0.005
	-0.046
	15.879
	0.892

	      . |*      |
	      . |*      |
	26
	0.088
	0.097
	16.987
	0.882

	      .*|.      |
	      .*|.      |
	27
	-0.080
	-0.118
	17.910
	0.879

	      . |.      |
	      . |.      |
	28
	-0.017
	0.024
	17.955
	0.905

	      . |.      |
	      . |.      |
	29
	0.015
	0.024
	17.991
	0.926

	      . |.      |
	      . |.      |
	30
	-0.013
	-0.018
	18.017
	0.944

	      . |.      |
	      . |.      |
	31
	0.005
	-0.024
	18.021
	0.958

	      . |.      |
	      . |.      |
	32
	-0.027
	-0.037
	18.135
	0.968

	      . |.      |
	      . |.      |
	33
	0.001
	0.007
	18.135
	0.977

	      . |.      |
	      .*|.      |
	34
	-0.027
	-0.104
	18.254
	0.982

	      . |.      |
	      . |.      |
	35
	-0.036
	-0.031
	18.461
	0.986

	      . |.      |
	      .*|.      |
	36
	-0.040
	-0.094
	18.722
	0.989


EQUATION (8)

	Dependent Variable: PRCFAT

	Method: Least Squares

	Date: 06/15/05   Time: 15:56

	Sample(adjusted): 1981:02 1989:12

	Included observations: 107 after adjusting endpoints

	Convergence achieved after 7 iterations

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	C
	1.014049
	0.106202
	9.548299
	0.0000

	TIME
	-0.002184
	0.000582
	-3.75412
	0.0003

	FEB
	-0.001854
	0.025166
	-0.07365
	0.9414

	MARCH
	-0.002531
	0.027460
	-0.09216
	0.9268

	APRIL
	0.056020
	0.028949
	1.935153
	0.0561

	MAY
	0.070143
	0.029428
	2.383577
	0.0193

	JUNE
	0.099169
	0.029437
	3.368831
	0.0011

	JULY
	0.173416
	0.028435
	6.098558
	0.0000

	AUG
	0.190449
	0.028912
	6.587168
	0.0000

	SEPT
	0.158360
	0.029675
	5.336553
	0.0000

	OCT
	0.099282
	0.029008
	3.422573
	0.0009

	NOV
	0.011956
	0.028440
	0.420394
	0.6752

	DEC
	0.007410
	0.025494
	0.290663
	0.7720

	UNEMP
	-0.013509
	0.006238
	-2.16559
	0.0307

	WEEKEND
	0.000631
	0.005068
	0.124448
	0.9012

	BELTLAW
	-0.024559
	0.030468
	-0.80606
	0.4224

	SPDLAW
	0.064712
	0.027283
	2.371899
	0.0199

	AR(1)
	0.287774
	0.102936
	2.795666
	0.0063

	R-squared
	0.740002
	    Mean depend var
	0.885493

	Adj. R-squared
	0.690339
	    S.D. depend var
	0.100236

	S.E. of regression
	0.055779
	    Akaike criterion
	-2.78259

	Sum squared resid
	0.276901
	    Schwarz criterion
	-2.33296

	Log likelihood
	166.8691
	    F-statistic
	14.90059

	Durb-Watson stat
	1.993778
	    Prob(F-statistic)
	0.000000

	Inverted AR Roots
	       .29
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