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This thesis comprises three essays on topics of environmental economics, focusing on 

the U.S. transportation sector.  The first essay examines scrappage patterns of used 

vehicle in the U.S. market.  We estimate vehicle life time and the elasticity of 

scrappage rate with respect to vehicle price. These two parameters are used in 

simulation models to evaluate public policies like CAFE standards and gasoline taxes. 

We find that not only are vehicles lasting longer but that scrap rates are less responsive 

to changes in vehicle price than previously estimated. The second essay examines the 

impact of removing minimum parking requirements by exploiting New York City's 

1982 deregulation of parking in the Manhattan core. We use a Difference-In-

Difference model to estimate the impact of this policy change on housing density, 

vehicle density and population density. We find that eliminating the mandated parking 

spaces increases housing density by 23% and increases, rather than decrease vehicle 

density by 13%. The policy does not appear to impact population density, perhaps 

because household sizes shrink after its implementation. The last essay compares the 

energy intensity for public transit buses and private driving across 62 US cities. We 

find that there are only 11 cities where private driving outperforms public buses in 

terms of energy intensity. In addition, if there are other mode of public transportation, 

such as rail system, they are usually much less energy intense than private driving. To 

improve bus energy intensity, it might be very difficult to solely reply on transit 

agencies’ effort of attracting more ridership. 
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Chapter 1 Introduction 

This thesis comprises three essays on topics of environmental economics, focusing on 

the U.S. transportation sector. The transportation sector is a large source of greenhouse 

gas (GHG) emission. Its emission accounts for 27% of all GHG in the U.S. in 2012, of 

which 62% are from light duty vehicles, including passenger cars and light trucks. 

This is about the same amount of GHG emission for France. To effectively reduce 

vehicle emissions via implementing public policies, it is important for researchers to 

evaluate existing policies and refine parameters that are required in these policy 

evaluations.  

 My first essay estimates the used vehicle scrappage rate in the U.S. The essay 

estimates two parameters, how much is vehicle life time and how can policy makers 

influence it through polices that affect vehicle value, i.e. the elasticity of vehicle 

scrappage rate with respect to vehicle price. These parameters are crucial in evaluating 

public policies like Corporate Average Fuel Economy (CAFE) standard and gasoline 

taxes that are known to have important effects on vehicle emission reduction. The 

existing vehicle lifetime estimates ignore the possibility that the technology has 

increased vehicle lifetime. The scrappage elasticity is estimated based on temporary 

and geographically limited scrappage programs, hence inappropriate to evaluate long 

term policies. Longer vehicle life time and low elasticity will render certain policies 

less effective than previously expected. With three simulation examples, the essay 

presents drastically different results a policy evaluation can have with refined 

estimates versus estimates in the existing literature.  
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 My second essay examines the policy impact of the 1982 New York City 

parking zoning regulation change on vehicle density and housing density. Urban 

economists have long been concerned about the impact of quantity regulations on the 

supply of housing since housing is a big part of our life. One regulation that has been 

commonly discussed is a minimum parking requirement. Ample research has shown 

that it increases use of automobiles, leads to congestion and hence negatively impacts 

the environment. It also lowers housing density and increases housing price. Aware of 

the unintended consequences from minimum parking requirement, planners start to 

scrutinize the practice of parking regulations. This essay is intended to provide 

estimates of the effect removing a minimum parking requirement has on housing 

development and vehicle density. The former is critical because removing a minimum 

parking requirement directly affects the cost of supplying housing units. One would 

expect to see denser housing development, given the well documented effects of 

minimum parking requirements. This essay will elicit important policy implications 

for city planning. In addition, since vehicle ownership is relatively low in New York 

City comparing to other major cities in the U.S., whatever positive effects removing 

the minimum parking requirement has should benefit other cities more. 

 As policy makers are trying to limit vehicle ownership and to discourage 

consumers from driving too much, it is also interesting to study the alternative mode 

of transportation consumers face, e.g. public transit buses. After all, driving is very 

convenient. If riding buses is not cost effective (taking into account of both monetary 

cost and time cost), consumers are not very likely to give up driving. From the 

environmental economics point of view, the goal here is to reduce vehicle emission. 
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Even if consumers indeed switch from driving to riding buses, whether this switch will 

lead to emission reduction depends on if buses are less energy intense than private 

driving. In theory, public bus is supposed to be more energy efficient than private 

driving per passenger mile. However, there is evidence to show otherwise (Fig. 4.1). 

The third essay hence compares the bus energy intensity versus that of private driving 

in the U.S. metropolitan areas and also on the agency level. By doing so, this essay 

answers the following questions: 

1) Are public buses indeed more energy intense than driving in all the cities? 

2) In which cities are the public buses more energy intense? Do public transit 

more energy intense than private driving in general in these places? 

3) In cities that only have buses, to improve the energy intensity for buses, how 

many more passengers do they need to at least achieve the same level as 

private driving? 

 By investigating the energy intensity at the agency level, this paper shed lights 

on the puzzling facts that the national average buses being more energy intense than 

driving. It also provides some guidance on what could be done to improve the 

situation.
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Chapter 2 Vehicle Lifetime Trends and Scrappage 

Behavior in the U.S. Used Car Market1  

2.1 Introduction 

We examine scrappage patterns in passenger cars and light trucks in the United 

States between 1969 and 1999. The transportation sector accounts for 29% of all 

greenhouse gas emissions in the U.S., of which 79% are from passenger vehicles 

(EPA, 2012). The magnitude of these emissions has prompted regulators to implement 

gasoline taxes and increase the average fuel economy of new vehicles using the 

Corporate Average Fuel Economy (CAFE) standard. Because 95% of all vehicles on 

the road are used vehicles, these policies have the potential to have large consequences, 

intended or unintended, on emissions from used vehicles. To evaluate the effects of 

these policies in the used vehicle market, two key parameters are needed: the average 

vehicle lifetime, and the elasticity of scrappage with respect to vehicle price. Without 

estimates of these parameters, imperfect assumptions must be made to model the 

effects of these policies on the used car market. 

Our study fills this gap in the literature and has three goals: 1) to examine 

vehicle lifetime and how it has changed, 2) to estimate the scrappage elasticity with 

respect to vehicle price, and 3) to explore the implications of these parameters for 

CAFE, gasoline taxes, and the energy paradox.  

Our primary findings are that vehicle lifetime has increased, nearly 13% from 

1969 to 1987, and that the scrappage elasticity with respect to vehicle price ranges 

                                                           
1
 This essay is in collaboration with Prof. Antonio Bento and Kevin Roth.  
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from -0.61 to -1.421 with a value of -0.83 in our preferred specification.
 2

 This 

elasticity is important for evaluating policies targeting automobiles where scrappage is 

an important margin of adjustment. Unfortunately such elasticity has not been 

available and prior research has relied on assumed values substantially different from 

the values estimated in any of our specifications. In cases such as the EPA and 

NHTSA evaluation of CAFE, this elasticity is assumed to be zero and vehicle 

lifetimes are assumed to be constant (DOT, 2012). Simulations by economists (e.g. 

Bento, Goulder, Jacobsen, and Von Haefen, 2009; Jacobsen 2012) have adopted the 

value of -3 from work by Alberini, Harrington, and McConnell (1998). Although not 

directly estimating this parameter, Alberini et al. (1998) estimate the supply of 

scrappage using a temporary scrappage incentive. Using an estimate of this parameter 

from a temporary policy seems likely to incorporate significant inter-temporal 

substitution and therefore may not be optimal for analysis of permanent policies like 

gasoline taxes or CAFE. 

We demonstrate the importance of these parameters for three key areas of 

policy analysis: CAFE standards, gasoline taxes, and the energy paradox. First we 

show that outdated estimates of vehicle lifetime will be overly optimistic about the 

pace at which new vehicle regulation like CAFE can affect the used car market. For 

gasoline taxes we show, using the results of Bento, Goulder, Jacobsen, and von 

Haefen, (2009), that our elasticity reduces used car scrappage by 460,000 vehicles 

compared with the elasticity of -3 used in that paper, but using an elasticity of zero, 

would under-predict this benefit by 175,000 vehicles. Finally we show that changes in 

                                                           
2 It is noteworthy that our estimate of this elasticity is remarkably similar to that estimated using an 

alternate strategy in parallel research by Jacobsen and van Benthem (2013).  
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vehicle lifetime may account for up to 7% of the undervaluation in future gasoline 

costs of vehicles that has concerned policy makers in recent years (Helfand and 

Wolverton, 2010; Greene 2010).  We also compare the scrappage responses due to 

changes in vehicle prices and gasoline prices and find evidence that consumers may 

undervalue these costs, recognizing between $0.68 and $0.92 of a $1 increase in future 

gasoline cost.
3
 These estimates lie within in the range of other studies of that use 

alternative methodologies. 

Our essay complements a large body of literature on scrappage behavior. 

Several studies have focused on the role of technology (Walker, 1968; Greene and 

Chen, 1981), climate (Hamilton and Macauley, 1999) and gasoline prices (Li, 

Timmins, and von Haefen, 2009; Jacobsen and van Benthem, 2013) on scrappage 

behavior. Other studies using simulation have examined how policies such as CAFE 

and gasoline taxes can influence vehicle prices and therefore, intentionally or 

unintentionally, affect the lifetime of used vehicles (Gruenspecht, 1982; Bento, et al. 

2009; Jacobsen 2012).
4
 Others have focused on the response to policies directly 

targeting used vehicles, including inspection and maintenance programs (Ando, 

McConnell, and Harrington, 2000a), national vehicle retirement programs such as 

Cash-for-Clunkers (Miravete and Moral, 2011; Li, Linn, and Spiller, 2010; Schiraldi, 

2011), and local scrappage subsidies targeted to a specific state or city (Alberini, 

Harrington, and McConnell, 1995; Hahn, 1995; Alberini et al. 1998; Adda and Cooper, 

                                                           
3 A scrappage elasticity with respect to vehicle price in the range of -3 suggests a valuation of $0.15. 
4 Others have examined CAFE but omit scrappage or the used car market (Klier and Linn, 2012; 

Goldberg, 1998). One implication of our findings is that although important general equilibrium price 

effects remain in the used vehicle market, they are perhaps less important than would be suggested by 

alternative parameters. 
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2000).
5
 We contribute to this literature by estimating the parameters needed to 

accurately model the used vehicle market and their implications for policy analysis.  

The rest of the essay is arranged as the following. Section 2.2 describes the 

data and the empirical strategy, section 2.3 presents results, and section 2.4 discusses 

the policy implications and section 2.5 concludes.  

2.2 Basic Model and Data 

2.2.1 Basic Model 

The econometric model is based on earlier models of the automobile scrappage 

ultimately deriving from Walker (1968). The first stage of the model fits a logistic 

curve to mean scrappage rates at each age, which largely captures engineering 

scrappage arising from mechanical failure.
6
 The second stage explains deviations from 

the mean scrappage function estimated in the first stage, generally resulting from 

cyclical factors such as changes in vehicle price or maintenance and repair costs. 

The first stage uses nonlinear least squares to fit a logistic curve to scrappage 

rates by vehicle age. The logistic function, which has been shown to fit scrappage data 

well (Walker, 1968; Park, 1977; Greene and Chen, 1981; Feeney and Cardebring, 

1988), is given by:  

                                                           
5 Ando  et al. (2000a) find I/M programs are limited in their ability to reduce emissions due to costs. 

Miravete and Moral (2011) find Cash-for-Clunkers programs can accelerate the adoption of new 

technology while Li, Linn and Spiller (2010) find it is an expensive method to improve overall fuel 

economy. Hahn (1995) estimates a scrappage curve from a local policy in California, while Alberini et 

al. (1998) examine scrappage resulting from a program in Delaware. Sandler (2012) finds adverse 

selection played a major role in the high initial scrappage rates for a scrappage policy in San Francisco. 
6 Parks (1977) describes engineering scrappage as the failure of vehicle components, which gradually 

become increasingly expensive as the vehicle ages. The rate at which these failures occur depend on the 

durability of the vehicle, which may be influenced by decisions made by the manufacturer or the 

environment where the vehicle drives.  
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                                                                                        (1)
 

where   is age of a vehicle in years and m is the model year.     is the scrappage rate 

of vehicles at age    for model year m.
7
 We estimate the parameters          and   to 

capture the shape of the logistic function.    and    control the level of the 

‘asymptotic scrappage rate.’ If we take the limit of equation (1) as age approaches 

infinity, the function asymptotes to           .
 8

 The error term,    , is assumed to 

be normally distributed. 

This estimation allows us to calculate vehicle lifetime. To calculate the 

expected lifetime for vehicles,   , we follow Greene and Chen (1981): 

   ∑      ̂  ∏ (     ̂)   
                                                        (2) 

where   is vehicle age and    ̂  is predicted scrappage rate from equation (1). 

       ̂  is the predicted survival rate of vehicles aged  , hence    ̂  

∏ (     ̂)   
     gives the probability of a vehicle being scrapped at age  .  

The second stage captures the deviations from the predicted average scrappage 

rate in a given calendar year:  

       
   

 
    

                                                                     (3) 

where, 

  
  ∑

   

  
   ̂

  
                                                                         (4) 

                                                           
7 Precisely     is the proportion of vehicles surviving   years that are scrapped, on the average, prior to 

their      th birthday. The model year, m, is set to zero for 1969 to aid in comparability across 

regressions.  
8   and   determine when the scrappage rate starts to increase rapidly and enter the exponential and 

mature phases. Ceteris Paribus, increasing   (or decreasing  ) postpones when the exponential and 

mature phases occur. 
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Equation (3) defines the structural relationship of total scrappage to both engineering 

and cyclical factors.    is the total number of vehicles scrapped in calendar year   

across all ages.    is the turnover rate of vehicle ownership. This term is included 

because the decision to scrap a vehicle is made by used vehicle dealers and will be 

subject to the volume of trade-in vehicles each year.
 9

     is the vehicle price ratio 

index (the vehicle price divided by the maintenance and repair costs), capturing the 

value of holding a vehicle, and    is the total number of vehicles in operation in 

calendar year  .   
  is the predicted scrappage rate arising from engineering factors, 

for the total population, which is weighted using the age distribution of vehicles in 

year calendar  . It is calculated based on equation (4) and is a weighted average of the 

expected age-specific scrappage rates,    , estimated using equation (1). The weights 

used are the number of vehicles of age a in calendar year t,    , over the total number 

of vehicles in calendar year t.  

To empirically estimate equation (3) we transform the equation using 

logarithms. This allows us to estimate this second-stage relationship using ordinary 

least squares (OLS). In our central specification, this equation becomes: 

  
  

  
      

                                                        (5) 

The coefficient of interest is  , which measures the elasticity of scrappage with 

respect to vehicle price. This elasticity is important for simulation models of the used 

vehicle market where scrappage adjusts to changes in vehicle price. The first term on 

the left hand side,   
  

  
, is the log of the observed scrappage rate in calendar year t, the 

                                                           
9 If a new vehicle entering the system pushes an old vehicle to be scrapped   will be 1.  
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second term,      
  , is the predicted scrappage rate from engineering factors related 

to aging.
10

 The residual scrappage rate is the difference of these terms. It is explained 

by a constant, a proxy for turnover rate, and the vehicle price ratio index. Finally we 

assume the error term,   , is normally distributed and newey-west standard errors are 

estimated in all regressions.
 
 See Appendix A for further discussion of the advantages 

of the 2-stage approach adopted here relative to other potential models. 

We also use several econometric models to examine the relationship between 

scrappage and gasoline prices. The first is a linear specification similar to that used by 

Jacobsen and van Benthem (2013). This model does not average observations by 

vehicle age or calendar year as in the 2-stage specification above but rather controls 

for these factors with fixed effects as follows: 

                      
                                             (6) 

In this equation      is the scrappage rate of vehicles that are of age   and model year 

  scrapped in calendar year  ,       {   }  is the vector of dummy variables for 

age and model year,     is the gasoline price in year calendar  . The coefficient   

provides the marginal effect of gasoline price on scrappage rate.  

We also estimate the scrappage elasticity with respect to gasoline price by 

modifying Walker’s 2
nd

 stage equations as follows:  

  
  

  
      

                                                           (7) 

                                                           
10 Because the estimates from the first stage only enter as dependent rather than independent variables, 

the uncertainty of those estimates will not affect the standard errors of the second stage parameters. 
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This equation is identical to equation (5) except        , gasoline price in calendar 

year t, is substituted for the vehicle price ratio index.
11

  

2.2.2 Data 

The data used for our regressions primarily comes from publicly available 

counts of automobiles collected by R.L. Polk for Ward’s Automotive. These data, 

covering model years 1969-1999, provide annual counts of U.S. passenger cars and 

light trucks by model year and are reported in Ward’s Automotive Yearbooks (1981-

2002). While covering a long time period, these data only distinguish between 

passenger cars and light trucks and do not provide model or class counts. For more 

detailed vehicle count data we supplement these data with household level data on 

vehicle holdings from National Household Transportation Surveys in 1995, 2001, and 

2009.  

Each year Ward’s reports the number of vehicles in operation as of July 1
st
 for 

14 model years, allowing us to calculate scrappage rates for a model year at each age. 

For example in 1990 Ward’s provides the count of passenger cars and light trucks in 

operation for model years 1976 through 1990.
12

 Population counts from the 1991 

Ward’s Yearbook allow for calculation of the number of vehicles that were scrapped 

in the interim. The scrappage rate is calculated as the number of vehicles removed 

from operation at age a divided by the number of vehicles of that model year in 

operation at the previous age,    . The long time span enables us to compare with 

                                                           
11 We use the gasoline price index to be consistent across the estimation of the two nonlinear 

specifications, although using real gasoline price does not significantly alter the estimates. 
12 As noted by Davis and Kahn (2010) used cars could not be sold to Mexico, a potentially confounding 

factor, until NAFTA removed these trade restrictions in 2005. 
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previous studies (Walker, 1968; Greene and Chen, 1981) and establish how vehicle 

lifetimes and scrappage elasticity with respect to vehicle price have changed over time.  

The censorship of population counts beyond 14 years of age limits our ability 

to observe the tail of the scrappage curve, but because it asymptotes at older ages, 

scrappage rates beyond 14 years can be inferred from the pattern established before 

this cut-off. Scrappage rates at younger ages can also be problematic. Occasionally, 

vehicle counts increase in the first year of vehicle lifetime implying a negative 

scrappage rate. New vehicle models tend to enter the market ahead of the calendar 

year, and are often sold through the next calendar year; therefore, vehicles populations 

for the first year are removed from our analysis allowing us to calculate scrappage 

rates for ages 1 through 14.
13

 This results in 662 scrappage rate observations.
14

 

Population data is given for model years 1969 through 2002 but only model years 

1969-1987 give complete population counts for all 14 years of age. More recent model 

years do not have population counts at older ages. Vehicles from 1999 are the most 

recent with population counts at least 2 years of age and are the last model year for 

which we use data in any of our regressions. 

Table 2.1 shows average scrappage rates of cars and trucks at various ages. 

These are calculated for three sets of model years: 1969-1979, 1980-1987, and the full 

sample, 1969-1987 to examine decadal changes in vehicle lifetime. Previous studies 

(Walker, 1968; Park, 1977; Greene and Chen, 1981; Feeney and Cardebring, 1988) 

                                                           
13 For example, a 2000 model year vehicle may appear in calendar year 1999 and may still be sold as 

new in 2001.  Scrappage for extremely new vehicles are usually very low, due only to serious 

accidences. Therefore, the data we observe for 0 and 1-year-old vehicles often change mostly due to the 

sales of these inventories.  Including these first two years does not significantly change the point 

estimates of our regressions but does increase the standard errors in some specifications.  
14 Model Years 1969-1987 each have 13 calendar years worth of model counts, 1988 has 12, 1989 has 

11, until 1999 which is the last model year with an age of more than 2. 
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have used the logistic curve to fit these scrappage rates because they grow slowly for 

the first several years, increase rapidly around 6 years of age and finally after 10 years 

begin to asymptote towards a high, but stable level. The fact that the yearly scrappage 

rate asymptotes at levels from 7% to 20%, rather than 100%, explains the presence of 

some extremely old vehicles in the current fleet.
15

 Table 2.1 also demonstrates that 

scrappage rates for trucks are consistently lower at any given age than they are for cars. 

Table 2.1 Summary Statistics 

        
  Passenger Cars   Light Trucks 

modelyear 1969-1979 1980-1987 1969-1987   1969-1979 1980-1987 1969-1987 

Original Vehicle Count 
(in thousands) 

9,299 8,825 9,299   1,881 2,225 1,881 

Scrap Rate at Age 
       

2 1.51% 1.09% 1.25% 
 

0.78% 0.86% 1.33% 

3 1.84% 1.47% 1.55% 
 

1.32% 0.58% 1.46% 

4 2.03% 1.12% 1.52% 
 

1.27% 1.02% 1.58% 

5 2.56% 2.03% 1.97% 
 

1.61% 1.34% 1.81% 

6 3.79% 3.09% 3.01% 
 

2.20% 1.85% 2.47% 

7 5.30% 3.80% 3.98% 
 

2.99% 2.35% 2.85% 

8 7.17% 5.16% 5.47% 
 

3.75% 2.95% 3.58% 

9 9.40% 6.58% 7.20% 
 

3.77% 3.64% 3.88% 

10 11.75% 8.22% 9.29% 
 

5.85% 5.05% 5.57% 

11 13.84% 9.66% 11.25% 
 

5.33% 4.93% 5.35% 

12 15.65% 11.41% 13.31% 
 

6.57% 7.00% 6.93% 

13 17.18% 12.77% 15.06% 
 

7.08% 6.86% 7.09% 

14 18.29% 14.26% 16.59%   7.53% 9.40% 8.31% 

Notes:  Original Vehicle Count is the maximum number of observed cars in first two years of sales. Occasionally inventories are 

not sold until the second year implying the true base of cars is established in the second year. In these cases, the scrap rates are 
ignored when averaging across the corresponding period. 

 

In recent decades dramatic compositional changes have occurred in the light 

truck segment. The category of light trucks contains not only pickup trucks but also 

                                                           
15 The small but increasing number of extremely old vehicles on the road can also be noted from 

subsequent NHTS surveys. In the 1995 NHTS, for example, 1.6% vehicles are over 25 years old. This 

number grows to 3.1% in 2001 NHTS and 3.7% in the 2009 NHTS. 
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minivans, SUVs and CUVs and the share of these vehicles have grown as a percentage 

of the light truck market. As we will document later, light truck lifetime appears to 

stagnate over time. We suspect this stagnation is related to the expansion of SUVs 

market share within the light truck category. To explore this hypothesis, we use data 

from the National Household Travel Survey (NHTS) to obtain counts of vehicles by 

the subcategories of car, SUV, and pickup truck. These surveys provide vehicle counts 

by class, model year, and age up to 25 years old. NHTS exists for five discrete 

calendar years, 1983, 1990, 1995, 2001 and 2009. Because the survey is not annual 

and sample sizes vary over time, we cannot calculate yearly scrappage rates from this 

data.
16

 In section 2.3.1 we show how these data allow us to compare the order of 

scrappage rates for various vehicle classes with one another. To compare car, SUV 

and pickup truck scrappage rates, we use vehicle counts for these three classes for the 

NHTS survey years in which the category of SUV is recorded: 1995, 2001 and 2009.  

We use a variety of data from other sources to construct key variables that 

affect scrappage rates. To examine the scrappage elasticity with respect to vehicle 

price, we require data not only on used vehicle prices, but also on maintenance and 

repair costs. These variables will affect the reservation value for scrapping a vehicle. 

Studies that look to Walker (1968) create a vehicle price ratio index by dividing a used 

vehicle price index by maintenance and repair cost index. This assumes that these 

variables will have equal but opposite effects on scrappage: as used vehicle prices 

                                                           
16 Although we would ideally be able to infer information about national level scrappage rates from 

these samples, we found the survey population weights did not provide vehicle counts similar to the 

Ward’s data. For some years, the 1990 NHTS in particular, the implied vehicle populations can be quite 

different from Ward’s report. Hence, we do not attempt to use these data to determine lifetime 

scrappage curves but only to compare vehicle classes to one another. 
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increase or maintenance and repair costs decrease, consumers will scrap vehicles at a 

lower rate. Our main specification also imposes this restriction but we examine this 

assumption in our robustness checks by including each of the indexes individually. 

The used vehicle price index and the motor vehicle maintenance and repair cost index, 

gathered by the Bureau of Labor Statistics, are subcategories used in the calculation of 

the Consumer Price Index. Both indexes are seasonally adjusted with the base period 

of 1982 to 1984. In the construction of the used vehicle price index the BLS averages 

vehicle auction prices from National Automobile Dealers Association (NADA) and 

prices published by Kelly Blue Book.
17

  

Figure 2.1 plots the logged vehicle price ratio index and the aggregate 

observed scrappage rate from 1970 to 2000. Consistent with Gruenspecht (1982), 

vehicle scrap rates seem to decrease after the 1980s when CAFE standards would 

increase demand for relatively scarce inefficient used vehicles, while vehicle prices 

adjusted to higher levels, a demand shift we exploit as an instrument in section 2.3.3.  

As noted by Walker (1968) vehicle turnover rate may affect scrappage rates 

and will depend on many factors including credit availability, income, and assets. 

Following this literature we proxy for the rate of turnover with the ratio of new vehicle 

registrations to total vehicle ownership. The total number of new vehicles is taken as 

the number of age-zero vehicles from Ward’s Automotive Yearbooks. The total 

number of vehicles in operation for each calendar year is provided by Ward’s Motor 

Vehicle Facts and Figures. It is possible that this proxy for turnover rate is endogenous. 

                                                           
17 For more detail see Pashigian (2001). 
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We therefore examine another proxy for turnover rate: annual GDP, taken from 

International Financial Statistics.  

Two measures of gasoline prices are also used. First we use annual real 

gasoline price data from the Department of Energy. We also use the gasoline price 

index gathered by the Bureau of Labor Statistics. The BLS seasonally adjusts this 

index and uses a base period of 1982 to 1984.  

 

Figure 2.1 ln(Vehicle Price Index) and ln(Residual Scrappage Rates)   

Notes: The figure plots the log of the vehicle price index, which is the ratio of the used vehicle price index and the motor vehicle 

maintenance and repair cost index, gathered by the Bureau of Labor Statistics. The ‘Observed Scrappage Rate’ is the percentage 

of all vehicles in operation in a given calendar year that are removed from operation. 



 

26 
 

Finally, for robustness tests, we use the annual average U.S. steel scrap price 

per metric ton from the U.S. Geological Survey,
18

 and U.S. imports vehicle sales data 

from Ward’s yearbooks. The percentage of vehicles imported is constructed by 

dividing these values by the number of new vehicles sales. Further details, including 

descriptive statistics, can be found in Appendix Table A.1. 

2.2.3 Time Series Properties of the Data 

In the second stage of the regression, standard tests fail to reject the presence 

of a unit-root for scrappage rates as well as vehicle prices. With only 30 years of data, 

unit-root tests of the residuals are often marginal and sensitive to specification. A 

Dickey-Fuller test strongly suggests the residuals are stationary above the 1% level, 

while the Elliot-Rothenberg-Stock test cannot reject a unit-root.
19

 Autocorrelation 

plots are displayed in Figures 2.2 and 2.3. While the evidence is not decisive for 

stationary or nonstationary residuals, the cyclicality of the residuals in these figures 

can be the result of an AR(2) process (Harvey, 1981). 

In our basic specifications, we view the model as a cointegrated model, as is 

implicitly assumed by prior work in this area. Although not traditionally modeled as 

an autoregressive process, we address the possibility that the residuals are non-

stationary with AR(1) and AR(2) models, wherever possible, for both the vehicle price 

and gasoline price. 

                                                           
18 1969-2010 data are from: http://pubs.usgs.gov/sir/2012/5188/sir2012-5188.pdf#Iron and 

Steel Scrap.   
19 The estimated value of rho in AR-1 and AR-2 regressions is less than 0.4, which cannot be judged as 

statistically distinct from 1 with a sample size of 30 years worth of data. 



 

27 
 

 

Figure 2.2: Autocorrelation Plot of Vehicle Price Regression Residuals  
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Figure 2.3: Autocorrelation Plot for Gasoline Price Regression Residuals 

2.3 Results 

2.3.1 Scrappage by Vehicle Age 

Table 2.2 reports the results of estimation of equation (1), which fits a logistic 

curve to scrappage rates by age. The first panel of Table 2.2 shows the results for 

passenger cars across three periods as well as the comparison with model years 1966 

through 1977 estimated by Greene and Chen (1981) and post-World War II models 

estimated by Walker (1968). Figure 2.4 displays these estimated scrappage rate curves 

for passenger cars for various model years. Figure 2.4 and Table 2.2 show that the 

asymptotic scrappage rate has been declining over the last century and that scrappage 

rates at any given age have progressively decreased for more recent vehicle model 
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years. The asymptotic scrappage rate is 26.32% for post-war vehicles; it decreases to 

21.17% for the 70s, and is 18.17% for the 80s. Table 2.2 also calculates the expected 

lifetime following equation (6). The lifetime for passenger cars has increased from 10 

years for post-war cohort, to 12.25 for the 70s cohort, and 13.92 years for the 80s 

cohort. The 95% confidence intervals, given in brackets, show that these values are 

statistically different from one another.  

 
Figure 2.4: Scrappage Rate Curves 

 
Notes: The figure plots the fitted scrappage rate curves estimated in Table 2 for passenger cars as a function of age. The 1945-

1964 curve is estimated by Walker (1968). The 1969-1979 and 1980-1988 curves are estimated using annual vehicle counts by 

model year published by Ward’s Automotive Yearbooks. 

 

 The second panel of Table 2.2 shows the results for light trucks. We first 

confirm that light trucks display longer lifetimes than passenger cars. The scrappage 

profile is, however, complex. Rather than decreasing, asymptotic scrappage rates 
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increase from 9.30% in the 70s to 18.39% in the 80s, yet average vehicle lifetimes 

remain between 14 and 15 years. 
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Table 2.2: Estimates of Logistic Parameters of Engineering Scrappage 

    (‘69-‘79) (‘80-‘87) (‘69-‘87)     Post-War1 

Passenger Cars I II III     V 

L0   4.723*** 5.504*** 4.056***     3.8 

    (0.221) (0.600) (0.186)     (0.0105)*** 

L1       0.206***       

        (0.017)       

B   256.049*** 265.637** 398.968***     890.48 

    (62.063) (80.301) (81.230)     (33.83)*** 

k   -0.419*** -0.367*** -0.457***     0.76 

    (0.031) (0.041) (0.026)     (0.0059)*** 

Obs   149 104 331       

R-Squared   0.972 0.963 0.955       

Year   1969-1979 1980-1987 1970 1985   Post-War2 

Asymptotic 
Scrappage Rate   21.17% 18.17% 23.46% 13.60% 

 
26.32% 

Expected 

Lifetime2   12.25 13.92 12.36 13.28 
 

10 

95% C.I.   [11.87, 12.44] [13.51, 14.12] [12.11, 12.53] [13.09, 13.41] 
  

                

Light Trucks               

L0   10.758*** 5.439* 8.855***       

    (1.098) (2.610) (1.303)       

L1       -0.158***       

        (0.046)       

B   440.824* 253.838** 190.935***       

    (188.770) (91.961) (35.057)       

k   10.758*** 5.439* 8.855***       

    (1.098) (2.610) (1.303)       

Obs   149 104 331       

R-Squared   0.903 0.919 0.901       

Year   1969-1979 1980-1987 1970 1985     

Asymptotic 

Scrappage Rate   9.30% 18.39% 11.29% 15.43%     

Expected 
Lifetime2   13.13 15.06 14.27 14.66     

95% C.I.   [13.00, 14.24] [13.51, 14.12] [13.66, 14.86] [14.12, 15.11]     

Notes: L, B, k values are results from logistic regression of mean scrappage rate on age, following Eq. 1.  The first 

three columns are results from scrap rate at corresponding age of model-year 1969-1979, 1980-1987, and 1969-1987, 
respectively. Ward’s reports vehicle counts by age up to age 15. Removing the first two years of data results in 13 

usable age groups for these regressions. Robust standard errors are in parenthesis. * significant at 10%, ** significant at 

5%, *** significant at 1%.  
1) Columns V is from Walker (1968), Table 1. 

2) Expected Lifetime is measured in years. 
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Previous literature has noted the increased lifetime for passenger cars or the 

fleet as a whole but it has generally been attributed to events that are unlikely to 

explain why it continues to increase, or why it should be observed in passenger cars 

and not light trucks. Reasons that have been suggested in the past include a change in 

post-war technology (Walker, 1968), and an increase in the share of light trucks 

(Greene and Chen, 1981). Hamilton and Macauley (1999), who only examine 

passenger cars, suggest shifts in population to the Sunbelt are the source of this 

increased lifetime. This explanation seems plausible but should also increase the 

lifetime of light trucks. Another explanation is that onboard diagnostic systems and 

other technology improvements may also extend vehicle lifetime by catching small 

mechanical failures before they become more expensive (EPA, 2002), which would 

also explain why similar trends are noted in the vehicle fleets of other countries like 

Sweden (Feeney and Cardebring, 1988). 

 We speculate that light truck lifetime may also be increasing, either due to 

population shifts or technology improvement, but the observed stagnation in light 

truck lifetime is due to opposing trends in the light truck market. The first trend is for 

vehicles classified as light trucks to become more similar to cars over time. Vans, 

SUVs, and, recently, CUVs are all categorized as light trucks but may be more like 

cars, in terms of technology and patterns of use, than pickup trucks. The second trend 

is the increasing share of SUVs at the expense of pickup trucks. Under these 

circumstances, ‘Simpson’s paradox’ may appear. This is a paradox in which a trend 

present in all subgroups, for example increasing vehicle lifetime, is reversed when the 
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groups are combined.
20

 Such reversals are possible when subgroups have differing 

base rates and the share of one subgroup is increasing. Thus if SUVs and pickup 

trucks are both increasing in vehicle lifetime but SUVs have shorter lifetimes overall, 

increasing the share of SUVs may undermine the overall increase in vehicle lifetime 

when the two are aggregated.  

 Without decades of disaggregated data, we cannot definitively prove that 

Simpson’s paradox is responsible for this stagnation in vehicle lifetime, but we can 

show that the conditions that give rise to it are present. These two conditions are that 

the share of SUVs is increasing over time, and that SUVs have scrappage rates 

between that of passenger cars and pickup trucks, depressing the lifetime for the 

broader category of light trucks. The growth of SUVs as a share of the light trucks is 

well known and can be calculated from NHTS data. The market share of SUVs in the 

NHTS data has increased from 7% in 1995 to 18% in 2009.
21

  To provide evidence for 

the second condition we attempt to show that the scrappage rate of SUVs for any 

given model year, lies between that of passenger cars and pickup trucks. For example 

between 1995 and 2001 the scrappage rate of 1992 model year passenger cars, SUVs 

and pickup trucks was 21%, 20% and 13%, respectively, while the same values for 

1983 model year vehicles was 69%, 42% and 39%. Because the surveys are not from 

consecutive years, we cannot estimate the scrappage curves at each age but we can test 

the relative order of the scrappage rates. To perform this test, we normalize the 

scrappage rate of passenger cars to 1 and pickup trucks to 0, and rescale the SUV 

                                                           
20 This paradox, named after Edward Simpson who first described it in 1951, occurs in many 

manifestations including gender discrimination (Bickel, Hammel, O’Connell, 1975) and smoking death 

rates (Appleton, French, and Vanderpump, 1996). 
21 See Appendix Table A.2 for descriptive statistics on each wave of NHTS survey 
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scrappage rate accordingly. The density of the rescaled SUV scrappage rates, 

smoothed with an Epanechnikov kernel using a bandwidth of 0.15, is plotted in Figure 

2.5. The average is 0.25, which, as predicted, lies in between that of passenger cars 

and pickup trucks. This means that while SUV scrappage rates are most similar to 

pickup trucks, they are not identical and are lower than passenger cars. A one tailed t-

test on these values suggests that SUV scrappage rates are statistically different from 

those of pickup trucks at the 10% level.
22

 Together these patterns are highly 

suggestive that the growth in the SUV share may be undermining the within class 

increase of trucks. 

 
Figure 2.5 Rescaled SUV Scrappage Rates 

Notes: The figure plots the density of SUV scrappage rates derived from successive waves of the National Household 

Transportation Survey on a scale where the scrappage rate of passenger cars is 1 and pickup trucks is 0. Values greater than one 
imply SUV scrappage rates were higher than cars while negative values suggest they were lower than pickup trucks. The values 

are smoothed with an Epanechnikov kernel using a bandwidth of 0.15.

                                                           
22 Based on 28 observations, the one-tailed t-statistics is 1.64. Two extreme outliers, where the rescaled 

SUV scrappage rate has an absolute value greater than 3, are excluded. 
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2.3.2 Elasticity of Scrappage with Respect to Used Vehicle Price  

Table 2.3 column I reports the OLS estimates of equation (5) for passenger 

cars. For each regression the table reports the coefficients and standard errors. Our 

estimate of -0.83, using our basic specification in Column I, is statistically 

indistinguishable from that of Walker at -0.66 given in column IX.
23

 These estimates 

of the scrappage elasticity with respect to vehicle price are, however, far lower than in 

temporary and local programs (Hahn, 1995; Alberini et al. 1995; Alberini et al. 1996; 

Alberini et al., 1998). These studies imply elasticities between -1.7 and -3.
24

 Because 

these programs are geographically limited and often short in duration, vehicle owners 

may change their scrappage decisions to take advantage of the program. The 

geographic and temporal limits of these policies likely results in a substantially larger 

scrappage elasticity with respect to vehicle price than would be expected by a 

permanent, national policy like CAFE standards or a gasoline tax. Further, as 

documented in Sandler (2012), these programs suffer from adverse selection, which 

may further overstate the scrappage elasticity with respect to vehicle price.  

Table 2.3 columns II through VIII examine the robustness of the scrappage 

elasticity with respect to vehicle price estimated in Column I. Following Walker 

(1968), the vehicle price ratio index regressor is the log of the ratio of the used vehicle 

                                                           
23 Turnover rate is higher although statistically indistinguishable from earlier estimates. 
24 Table 6 in Alberini et al. (1995) suggests the average scrappage elasticity with respect to vehicle price 

is -1.7 for waivered vehicles and -2.56 for non-waivered vehicles. Table 4 in Alberini et al. (1996) 

implies that the scrappage elasticity with respect to vehicle price is -1.8 at the mean vehicle value. 

Alberini et al (1998) Figure 3b suggests scrappage rises from approximately 70 to 210 vehicles for a 

$1000 bounty, which is 65% of the average vehicle value of $1535.58 given in Appendix A 2.1, 

implying a scrappage elasticity of -3. Table 2 in Hahn (1995) implies an average scrappage elasticity of 

-1.75. 
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price index and the maintenance and repair cost index, which assumes that coefficients 

of these two variables are equal in magnitude but opposite sign. We separately 

estimate these coefficients in Column II and find that the negative of the estimate on 

‘Maintenance and Repair Cost Index’ at 0.74 is indistinguishable from that on the 

‘Used Vehicle Price Index’ at -0.78 supporting this assumption. We also examine 

several other proxies for turnover rate including ln(GDP) in column III finding this 

measure only further reduce the scrappage elasticity with respect to vehicle price to -

0.61.  

Column IV examines several other potentially important covariates, including 

steel price, GDP, gasoline price, and percentage imported vehicles. Steel price is 

included to capture changes in value of the scrapped vehicles. Because it is also 

possible that the entrance of foreign competitors may affect vehicle lifetime (Hamilton 

and Macauley, 1999), we also control for the percentage of the fleet that is imported. 

These additional covariates result in a point estimate of -0.76 for the scrappage 

elasticity with respect to vehicle price, a small and statistically insignificant decrease 

from the initial specification.  

Because vehicles older than 10 years of age may be scrapped without regard 

for market value, we limit the regressions in columns V and VI to omit these older 

vehicles. These values ranging from -1.09 to -1.42 are slightly larger but not 

statistically different from those in our main specification.  

Columns VI through VII examine the robustness of our estimates to AR(1) and 

AR(2) models. The point estimates range from -0.79 to -0.85 and all are statistically 

indistinguishable from the point estimate in column I.  
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As demonstrated in Section 2.3.2 there have been substantial changes to trucks 

over the vehicles that comprise the light truck category. While consistent with our 

results for passenger cars, we leave these regressions to Appendix Table A.5. 

 

 

 

 

Table 2.3 Elasticity of Scrappage with Respect to Vehicle Price – Walker 2nd Stage 

  OLS   AR(1) AR(2)   Walker 

  I II III IV   V VI   VII VIII   IX 

Vehicle Ages: ≤15 ≤15 ≤15 ≤15   ≤10 ≤10   ≤15 ≤15   ≤15 

Ln(Price Index) 
-0.825***   -0.872*** -0.906***   -1.421*** -1.086***   -0.790*** -0.854***   -0.663*** 

(0.253)   (0.231) (0.254)   (0.489) (0.268)   (0.214) (0.224)   (0.170) 

Ln(Used Vehicle 

Price Index) 

  -0.779**                     

  (0.312)                     

Ln(Maintenance 

and Repair Cost 
Index) 

  0.740*                     

  (0.377)                     

Ln(GDP) 
    -.763*** -0.528*     -1.369***           

    (0.157) (0.288)     (0.223)           

Ln(Percent 

Imported) 

      0.115**     -0.120           

      (0.053)     (0.073)           

Ln(Steel Price) 
      0.071     -0.005           

      (0.068)     (0.091)           

Ln(Gasoline Price) 
      -0.273**     -0.500***           

      (0.128)     (0.131)           

Ln(Turnover Rate) 
0.956*** 0.877***   0.731***   1.956*** 0.923***   1.008*** 1.008***   0.663*** 

(0.187) (0.171)   (0.239)   (0.337) (0.208)   (0.150) (0.154)   (0.156) 

Constant 
2.834*** 2.824*** 7.379*** 7.084***   6.137*** 16.243***   2.966*** 2.958***   0.624*** 

(0.464) (0.447) (1.440) (1.986)   (0.854) (1.338)   (0.367) (0.376)   (0.142) 

L.ar                 0.423*** 0.341**     

                  (0.161) (0.151)     

L2.ar                   0.204*     

                    (0.111)     

N 31 31 31 31   31 31   31 31     

Notes: This regression estimates the second stage of Walker, (1968), specification (4), using 31 calendar years of observations. Values shown are coefficients 

from a regression of ln(scrappage) on the covariates listed. Turnover rate are calculated as new car registration over total car in use, for each year. Price Index is 
the ratio of the Used Vehicle Price Index and Used Vehicle Maintenance and Repair Cost Index constructed by the BLS with a base of 1982-1984. Robust 

standard errors are in parenthesis. * significant at 10%, ** significant at 5%, *** significant at 1%. 
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2.3.3 Instrumenting for Simultaneous Equations 

A potential concern in recovering the supply curve of scrappage is that shifts in 

both the demand and supply of used vehicles may result in biased estimates of the 

scrappage elasticity with respect to vehicle price. It is possible that shifts in supply 

could occur due to increased accident rates or changes in the behavior of used car 

dealers who make the decision to scrap or attempt to resell a vehicle.  

We address this concern by attempting to instrument for vehicle price using the 

introduction of the CAFE standard. Because CAFE regulates the fuel economy of new 

vehicles and decreases the availability of inefficient vehicles, consumers will 

substitute towards inefficient used vehicles as noted by Gruenspecht (1982). As can be 

noted in Figure 2.1, the introduction of the CAFE standard in the period from 1978 to 

1985 resulted in a substantial increase in the value of used vehicles. While it is 

difficult to exclude other possible explanations for this rise in vehicle prices, partly 

because the increase in CAFE standards was linear, we control for gasoline price as 

this is the most likely other cause of this increase in the price index. 

We estimate equation (5) using the level of CAFE as an instrument for vehicle 

price. Table 2.4 presents first and second stage estimates using two-stage least squares. 

Column I presents coefficients from our basic specification with a point estimate of -

0.609, which is statistically significant at the 10% level. With an F-statistic of 32, the 

instrument appears to be highly relevant.  Because the introduction of CAFE 

corresponded with large fluctuations in gasoline price, column II adds this regressor, 

however, the point estimate on Ln(Price Index) changes only slightly to -0.634, which 

is statistically significant at the 5% level.  These results suggest that shifts in supply 
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curve produce a relatively minor bias in our estimates as the instrumental variable 

estimates are statistically indistinguishable from our results using our basic 

specification.
25

  

 

2.3.4 Results from Gasoline Price Specifications 

Table 2.5 reports estimates of the marginal effect of gasoline prices on 

scrappage rates using equation (6). Controlling for only model year and age columns I 

through IV estimate, which are occasionally statistically different from zero, but in all 

cases suggest an inelastic response to changing gasoline prices.  These point estimates 

imply scrappage elasticities that range from 0.07 to 0.31 and the 95% confidence 

interval rejects an elasticity greater than 0.51.  Columns V and VI perform an 

                                                           
25 We also note that our results are nearly identical to those of Jacobsen and van Benthem (2013) who 

use another possible identification strategy that relies on disaggregate data, which is available in more 

recent years, to examine how gasoline prices capitalize into vehicle prices based on fuel economy 

ratings. Using this strategy they estimate this elasticity at -0.7 to -0.8. 

Table 2.4 Elasticity of Scrappage with Respect to Vehicle Price  

Instrument using CAFE Level 

  Instrumental Variables 

  I II 

      

Ln(Price Index) 
-0.609* -0.634** 

(0.323) (0.323) 

Ln(Turnover Rate) 
0.994*** 1.005*** 

(0.116) (0.122) 

Ln(Gasoline Price) 
  -0.030 

  (0.096) 

Constant 
2.953*** 2.997*** 

(0.308) (0.345) 

N 31 31 

      

  First Stage 

CAFE Level 0.605 0.611 

F-Stat 32.360 31.295 

R-Squared 0.577 0.567 

Robust standard errors are in parenthesis. * significant at 10%, ** significant at 5%, *** significant at 1%. 
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unbalance panel regression using an AR(1) process following Baltagi and Wu (1999).  

The marginal effect estimated in column VI is 1.506 and is statistically significant at 

the 5% level and suggests an elasticity of 0.28.  

 

In Table 2.6 column I we estimate this elasticity using equation (7). This 

specification accounts for the nonlinearity of scrappage rates, and suggests that 

aggregate scrappage does not react very much to gasoline prices with a point estimate 

at -0.13. This point estimate is the opposite sign of what we estimate using the linear 

specification but is not statistically different from zero. Columns II through IV 

Table 2.5 Robustness Test for Gasoline Price Elasticity – Linear Specification 

 

Basic Model 

 

AR(1) 

 
I II III IV 

 

V VI 

Gasoline Price 
1.29   0.69 0.38   1.27 1.506 

(0.912)   (0.522) (1.131)   (0.670) (0.608)* 

Gasoline Price 
Index  

0.024 

     
  (0.011)*           

Gross 

Domestic 
Product   

-0.003 

   
-0.004 

    (0.0000)***       (0.001)*** 

Percent of 

Import   
0.029 

   
0.028 

    (0.008)***       (0.006)*** 

Steel Price 
  

7.067 

   

7.620 

    (2.336)**       (2.594)** 

Turnover Rate 
   

-53.710*     

 
      (22.583)       

Constant 
13.653 12.235 54.835 17.889   16.642 36.884 

(1.721)*** (1.800)*** (7.703)*** (2.851)***   (0.425)*** (2.381)*** 

Rho 1           0.64 0.44 

Obs 312 312 312 312 

 

282 282 

Elasticity 0.24 0.31 0.13 0.07       

Notes: This regression presents OLS estimates following equation 6. Coefficients are reported from a 
regression of percent scrappage on the listed covariates. We also control for age and model year fixed 

effects. Elasticity are derived from coefficient of gas price. Newey-West standard errors with 8 lags are in 

parenthesis. Columns V and VI estimate an AR(1) process following Baltagi and Wu (1999) for an 
unbalanced panel with fixed effects. * significant at 5%, ** significant at 1%, *** significant at 0.1%. 
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examine the robustness of this estimate and generally suggest a negative and inelastic 

response to changes in gasoline price. The decrease in the point estimate when 

including GDP is particularly large suggesting that omitting income effects may bias 

this coefficient towards elastic values. Without these controls, gasoline prices will 

capture the substitution towards used vehicles that occurs during recessions. Columns 

V through VI show the results from AR(1) and AR(2) models, which, although still 

imprecise, are statistically indistinguishable from the basic model in Column I and 

range from -0.04 to 0.14. Ideally we would be able to instrument for gasoline prices 

but finding an instrument is difficult for several reasons. First, very few valid 

instruments for gasoline price have been found in the literature and those that do use 

them use recent supply shocks that are temporary (e.g. Hughes, Knittel, and Sperling, 

2008).
26

 While consumers may make short-run adjustments to VMT in response to 

these fluctuations, they seem less likely to make major capital investments based on 

transitory shocks, and there is evidence that consumers anticipate the return of 

gasoline prices to earlier levels during particularly salient shocks (Anderson, Kellogg, 

Sallee, and Curtin, 2011). Generally, we conclude from Tables 2.5 and 2.6 that the 

estimated elasticities are quite inelastic as they are always statistically different from 1 

but are sensitive to the model used. However, even the largest value estimated here, or 

in other papers, seems too inelastic to agree with any estimate of the scrappage 

elasticity with respect to vehicle price as we examine in depth in the next section. 

                                                           
26 These authors use supply disruptions from Hurricane Katrina as an instrument for gasoline price. 

While such temporary price shocks may encourage drivers to temporarily decrease the miles they drive, 

they seem less likely to have the scrappage effect that a permanent increase of the same magnitude 

would. Occasionally state level gasoline taxes are used but the scrappage market for used vehicles is 

national preventing us from using state level variation. 
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2.3.5 Comparison of the Elasticities of Scrappage with Respect to Vehicle and 

Gasoline Prices 

According to economic theory, there should be a direct relationship between 

the scrappage elasticities with respect to vehicle and gasoline price. A change in 

gasoline price will change the operating cost of the vehicle. If consumers are rational 

gasoline price changes will be capitalized into the used vehicle price. This allows us to 

Table 2.6 Elasticity of Scrappage with Respect to Gasoline Price  

– Walker 2
nd

 Stage 

  Basic Model   AR(1)   AR(2) 

  I II III IV   V   VI 

Ln(Gas Price) 
-0.13   -0.12 -0.08   0.07   -0.04 

(0.110) 
 

(0.109) (0.144)   (0.155)   (0.110) 

Ln(Gasoline 

Price Index) 

  -0.12             

 
(0.107) 

  
        

Ln(Gross 

Domestic 

Product) 

    -0.25 -0.11         

  
(0.079)*** (0.087)         

Ln(Percent of 

Import) 

      0.00         

   
(0.102)         

Ln(Steel Price) 
      0.04         

      (0.090)         

Ln(Turnover 

Rate) 

0.89 0.88 
 

0.69   1.13   1.05 

(0.304)*** (0.319)***   (0.421)   (0.254)***   (0.243)*** 

Constant 
2.76 3.25 2.58 2.94   3.33   3.16 

(0.752)*** (0.373)*** (0.652)*** (0.786)***   (0.637)***   (0.599)*** 

rho 1 - - - -   0.57   0.48 

rho 2 - - - -   -   0.05 

Obs 31 31 31 31   31   31 

Notes: This regression estimates the second stage of Walker (1968), specification equation (4), using 31 
calendar years of observations.. Values shown are coefficients from a regression of ln(scrappage) on the 

covariates listed. Turnover rate are calculated as new car registration over total car in use, for each year. 

Vehicle price index is the ratio of the Used Vehicle Price and Used Vehicle Maintenance and Repair Cost 

indices constructed by the BLS with a base of 1982-1984=100. Robust standard errors are in parenthesis. * 

significant at 10%, ** significant at 5%, *** significant at 1%. 
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compare our estimated elasticities. To the extent that these two elasticities do not 

provide consistent results may be evidence of undervaluation in the discounted future 

fuel costs of operating a vehicle, also known as the ‘energy paradox.’ To evaluate this 

we change the gasoline price by    .  We then equate the change in scrappage that 

would occur through this gasoline price change with the change in scrappage that 

would occur if this gasoline price change were fully capitalized into the price of the 

vehicle.    

    
   

  
       [∑

      ∏       
   
             

    ]                                 (8) 

For the scrappage elasticity with respect to gasoline price,    , we adopt the 

value of 0.31 from our linear specification in Table 2.5 Column II as this is the largest 

positive value we estimate.
27

 The expression in brackets is the change in discounted 

lifetime operating cost. For the discount rate,  , we use 5%. Values estimated by Polk 

and the Bureau of Transportation Statistics put the mean fuel economy,    , of used 

vehicles at 23.8 mpg, vehicle price,   , at $8,786.
28

 Annual mileage,     , is taken 

from Lu (2006). From these values we can calculate the undervaluation,  , that must 

exist to rationalize these numbers. We find that consumers underreact to changes in 

gasoline price although we cannot reject full valuation. The estimated scrappage 

elasticity with respect to vehicle price,    , of our basic model in Table 2.3 column I, -

0.83, suggests that consumers recognize only $0.68 of a $1 increase in operating cost. 

                                                           
27 Smaller values indicate more undervaluation. 
28 This calculation is done for a representative used vehicle which is, according to Polk, 11 years of age. 

The base gasoline price is $3. Vehicle scrappage rates uses our estimates from 1980-1987, section 2.4.3 

discusses the sensitivity of this statistic to using other years for estimation of the vehicle lifetime.  
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Using the lower estimate of -0.61 from our specification in Table 2.3 column III 

suggest they recognize only $0.92 of a $1 increase.
29

   

These calculations are, of course, sensitive to assumptions and the error may 

not be isolated to one element. They are, however, similar to other estimates of this 

undervaluation studied through alternative methods (Helfand and Wolverton, 2010; 

Greene, 2010).  

2.4 Further Discussion 

Estimates presented above have implications for nearly all studies of the used 

vehicle market. Here we focus on the implications for several particularly active areas 

of research including CAFE standards, gasoline taxes, and the energy paradox. Here 

we provide several back-of-the-envelope calculations attempting to show the 

importance of our estimates for these studies.  

2.4.1 Implications for CAFE Standards 

To predict the potential gasoline savings of CAFE, it is important to 

understand the rate at which aging removes old vehicles from the road. 

Problematically, these vehicle lifetimes may be based off of scrappage curves that are 

several decades old. In order to estimate vehicle lifetimes, one must observe the full 

scrappage curve of a specific model year until most of the vehicles have been scrapped, 

which may take several decades. The estimates of vehicle lifetime presented in section 

2.3.1 suggest that vehicles several decades old may have considerably shorter lifetimes 

                                                           
29

 Using our largest scrappage elasticity with respect to gasoline price across all specifications,-1.421 

from Table 3 column V, suggests a valuation of $1.13.  



 

45 
 

than those vehicles produced today. Longer vehicle lifetime could substantially 

impede the diffusion of new vehicles influenced by CAFE into the used vehicle fleet. 

To illustrate how longer vehicle lifetimes may impede this diffusion we predict 

the fuel economy profile of the used vehicle market using two scrappage curves 

estimated 30 years apart.
30

 This gives some indication of how much discrepancy may 

occur between the predicted levels of fuel economy based on an outdated scrappage 

curve and the true scrappage curve that recognize the technology change during the 

intervening years. To simplify this calculation we focus on the passenger car segment, 

which has a separate, higher standard than the light truck segment under CAFE. 

Historically CAFE has mandated that manufacturers achieve 27.5 mpg on average for 

passenger cars or pay fines based on the shortfall.
31

 For our simulation, we generate an 

initial fleet that uniformly meets the 27.5-mpg standard and predict how quickly a new 

fleet produced at a uniform 40 mpg affects the used vehicle market.
 32

  Using a shorter 

vehicle lifetime will imply these changes in the new vehicle fleet will change the used 

vehicle fleet faster than when using a longer vehicle lifetime. The fuel economy of the 

average used vehicle over time is presented in Table 2.7 and plotted in Figure 2.6. The 

dashed blue line in Figure 2.6 projects the average fuel economy using the older 

scrappage curves, which imply shorter vehicle lifetimes, while the red solid line shows 

the outcomes under the newer scrappage curve, which imply longer vehicle lifetimes. 

                                                           
30 Specifically we use Walker’s Postwar (1952-1957) estimates for the old scrappage curve and our 

estimates from 1980-1987 as the new scrappage curve. 
31 For passenger cars the old CAFE standard required a minimum average fuel economy of 27.5 mpg. 

This standard has been changed and started to increase in 2011. Additional changes to the standard 

allowed for a flexible target based on the footprint of the vehicle. These changes may affect magnitudes 

but not the qualitative conclusions of this calculation. 
32 We generate this population by projecting a fleet back in time assuming each year 10,000 vehicles are 

produced and are reduced by the estimated scrappage curve at each age. 
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The old curve suggests that the higher CAFE standard will affect the used vehicle 

market much faster than the new curve and is over optimistic about the speed at which 

CAFE can affect the fuel economy of the used vehicle fleet. Table 2.8 shows that 

some intermediate targets, like 35 mpg, can take a full four years longer to achieve 

using our new scrappage profiles.  

 

 

Year Short Lifetime Long Lifetime

1 28.39 28.15

2 29.33 28.8

3 30.33 29.48

4 31.38 30.17

5 32.47 30.88

6 33.58 31.61

7 34.67 32.34

8 35.7 33.07

9 36.61 33.8

10 37.38 34.51

11 38 35.19

12 38.49 35.83

13 38.87 36.42

14 39.16 36.96

15 39.37 37.44

16 39.54 37.86

17 39.66 38.22

18 39.75 38.53

19 39.81 38.79

20 39.86 39

Table 2.7 Average MPG of Fleet after CAFE Increase

Notes: Suppose there are 40 years of vehicle production, with 10,000 cars

each year. For the first 20 years, average MPG is 27.5. In year 21, introduce

CAFE standard as 40. The two columns show the expected average MPG

trends in 20 years after the introduction of CAFE, based on short and long

lifetime, respectively.
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Figure 2.6: Fleet Average MPG Predictions from CAFE Increase 

Notes: Simulation assumes an initial fleet achieves an average mpg of 27.5 mpg. 10,000 cars each year and older vehicles are 
scrapped according to the engineer scrappage rates of the older, shorter vehicle lifetime or the new, longer vehicle lifetime. In 

year 1 a new CAFE standard of 40 mpg is introduced. The two curves show the expected average mpg levels achieved over a 20 

years period. 
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A second back-of-the-envelope calculation shows this delay from another 

perspective. Policy makers may want to know what CAFE standard is needed to 

increase the fuel economy of the whole fleet above a particular target within a set time 

frame. In Table 2.8 we calculate the CAFE standard required to achieve a variety of 

fleet targets within 10 or 15 years assuming that the fleet starts at an average of 27.5 

mpg. For example using the old scrappage curves it will take a CAFE standard of 42.7 

to achieve a fleet average of 40 within ten years. But the new scrappage rates suggest 

Short Lifetime Long Lifetime Short Lifetime Long Lifetime

30 30.4 31.4 30.1 30.5

31 31.6 33 31.2 31.6

32 32.8 34.7 32.2 32.8

33 34 36.4 33.2 34

34 35.2 38.2 34.3 35.3

35 36.4 40.1 35.3 36.5

36 37.6 42 36.4 37.7

37 38.9 44.1 37.4 39

38 40.1 46.2 38.4 40.3

39 41.4 48.4 39.5 41.6

40 42.7 50.7 40.5 42.9

41 44 53.1 41.6 44.2

42 45.3 55.5 42.7 45.5

43 46.6 58.2 43.7 46.9

44 47.9 60.9 44.8 48.3

45 49.3 63.7 45.8 49.7

46 50.7 66.7 46.9 51.1

47 52 69.9 48 52.5

48 53.4 73.2 49 53.9

49 54.8 76.7 50.1 55.4

50 56.3 80.4 51.2 56.8

Table 2.8 The Required CAFE Standard to Achieve Various Fleet MPG 

Targets

Average MPG 

Target

10 years  15 years

Notes: Simulation assumes an initial fleet achieves an average mpg of 27.5 mpg. 10,000 cars each year and

older vehicles are scrapped according to the technical scrappage rates of the older, shorter vehicle lifetime or

the new, longer vehicle lifetime. In year 1 a new CAFE standard of 40 mpg is introduced. The two curves

show the expected average mpg levels achieved over a 20 years period.



 

49 
 

that the correct CAFE standard to achieve this goal is 50.7. Increasing the standard by 

8 miles per gallon is likely to be expensive. Extrapolating the engineering cost curves 

for the subcompact category of car, a car that can achieve that target at lower cost than 

other vehicles (NRC 2002), suggest this 8-mpg improvement would cost at least 

$1,000 more per vehicle.
33

  As the target becomes more aggressive, the discrepancy 

becomes larger. To achieve a fleet average of 50 mpg within 10 years, the older 

scrappage curves would only require a CAFE standard of 56.3 while the newer curve 

would require a standard in excess of 80 mpg. The final pair of columns shows that as 

the time frame is extended to 15 years, an age where most vehicles have been 

scrapped, this discrepancy decreases but is still surprisingly large. For example to 

achieve 40 mpg in 15 years the old curve would require the CAFE standard to be 40.5 

while the new curve suggests the standard would need to be 42.9.  

There are additional effects that may undermine higher CAFE standards 

further. Because CAFE reduces the supply of inefficient new vehicles, consumers may 

substitute towards inefficient used vehicles increasing their price (Gruenspecht, 1982). 

This will reduce their scrappage rate, an implication examined in depth by Jacobsen 

and van Benthem (2013).  The inelasticity of this parameter suggests that accurately 

modeling vehicle lifetime is of first order importance, as most scrappage will occur 

due to age-related, exogenous scrappage rather than policy induced endogenous 

scrappage.  

                                                           
33

 Alternatively the cost of this higher target can be calculated using the coefficients from the hedonic 

cost study by Berry, Kortum, and Pakes (1996) and converting to 2012 dollars. The higher target would 

cost $1,400 more per vehicle using these estimates rather than $1000 estimated from the engineering 

cost curves in the NRC (2002) study.  
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2.4.2 Implications for Gasoline Taxes 

Our estimates of the scrappage elasticity with respect to vehicle price also have 

implications for the ability of gasoline taxes to improve fuel economy. Equilibrium 

models of the automobile market have generally used scrappage elasticities with 

respect to vehicle price that range from -3 to -6, or assumed this value to be zero. This 

elasticity is particularly important for gasoline taxes because a major effect of gasoline 

taxes is to increase the operating cost of inefficient used vehicles and decrease their 

price. By preferentially scrapping inefficient used vehicles, the average fuel economy 

of this market rises faster than would occur with aging alone.  

To illustrate this we show how this parameter choice can affect predicted 

policy outcomes in Table 2.9. Bento et al. (2009) calculates the increased scrappage 

from a 25-cent gasoline tax using a price elasticity of -3 under three revenue-recycling 

methods. This value is based on a local scrappage policy studied in Alberini et al. 

(1998). Table 2.9 presents results for each revenue-recycling method using our lower 

price elasticity of -0.83. We find the scrappage rate would have increased by only 

0.10%, rather than the 0.35% simulated in the original study. The 95% confidence 

intervals show this new scrappage rates are statistically different than 0.35% and from 

0%, the value implied if the elasticity were assumed to be 0.
34

  While this value 

                                                           
34

 Using one of our larger estimates from Table 3 Column VI of the scrappage elasticity with respect to 

vehicle price, -1.086 gives a value of -0.13% while the lower value in Table 4 Column I of -0.609 gives 

a change of -0.08%. 
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implies nearly 460,000 vehicles fewer would be removed than using the elasticity of -

3, it is nearly 175,000 more than if this elasticity is assumed to be 0.
35

 

 

 This calculation illustrates that a low scrappage elasticity with respect to 

vehicle price reduces the ability of gasoline taxes to influence the used vehicle market 

and increases the role of scrappage due to aging. This implies that the CAFE standards 

and gasoline taxes are somewhat closer in terms of efficiency than previous literature 

suggests. 
36

   

2.4.3 Implications for Studies of the Energy Paradox 

As discussed in section 2.3.5 above, economic theory suggests a rational 

consumer will pay $1.00 more for a vehicle that reduces discounted future fuel costs 

by $1.00 but consumers seem to undervalue these reductions in future fuel cost. 

Empirically there has been considerable disagreement of the magnitude of this 

                                                           
35

 This calculation only captures savings due to scale effects that reduce the total number of cars on the 

road and does not capture any compositional effects of scrappage. It also omits any equilibrium price 

effects that may occur. 
36

 It is important to note that this does not imply that the two policies are identical in terms of gasoline 

savings. The CAFE standard increases the use of vehicles because improving the fuel economy of the 

fleet without increasing the price for driving results in more vehicle miles traveled, a phenomenon 

commonly referred to as the rebound effect (Small and Van Dender, 2007). The two policies also 

produce different results in the new vehicle market as CAFE implicitly taxes inefficient vehicles and 

subsidizes efficient ones (Kwoka, 1983).  

Bento et al. 2009 Change in 

Used Car Ownership

Implied Percent Change in 

Price with Elasticity of -3

Change in Used Car Ownership 

with Elasticity of -0.74

Flat Recycling of $0.25 gas tax -0.35% -0.09%

[-0.13, -0.05]

Income-based recycling of $0.25 gas tax -0.37% -0.09%

[-0.13, -0.05]

VMT-based recycling of $0.25 gas tax -0.39% -0.10%

[-0.14, -0.05]

Table 2.9 Impact on Used Car Retention Simulating a Gasoline Tax

Notes: Values taken from Table 7 of Bento et al. (2009). Excludes general equilibrium effects on price of higher retention rates. Values in 

brackets below represent 95% confidence intervals that incorporate the standard errors on log(Vehicle Price Index) from column I of Table 3.

0.13%

0.12%

0.12%
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undervaluation (Helfand and Wolverton, 2010; Greene, 2010) ranging from $0.25 

(Kilian and Sims, 2006) to $0.76 (Allcott and Wozny, 2012) to full valuation of $1.00 

(Sallee, West, and Fan, 2012). We also found evidence of undervaluation using our 

estimated scrappage elasticities but our estimate of the increase in vehicle lifetime also 

has implications for this debate. 

To properly evaluate the benefit of efficiency improving technology, both 

consumers and the researcher must specify how long a vehicle is likely to last. Longer 

vehicle lifetimes will increase the likelihood that consumers will realize the returns of 

a technology that improves fuel efficiency. Generally, researchers have applied 

scrappage rates to these calculations that are several decades old (Lu, 2006). To give 

some insight into the magnitude of error this may generate in these calculations we 

examine the value to the consumer of a technology that increases fuel economy from 

20 to 30 mpg under two scrappage curves estimated 30 years apart.
37

 When using the 

older scrappage curve with shorter vehicle lifetime, we find that the value of the 

technology is $5663.50 while using the newer curve with a longer vehicle lifetime 

provides a benefit of $6075.10. If the researcher uses a shorter vehicle lifetime to 

assess the value of this technology while consumers use longer vehicle lifetimes, the 

researcher will bias the results 7% towards overvaluation. Conversely consumers may 

form their expectations of vehicle lifetime off their last (shorter lifetime) vehicle, 

while the researcher uses newer longer vehicle lifetimes. Given the example above, 

this would result in 7% undervaluation.  

                                                           
37

 For this calculation we assume a gasoline price of $3 and annual VMT according to Lu (2006). 
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2.5 Conclusion 

Despite the large size of the used vehicle market and its importance to policies 

such CAFE and gasoline taxes, relatively little attention has been paid to the 

parameters used to model it. Our essay shows that the lifetime of passenger cars has 

continued to increase for much of the past century. Using a nonlinear specification we 

estimate that the average lifetime of passenger cars has increased from about 10 years 

in the 1950s to about 14 in the 1980s. We also estimate that the scrappage elasticity 

with respect to vehicle price is -0.83 and lies between -0.61 and -1.42, which is 

statistically different from 0 and -3, the two most commonly used values.  

 Our findings have several important policy implications. The increased vehicle 

lifetimes we estimate imply that the updated CAFE standards may take several years 

longer to affect the used vehicle fleet than otherwise predicted. We also show that our 

estimate of the scrappage elasticity with respect to vehicle price reduces the ability of 

gasoline taxes to remove used vehicle by 71%. These estimates are also useful for 

examining the value consumers place on technology that reduces the future fuel cost 

of vehicles. The scrappage elasticities with respect to vehicle and gasoline prices we 

estimate suggest that consumers may only recognize $0.68 to $0.92 for every $1 

change in future gasoline costs. We also show that failing to account for the increase 

in vehicle lifetime when calculating the discounted future fuel costs for vehicles may 

result in over or underestimates of the energy paradox of 7%. 

There are also important implications for a variety of other programs. Longer 

vehicle lifetime suggests standards for local pollutants, which are placed on new 

vehicles only and therefore have relatively high costs (Small and Kazimi, 1995), will 
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take longer to affect the entire fleet of vehicles. Inspections and maintenance programs, 

which focus on pollution reductions for the oldest vehicles (Ando, McConnell, and 

Harrington, 2000b), may become more important for achieving emission reductions. 

Alternatively policy makers may seek to incentivize manufacturers to build vehicles 

with emissions reducing technology that lasts the life of the vehicle, which other 

authors have found to be particularly effective (Harrington, McConnell, and Ando, 

2000). Our evidence of increasing vehicle lifetime and low scrappage elasticity with 

respect to vehicle price also suggest that it may be difficult to use policy to remove the 

large quantity of fuel inefficient vehicles that built up over the low gasoline prices of 

the past decades. If the past is any indicator many policies will be implement to reduce 

emissions from used vehicles and the parameters estimated here may help policy 

makers to accurately evaluate these programs in the coming years. 
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Chapter 3 The Impact of the 1982 NYC Parking Zoning Regulation 

Change on Vehicle Density, Housing Density and Population 

Density
38 

3.1 Introduction 

Urban economists have long been concerned about the impact of quantity regulations 

on the supply of housing (Green, Malpezzi and Mayo, 1999; Mayer and Somerville, 

2000; Quigley and Raphael, 2004; Glaeser, Gyourko and Saka, 2005). Originally 

designed to help foster efficient use of the transport systems, strong economies, lower 

emissions, and higher density (Marsden, 2006), minimum parking requirements have 

not achieved these goals. Ample studies have shown that minimum parking 

requirements subsidize the operating cost and hence increases use of automobiles 

(Shoup, 1997; Shoup 2005; Weinberger, Seaman and Johnson, 2009; Russo, 2001; 

Willson, 1995). It also makes transit less viable (Henderson, 2009; Russo, 2001) and 

leads to congestion. Consequently, they harm the environment (Henderson, 2009; 

Noble and Jenks, 1996; Russo, 2001; Shoup, 2005; Willson, 1995). Most importantly, 

research has shown that the minimum parking requirements restrict housing 

development by making the marginal unit unprofitable, which manifest as lower 

housing unit density and higher housing prices (Russo, 2001; Shoup, 1997; Shoup, 

1999; Klipp, 2004; Shoup, 2005; Willson, 2005; Cherry, Deakin, Higgins and Huey, 

2006; Manville 2013; Manville, Beata and Shoup, 2013).  

                                                           
38

 In collaboration with Prof. Michael Manville. 
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Aware of the unintended consequences from minimum parking requirements, 

planners are beginning to scrutinize the practice of parking regulation. Seattle, 

Washington, San Francisco, California, Portland, Oregon, and New York City have 

either reduced the amount of residential parking that developers are required to 

provide, or eliminated minimum parking requirement entirely, hoping to discourage 

auto-dependency. Sherman (2004) finds that residents living in neighborhoods without 

minimum parking requirement are more likely to use non-auto modes. By comparing 

Los Angeles and New York City, Manville et al (2013) finds that high parking 

requirement correlate with more vehicle ownership and higher vehicle density. The 

biggest impact, however, will likely be on housing. Manville et al (2013) found that 

vehicle density is negatively correlated with housing density and population density. 

Manville (2013) suggests that removing the mandate parking may increase housing 

density and variety. 

Traditional estimates of parking regulation impact on vehicle density and 

housing density have relied primarily on cross sectional analyses. The precise impact 

of parking requirements can be hard to measure because they are so ubiquitous, and 

because places with different parking requirements tend to be quite different from 

each other. This makes comparisons hard and also creates trouble with omitted 

variables, one of which is that some people who prefer lower density residents and 

more driving might move to places with high parking requirements.  

We address these problems by observing a change in parking requirements at 

one place over time and a Difference-In-Difference model would enable us to capture 
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any existing trends for two similar groups while cancelling out fixed yet unobservable 

effects that usually bias cross sectional regressions. New York City provides a 

compelling setting for this particular research design. In 1982, New York City 

amended its residential parking zoning regulation in Community Districts (CD) 

(Figure 3.1)1 through 8, known as the “Manhattan Core” – Manhattan below 96
th

 

Street on the east side of Central Park and 110
th

 Street on the west side. The 

amendment replaced minimum parking requirements with maximum parking 

allowances for new residential development. Before 1982, the city required developers 

to provide a set number of on-site parking spaces with each new housing unit they 

built in Manhattan; since 1982, on-site parking for developments in Manhattan Core is 

optional and subject to strict limits on the number of parking that can be provided – no 

more than 20% of the number of residential units in CD 1 through 6 and no more than 

35% in CD 7 and 8. Minimum parking requirements remained in place in CD 9 

through 12.  

This essay seeks to provide estimates of effect removing minimum parking 

requirement has on housing development and vehicle density. The former is critical 

because removing the minimum parking requirements directly affect the cost of 

supplying housing units. We expect to see denser housing development given the well 

documented effects of minimum parking requirements. Since vehicle density and 

housing density usually correlate with population density, we also explore the policy 

effect on population density. 
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The basis for our DID analysis is Census Tracts data from 1970, 1980 and 

1990. The Manhattan Core, CD 1 through 8, constitutes the treatment group in the 

analysis, whereas CD 9 through 12 is the control group. Controlling for the difference 

in race and income, the control group is quite similar to Manhattan Core in terms of 

vehicle ownership and density trends before the policy change. 

The DID analyses suggest that eliminating minimum parking requirements 

increases housing density in CD 1 through 8 by about 11,000 per square mile, or 23%. 

Due to rapid growth in housing density, and no significant change in vehicle 

ownership, vehicle density grows by about 13%. The policy doesn’t appear to affect 

population density. We suspect this is because households attracted to CD 1 through 8 

tend to be smaller.  
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Figure 3.1 Manhattan Community Districts 

One major policy implication this essay provides is that for policy makers who 

want to benefit from denser housing should consider removing minimum parking 

requirement. All else equal, removing parking requirements reduces the cost of 
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housing supply, which can make housing more affordable. Second, for urban 

communities that want to have a greater variety of housing, including smaller units 

that traditionally have not been as common, removing parking requirement will be 

quite effective in achieving their image goal. Finally, eliminating minimum parking 

requirements separates the cost of parking from housing rent; hence it may discourage 

vehicle ownership.  

The essay is laid out as the following. Section 3.2 describes the parking 

regulation in New York City and the data we use. In section 3.3 we explain the 

expected policy effects and introduce the DID model we use to estimate these effects. 

Section 3.4 provides results and robustness checks and it is followed by a discussion. 

3.2 Background and Data 

3.2.1 Parking Regulation in New York City 

New York City introduced minimum off-street parking requirements in its Zoning 

Resolution for new residences in 1950s in response to neighborhood concerns about 

overuse of on-street parking. In 1970, Congress adopted the Clean Air Act. In 

response, New York City adopted a Transportation Control Plan (TCP) in 1973, 

setting the goal of reducing off-street parking in the Manhattan Central Business 

District (CBD), covering the area of Manhattan below 60
th

 Street, by 40%. In 1982, 

the City Planning Commission adopted an amendment to the Zoning Resolution 

(Article I, Chapter 3) which eliminated parking requirements and introduced parking 

maximums to limit the amount of off-street parking spaces constructed in the 

Manhattan Core. The logic is that by reducing the supply of off-street parking spaces 
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in the Core, which encompasses Manhattan’s densest residential areas and the 

Midtown and Downtown business districts, the policy encourages the use of mass 

transit, and reduces the number of vehicles entering the Core. It is important to note 

that the goal of parking maximum allowances is to set an upper bound for off-street 

parking spaces which indirectly discourages vehicle usage. We choose housing density 

to be our primary variable because it is more directly affected by the policy.  

Within the Manhattan Core, the maximum parking requirement is 0.2 parking 

spaces per dwelling unit for residential development in CD 1 through 6, and 0.35 in 

CD 7 and 8. Affordable housing projects are the exception; they are required to 

provide a minimum of 0.12-0.25 parking spaces per dwelling unit, depending on 

subsidy type, up to 200 spaces. For commercial (office and retail) development, the 

maximum number of spaces allowed is one for every 4,000 square feet or 100 spaces, 

whichever is less. The 1982 regulations only affect new developments and additions, 

whereas prior to 1982 the creation of new parking in existing buildings was required. 

In addition, the 1982 regulations require special permits for parking spaces built above 

the set maximums, as well as new parking in existing buildings. Public parking 

garages are allowed only by special permit, and new surface public parking lots are 

prohibited in prime commuter areas such as Lower Manhattan and Midtown except by 

special permit. 

Outside the Manhattan Core, parking remains regulated by parking minimums 

according to zoning district and by use within each district. Parking minimum 

requirements vary from 0.4 to 0.5 spaces per dwelling unit, depending on district. This 
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was determined by a combination of factors such as distance from the Manhattan Core, 

and access to public transportation and density. Minimum requirements in NYC are 

much lower than those in other cities. In addition, substantial reductions or waivers are 

available in medium- and higher- density districts. Therefore, the policy impact we 

found in the NYC case could be a lower boundary. 

3.2.2 Data Description 

We collect household data on the Manhattan’s Census tract level from the Geolytics 

Neighborhood Change Database (NCDB) from 1970 to 2000. NCDB is at the census 

tract level, including detailed data of population, household, race, housing 

characteristics, income, poverty status, and other variables.  NCDB provides occupied 

housing units with no car, 1, 2, and 3 or more vehicles available.  For estimates in this 

essay, 3 or more vehicles are calculated as 3 cars. We also tried to assign 3.2, 3.4, 3.6 

and 3.6 for 3 or more cars. The results are very similar. All tracts are normalized to the 

2000 definitions. There are 296 tracts on Manhattan
39

. 

 Table 3.1 provides summary statistics of the data set. The first three columns 

give the average value for CD 1 through 8 in 1970, 1980 and 1990
40

, while the last 

three columns give that of CD 9 through 12.  

                                                           
39 Tracts that have non-zero household for the treated group in 1970, 1980 and 1990 are 175, 180 and 

182, respectively. Tracts that have non-zero household for the control group remains 105 across the 

years. 
40

 The income is adjusted to inflation. 
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As shown in Table 3.1, the policy border is a big socioeconomic boundary.  

The area above the border was much less white, and much less wealthy, than the area 

below. Without controlling for race, income and potential CD specific trends, housing 

density was falling north of the border prior to the policy change, and increasing 

(albeit slowly) south of the border.  

Despite the socioeconomic difference, the treated and the control groups are 

similar in terms of vehicle ownership before 1982. The share of household that had no 

cars is both at about 80% and vehicle- per-household is about 0.2.  

3.3 Empirical Strategy 

3.3.1 Potential Policy Effects 

Parking requirements directly affect the supply of housing. Therefore, we 

choose housing density as our primary dependent variable. Housing density in each 

census tract can change through new construction, demolition, or converting 

commercial or industrial buildings to residential use. Since vacant land is scarce in 

Manhattan, new construction usually requires demolition. Because removing 

minimum parking requirement reduces construction costs for developers, developers 

1970 1980 1990
1980-1990 

Change(%)
1970 1980 1990

1980-1990 

Change(%)

Housing Density 44,899 47,769 51,014 7% 42,568 40,053 37,048 -8%

Vehicle Density 9,909 9,345 11,087 19% 8,672 6,658 6,734 1%

Population Density 86,366 82,277 85,152 3% 108,757 88,413 90,596 2%

Tract Poverty Rate 13.9% 17.6% 15.2% -14% 22.6% 34.1% 33.9% -1%

Share of Households without a Car 79.4% 80.2% 76.5% -5% 80.1% 83.0% 80.8% -3%

Average Vehicle per Household 0.21 0.20 0.24 20% 0.20 0.17 0.20 18%

Average Number of People Per Household 2.10 1.90 2.14 13% 2.69 2.65 3.03 14%

Average Household Income 45,426 37,804 66,631 76% 25,578 18,584 25,078 35%

Share Black 7.20% 8.20% 9.40% 15% 52.80% 53.70% 54.40% 1%

CD 1 - 8 CD 9 - 12 

Notes: Income is adjusted to the 1990 dollar. 

Table 3.1 Key Variable Statistics
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are likely to provide more housing units than under the minimum parking requirement.  

Conditional on the demand difference on either side of the policy border, we expect an 

increase in the difference of the housing density from our estimate.  

Since NYC removed minimum parking requirement to discourage vehicle 

ownership, we also expect to see a decrease in difference of vehicle density between 

the two groups after controlling for existing trends. Given that we expect an increase 

in housing density and if average vehicle per household remain the same, it should not 

be surprising to see that the observed vehicle density (Table 3.1) actually increases 

over time. However, if removing minimum parking requirement is indeed effective in 

restricting vehicle ownership as designed, CD 1 through 8 would become attractive to 

people without a car, which indicates that vehicle density may very well be declining 

after controlling for the trends. 

What’s the policy impact on population density? As we expect the housing 

density to increase, and population density usually being positively correlated with 

housing density, we would expect population density to rise as well, unless the number 

of people per household declines.  

3.3.2 Empirical Model 

In our Difference-in-Difference model, we use CD 9 through 12 as the control group 

for CD 1 through 8 to test the following hypothesis: removing minimum parking 

allowance would (a) increase housing density, (b) decrease vehicle density and (c) 

increase population density. Our DID regression estimates how replacing parking 

minimums with maximums would affect these two densities. Causal interpretation 
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hinges on the identifying assumption that after controlling for household attributes, 

unobserved housing demand and supply shock from 1970 to 1990 are the same across 

Manhattan. Section 3.3.3 presents analysis suggesting that this key assumption is 

plausible and that CD 9 through 12 is a valid control group. 

The regression model Eq. (1) is based on decennial densities by census tract. 

Let i index the census tract, and t index year. We define an observation as a tract-year 

and use it as the index.     is the dependent variable, i.e. housing density and vehicle 

density. We define pkmax as the policy dummy, equal to one for post-policy treated 

group, i.e. CD 1 through 8 after 1982 and zero otherwise. Time fixed effect   , CD 

fixed effects
41

     and household attributes     help identify the policy impact by 

controlling for observed and unobserved CD trends. In particular, we control for 

average household income and share black in each tract. This is because, as shown in 

Table 3.1, these two factors highlight the major differences above and below the 

border. Therefore, controlling them is most likely to capture any regional trends that 

happen to correlate with the policy border. 

                                                             

  is the coefficient of interest – how much more housing units and population 

density does removing minimum parking requirement induce and how much vehicle 

density does it discourage? However, interpreting these coefficients as causal policy 

effects hinges on the assumption that the control group is valid.  

                                                           
41

 In an alternative specification, we control for the census tract fixed effect. The results are the same in 

general. Since controlling for census tract cost too much degree of freedom, we present the 

parsimonious model with CD fixed effect.  
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3.3.3 Justification for Control Group 

In this section, we provide qualitative and quantitative support for using CD 9 through 

12 as the control group. 

 Manhattan as an island makes it an ideal experiment. Manhattan Island is 

unique and census tracts within share more common with each other than with any 

other tracts elsewhere. They are governed under the same borough representatives, 

therefore under the similar political as well as economical influence, minimizing the 

macro level unobservable. One particular factor that may impact the housing 

affordability and vehicle ownership is accessibility to public transit. The subway lines, 

which have been constructed over a hundred years ago, along with the bus routes, 

stretch conveniently to every part of the island. More importantly, they haven’t 

changed during the time we examine. The average distance to the nearest subway 

station for the control group and treated group are very similar but yet statistically 

different, about 1160 feet with a standard deviation of about 970 feet, and an average 

distance of 900 feet with a standard deviation of 700 feet, respectively. Since the 

distance to subway has not changed, it falls out the DID analysis by construction. 

 The fundamental identifying assumption for DID is that both groups display 

the same density trends before and after 1982 had the amendment not happen. We 

cannot test this assumption directly. Nevertheless, we can take advantage of the data 

before the policy change to examine the differences in pre-existing trends of factors 

that correlates with vehicle ownership. Similarity before 1982 would support the 

assumption that the trends are the same during and afterwards had the maximum 
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allowance not been put in place. A noticeable difference between the two groups, as 

shown earlier in table 3.1 is that CD 9 through 12 having a lower average household 

income, higher poverty rate and higher share black, suggesting the importance of 

controlling for these three factors. Figure 3.2 shows the residual trends for the three 

dependent variables after controlling for average household income, poverty rate and 

share black. Similarity of the residual trends would indicate that unobserved variables 

probably are not biasing our estimates because they are not correlated with the policy 

border. Figure 3.2 panels (a), (b) and (c) display the residual for housing density, 

population density and vehicle density, respectively. It appears that pre-1982 vehicle 

density of both groups track each other quite well. In terms of the housing density 

trends, the treated group has a slightly faster pace. This may lead to an overestimation 

of our housing density result, but given the magnitude, it should not be problematic. 

Population density seems to be dropping for both groups, with control group dropping 

faster. This could potentially lead to an overestimation of our population density 

results had it been significant.  

 

Figure 3.2a Housing Density Residual by Policy Border 
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Figure 3.2 a Population Density Residual by Policy Border 

 

         Figure 3.2 b Vehicle Density Residual by Policy Border 

 Another important assumption is that no other factors that may affect the 

dependent variables and are immune to the policy have changed after 1982. Table 3.1 

showed that the two main factors, namely household income and race, which may 

affect housing density and vehicle density, remain relatively stable across the years. 

Other than the 1982 amendment, there isn’t other policy change that we believe could 

affect either density. 
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 The last assumption of DID is that removing minimum parking requirement 

does not affect the control group. As we mentioned before, the policy border is to 

some degree a socioeconomic boundary. Even the cost of housing development is 

cheaper on one side, the neighborhood identity, land value, land availability and other 

amenities could be too different to lure developers for relocation. The policy may 

cause CD 1 through 8 become less attractive for people with cars, but this does not 

necessarily mean that north of the border is more attractive to them given that people 

have other choices such as Brooklyn, Queens and Jersey City. Similarly, the treated 

region may be more attractive to non-family household. This would not necessarily 

alter the trend for CD 9 through 12. 

3.4 Estimation Results  

3.4.1 The Difference-In-Difference Results 

Table 3.2 reports parameter estimates and standard error for housing density, vehicle 

density and population density. We only report the coefficient estimates associated 

with the policy, estimates of the other coefficients have the expected signs. 

Throughout the essay, standard errors are clustered by CD to take account of any 

possible serial- or spatial-correlation of the tract level variance.  
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 We find that removing minimum parking requirement increases about 11000 

housing units in CD 1 through 8 per square mile, equivalent to 23%. The policy also 

increases vehicle density by about 1250 per square mile, or an average increase of 

13%. Population density, however, doesn’t seem to change.  

  One may argue that an increase of 23% of housing density seems to be too 

high. What if development is faster than the real demand? To test this, we use density 

of total occupied housing units and household density instead of housing density. The 

results are shown in the first two models of Table 3.3. Both measures indicate an 

increase about 8200, equivalent to 18%, which is still statistically the same as the 

housing density estimate. In addition, Glaeser, Gyourko and Saka (2005) show that 

during 1980s to 1990s, housing demand has driven the housing price up. Had there be 

an excess of housing units, the housing price would have dropped. 

Housing Density Vehicle Density Population Density

11014.95 1245.91 15185.47

(4950.710)** (581.305)* (9128.574)

Table 3.2 Density Change Respond to Parking Minimum Removal             

- DID Estimation Results

Parking Minimum 

Removal Impact

Notes: This is based on Eq (1), DID estimation controlling for CD fixed 

effect, time fixed effect, average household income, share black and tract 

level poverty rate. The standard error is clustered at CD level.
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 Housing density increases by 23% while vehicle density by 13%, this indicates 

that vehicle per household should have dropped. Table 3.3 model (3) shows that this 

seems to be the case, though statistically insignificant. Nevertheless, number of 

vehicles per square mile still increases faster than the pre-existing trend, and there 

must be spaces to park them. Furthermore, these spaces could either be in CD 

1through 8, or to the north of the border. If they are in area with maximum parking 

allowances, there could be two possibilities. First, as mentioned in section 3.2.1, 

affordable housing is still subject to minimum parking requirement of 0.12 to 0.15, 

depending on subsidy type, up to 200 spaces. Our data doesn’t allow us to observe 

where and how many affordable housing there are. Depending on the actual scale of 

the affordable housing, this could diminish the policy effect. Second, without 

sufficient on-site parking, residents may turn to off-site parking, such as public 

garages. Originally designed to cap off-street parking, the 1982 amendment regulates 

residential parking spaces but does not ban public parking garage entirely. Private 

parties may apply for special permit and build public parking garages in Manhattan. 

The 2011 Manhattan Core Public Parking Study found that 60% to 70% of the parking 

(1) (2) (3) (4)

Total Occupied 

Housing Unit Density Household Density Vehicle per Household

Number of people per 

Household

8184.808 8218.586 -0.022 -0.027

(4102.534)* (4129.123)* (0.0146) (.416)

(5) (6) (7) (8)

Density of Household 

w/o Children Below 18

Share of Household 

w/o Children Below 18

Density of Household 

with Children Below 18

Share of Household with 

Children Below 18

6818.465 0.034 1400.121 -0.005

(3589.241)* (0.038) (1023.258) (0.021)

Minimum Parking 

Removal Impact

Minimum Parking 

Removal Impact

Table 3.3 Supporting Dependent Variables Respond to Minimum Parking Removal Impact - DID Estimation Results

Notes: This is based on Eq (1), DID estimation controlling for CD fixed effect, time fixed effect, average household income, 

share black and tract level poverty rate. The standard error is clustered at CD level.
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spaces in these public garages are rented to residents from nearby neighborhood on a 

monthly basis. If the parking spaces, however, are actually on the north of the policy 

border, meaning that some residents park their car some distance away from where 

they live
42

. This is possible but could only happen to residents who live very close to 

110
th

 Street west of and 96
th

 Street east of Central Park. In reality, there could be a 

mixture of these possibilities that provide parking spaces for the increase of vehicles, 

but without parking space data, we are not able to identify the contribution from each. 

 In terms of population density, it is surprising to see there is no change in the 

growth rate especially given a big increase in housing density. One explanation could 

be that the household size has shrunk. Model four in Table 3.3 shows that surprisingly, 

there is no change in average number of people per household. Puzzling it may first 

appear this is possible if we consider the following scenario. Suppose removing 

minimum parking requirement indeed make the treated CD extra attractive to 

household of small size, but as the total number of households, which is a mixture of 

different sizes, keep increasing, these small households may not make much of a 

difference when calculating the average number per household. To estimate this 

scenario, we use density of households without children below 18 years old to capture 

the “attraction” effect for small sized household and the share of the corresponding 

type of household to capture any change (or no change) in the size composition of 

households. Model 5 and 6 in Table 3.3 provide evidence for this argument. There is a 

                                                           
42 Manhattan Core Study finds that “90 percent of parkers in the surveyed facilities who filed for the 

Manhattan Resident Parking Tax Exemption parked in a facility other than the building they live in, and 

84 percent parked within a half-mile of home, indicating that residents with cars often look beyond their 

building to facilities in their neighborhood in order to find off-street parking." 
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significant increase, about 18%, in density of small sized household, but the share 

remains the same. Model 8 and 9 further support the argument by estimating the 

density and share of household with children. The results show that neither has 

changed. 

3.4.2 The Placebo Test 

As a robustness check, we provide the following placebo test. Assume the policy line 

was drawn at the 57
th

 street, in which case, CD 1 through 6 are subject to the parking 

maximum requirement. This is the most likely border of the policy had they not 

chosen the current one. CD 1 through 6 is considered as the CBD of Manhattan, 

covering the area below 60
th

 Street. In 1973 when New York City adopted the 

Transportation Control Plan, the original goal was to reducing off-street parking in this 

area by 40%, and not until 1982 Amendment did the affect area expanded to include 

CD 7 and 8.  Even at the current maximum allowance, the parking spaces allowed in 

CD 1 through 6 are no more than 20%, which is stricter than the 35% of CD 7 and 8. 

β in equation (1) measures impact of removing the minimum parking 

requirement on the dependent variable. In the placebo scenario, the boundary does not 

exist in reality, which means there should not be a significant difference for any 

dependent variable that we access of CD 1 through 6 comparing to CD 7 through 12. 

If the result, however, show there is some noticeable difference, then it is likely some 

other unobserved factors cause the density change and our main DID analysis could be 

fundamentally flawed. Similarly, we also test the vehicle per household, density and 
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share of households without children. Table 3.4 provides results from all the 

robustness check and demonstrates the validity of our main estimates.  

 

3.5 Discussion 

As part of the Clean Air Act, the New York City amended Manhattan parking zoning 

requirement and put in place a maximum parking allowance in the Manhattan core. 

Thirty years have passed, nevertheless, not much research has done to study the 

impact of this policy change. 

 Using a Difference-In-Difference approach with CD 1 through 8 as the treated 

group and CD 9 through 12 as the control group, we have examined the policy impact 

on vehicle ownership, housing development and population density. In addition, we 

explore how this parking regulation may guide households’ behavior when choosing 

residential areas. 

We found that removing minimum parking requirement induces 11000 units, 

equivalent to 23% of housing per square mile south of the policy boundary, 

controlling for the existing trends. The parking requirement change didn’t slowdown 

vehicle density from its growing; instead, vehicle density grows by another 13%. 

(1) (2) (3) (4) (5)

 Housing Unit Density Vehicle Density
Vehicle per 

Household
Population Density

Number of people per 

Household

5338.934 704.558 0.033 11825.85 0.301

(3825.274) (574.604) (.0032) (7517.195) (.323)

(6) (7) (8) (9)

Density of Household 

w/o Children Below 18

Share of Household w/o 

Children Below 18

Density of Non-

family Household

Share of Non-family 

Household

4059.245 0.097 970.210 0.006

(2540.534) (.077) (1066.807) (.021)

Table 3.4 Placebo and Robustness Tests - DID Estimation Results

Minimum Parking 

Removel Impact

Minimum Parking 

Removel Impact

Notes: This is the placebo regression results based on Eq (1), DID estimation controlling for CD fixed effect, time fixed effect, average 

household income, tract level poverty rate and share black. The standard error is clustered at CD level.
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Furthermore, it does not seem to discourage vehicle ownership – the effect is 

statistically insignificant.  Although we don’t find the policy has any significant 

impact on population density, nor on average number of people per household, we 

provide evidence that removing minimum parking requirement makes the community 

more attractive to small sized households such as those without children, around 18% 

more of them moved into CD 1 through 8 during 1980 to 1990.  

In our main analysis, we gave a few explanations of why vehicle density has 

increased and where are the parking spaces that accommodate them. One of which is 

that residents turn to public parking garages. It would be interesting to examine how 

much do public parking facilities undermine the policy effect on vehicle ownership, 

but due to data availability, we are not able to test this hypothesis.  But it worth noting 

that removing minimum parking requirement indirectly affects vehicle owners by 

separating the cost of parking from housing rent, making it explicit through renting 

parking spaces in public parking facilities.  

Another concern about potential omitted variable is crime rate. Since the 

policy border is also a social boundary, it is likely that the crime rates across border 

are significantly different
43

. High crime rate could lead to low housing density and less 

population density, hence omitting this piece of information should bias our result 

towards zero. 

                                                           
43 Based on the 1990 New York City crime data, there is a strong difference above and below the policy 

border.  Due to data limitation, we do not observe historical crime rate. But it's likely that this difference 

presented in 1970 and 1980 as well. 
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One major policy implication this essay provides is that for policy makers who 

want to benefit from denser housing should consider removing minimum parking 

requirement. All else equal, removing parking requirements reduces the cost of 

housing supply, which makes housing more affordable and it directs the housing 

supply to match the demand more efficiently. The second policy implication is that for 

urban communities that want to have a greater variety of housing, including smaller 

units and attract small households who are less dependent on driving, removing 

parking requirement will be quite effective in achieving their image goal. Finally, 

designed to cap the off-street parking space, removing minimum parking regulation 

has undoubtedly achieved this goal (Manhattan Core Study). It may also discourage 

vehicle ownership to some extent. It worth noting that Manhattan has low minimum 

parking requirement comparing to other cities, hence the policy impact should be more 

significant if implemented elsewhere.     

Some may argue that the south tip of Manhattan as the financial district is 

drastically different from the north end residential areas and suggest to narrow the 

study area to CDs that are adjacent to the policy border: CD 7 and 8 on the south as 

the treated group and CD 9 through 11 north of the border as the control group. We 

argue, however, this may not be a better practice. Since the policy border is a big 

socioeconomic boundary, the contrast right at the border is actually more drastic, 

hence decreases the similarity between the two groups and violates the similar trend 

assumption. Developers could also potentially take advantage of the similar amenities 

and cheaper cost and relocate some developments to the south of the boundary, if this 

happens, the control group is negatively affected and there will be an overestimation 
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in the increase in housing density. In addition, it is easier for residents who live in CD 

7 and 8 to rent parking space in close by garage built in CD 9, 10 and 11. This will 

bias the policy effect on vehicle density further towards zero. 
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Chapter 4 Energy Intensity Comparison for Public Transit Buses and 

Private Driving 

4.1 Introduction 

Driving is very convenient, but it is at the cost of clean air. Too much driving may also 

lead to congestion. Public transit, due to its economy of scale, could be less energy 

intense per passenger mile than private driving (DOE, 2000). If private vehicle users 

substitute to public transit, it might alleviate congestion and save the environment by 

reducing greenhouse gas and other local pollutants. In 2012, more than $3 billion of 

federal funds went to public transit agencies
44

. Public bus is a major element of the 

U.S. public transit system. It provides social welfare benefits for low income people as 

the large financial costs of automobiles are unattractive to them (Parry and Small, 

2009; Glaeser, Kahn and Rappaport 2008; LeRoy and Sonstelie 1983).  

 Although in theory, public bus is supposed to be more energy efficient than 

driving per passenger mile. There is evidence to show otherwise. Figure 4.1 depicts 

the national average energy intensity in btu per passenger mile for buses and cars from 

1975 to 2011. It’s clear that at the national level, buses’ fuel efficiency has been 

deteriorating, while that of cars improving. 

In this essay, I argue that to compare the energy intensity for public transit 

buses and private driving, a national average is far from sufficient. The energy 

intensity for both should vary greatly across the country due to geographic features, 

                                                           
44

 NTD data table page, 

http://www.ntdprogram.gov/ntdprogram/pubs/dt/2012/excel/2012%20Table%201%20Op%20Funds%2

0Applied.xls. 
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local weathers, population density and other demographic factors. Therefore, I intend 

to make the comparison at the city level. By doing so, this essay can answer the 

following questions: 

1) Are public buses indeed more energy intense than driving in all the cities? 

2) In which cities are the public buses more energy intense? Do public transit 

more energy intense than private driving in general in these places? 

3) In cities that only have buses, to improve the energy intensity for buses, how 

many more passengers do they need to at least achieve the same level as 

private driving? 

Following the Transportation Energy Book, I define energy intensity as energy 

consumed per passenger mile. To be specific, I use Gasoline Gallon Equivalent (GGE) 

to measure energy. Energy intensity for buses is determined by the number of 

passengers and fuel efficiency of the bus fleet. Existing literature has shown that better 

service quality could increase ridership (Abdel-Aty, 2001). For example, Bus Tracker 

services increased ridership in Chicago (Tang and Thakuriah, 2012). Taylor, Miller, 

Iseki and Fink (2009) investigate all transit modes and find although frequent service 

attracts riders and high fare level drives them away, 75 percent of the variance in 

transit ridership in the US has little to do with service or fares. In terms of fuel 

economy of buses, transit agencies are subject to the Buy American mandate, which is 

the string attached to the federal funds they heavily rely on. The mandate leads to little 

competition in the bus manufacture market, which retards incentives to develop more 

fuel-efficient buses (Li, Kahn and Nickelesburg, 2014). In addition, transit agencies 
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also need to comply with environmental regulations. As a result, 32% of U.S. transit 

buses have an alternative power source, such as compressed natural gas (CNG) (Lowe 

et al. 2009). CNG buses though perform better on particulates, have worse fuel 

economy than traditional buses (Barnitt, 2008).  

 

Figure 4.1 Energy Intensity Comparison for Cars and Buses 

 I find that among 62 cities that have data for both private driving and transit 

bus, in only 11 places are buses actually more energy intense than private driving. 

These 11 places accounts for about 0.6% of all unlinked passenger trips in these 62 

cities. I then investigate at the agency level bus energy intensity and found only 47 bus 

agencies have higher energy intensity than local private driving. However, to improve 
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the energy intensity for buses, it might not be possible to reply solely on transit 

agencies to advance their service and attract more ridership.  

 In section 4.2, I describe the data sets used in this essay. Section 4.3 walks 

through how I calculate the energy intensity for different modes. I then discuss my 

findings and conclude. 

4.2 Data 

The data source for public transit modes is the National Transit Database (NTD). The 

NTD was established by Congress to gather and distribute information and statistics 

on the Transit systems in the country. In year 2012, there was over 820 transit 

agencies in about 430 Urbanized Areas (UZA) reporting to NTD. NTD provides 

information for 3 different types of buses – bus
45

, commuter bus
46

, and bus rapid 

transit
47

. I consider them all as bus and do not distinguish them in the following 

calculations. There are 442 bus agencies with valid data; apart from one agency is in 

rural area, all the rest are from a total of 289 UZAs. 

 For each transit agency and each mode, I collect data on the total count of 

active vehicles (VOMS), total miles travelled (VMT), total passenger miles (PMT), 

                                                           
45

 Buses are defined as a transit mode comprised of rubber-tired passenger vehicles operating on fixed 

routes and schedules over roadways. Vehicles are powered by diesel, gasoline, battery, or alternative 

fuel engines contained within the vehicle. Vehicles in this category do not include articulated, double-

decked, or school buses.  
46

 Commuter buses are fixed-route bus systems that are primarily connecting outlying areas with a 

central city through bus service that operates with at least five miles of continuous closed-door service. 

This service typically operates using motorcoaches (aka over-the-road buses), and usually features peak 

scheduling, multiple-trip tickets, and multiple stops in outlying areas with limited stops in the central 

city. 
47

 Bus rapid transit is a fixed-route bus mode, in which the majority of each line operates in a separated 

right-of-way dedicated for public transportation use during peak periods. It includes features that 

emulate the services provided by rail fixed guideway public transportation systems. This mode may 

include portions of service that are fixed-guideway and non-fixed-guideway. 
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and unlinked passenger trips (UPT). To compare the energy intensity with cars and 

other public transit modes, I aggregate data from transit agencies to UZA which could 

contain multiple transit agencies. The NTD also provides total energy consumption 

across all vehicles in the fleet broken out into twelve categories such as gasoline, 

diesel, CNG, liquefied natural gas (LNG) etc. I use these energy consumption data and 

standard index weights to compute total gasoline gallon equivalent consumption for 

each vehicle within each mode
48

. Table 4.1 provides some basic statistics. For each of 

the three public transit modes I investigate in this essay, bus, light rail and heavy rail, 

Table 4.1 presents total and UZA average of each variable. 

 

 

                                                           
48

 My data source for these emissions factors is the US Energy Information Administration - 

(http://www.eia.gov/oiaf/1605/coefficients.html#tbl2). 

Total

Mode Bus Light Rail Heavy Rail

Total Count of Active Vehicles 49588 1376 9209

Gasoline-Equivalent  (million gallons) 533 23 114

Vehicle Miles Travelled (million miles) 2,147 93 657

Passenger Miles Travelled (million miles) 21,140 2,316 17,520

Unlinked Passenger Trips (million) 5,212 449 3,743

Number of UZA 297 22 12

UZA Average

Mode Bus Light Rail Heavy Rail

Total Count of Active Vehicles 167 63 614

Gasoline-Equivalent  (gallons) 1,794,595 1,036,587 7,575,063

Vehicle Miles Travelled (miles) 7,229,239 4,220,745 43,766,552

Passenger Miles Travelled (miles) 71,181,863 105,300,000 1,168,000,000

Unlinked Passenger Trips 17,550,484 20,388,234 311,906,036

Table 4.1 Basic Statistics for Public Transit Modes
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The data for private vehicle energy intensity come from 2009 National 

Household Travel Survey (NHTS). NHTS provides comprehensive data on travel and 

transportation patterns in 49 Metropolitan Statistical Areas (MSA) in U.S. This essay 

MSA Name

EIA Derived Miles 

Per Gasoline-

Equivalent Gallon

Annual Fuel 

Consumption In 

Gasoline-

Equivalent 

Gallons

Best Estimate 

of Annual Miles 

Travelled

Trip 

Distance

Average 

Number of 

Occupancy

Atlanta, GA 21.5 610 12,993 10 1.5

Austin-San Marcos, TX 21.8 630 13,178 10 1.5

Boston--Worcester--Lawrence, MA--NH--ME--CT 21.6 526 11,360 9 1.4

Buffalo--Niagara Falls, NY 21.8 556 12,012 7 1.4

Charlotte--Gastonia--Rock Hill, NC--SC 21.1 608 12,725 10 1.5

Chicago--Gary--Kenosha, IL--IN--WI 21.7 571 12,389 8 1.5

Cincinnati--Hamilton, OH--KY--IN 20.8 622 13,087 10 1.5

Cleveland--Akron, OH 22.1 532 11,623 8 1.5

Columbus, OH 20.8 538 11,218 8 1.5

Dallas--Fort Worth, TX 21.1 639 13,166 10 1.5

Denver--Boulder--Greeley, CO 21.1 549 11,225 9 1.5

Detroit--Ann Arbor--Flint, MI 21.4 603 12,773 8 1.5

Grand Rapids--Muskegon--Holland, MI 20.5 646 13,538 8 1.7

Greensboro--Winston-Salem--High Point, NC 21.3 581 12,352 9 1.5

Hartford, CT 22.1 498 10,809 12 1.5

Houston--Galveston--Brazoria, TX 20.9 647 13,304 10 1.5

Indianapolis, IN 21.6 587 12,486 9 1.5

Jacksonville, FL 21.4 607 12,655 10 1.5

Kansas City, MO--KS 22.5 576 12,496 8 1.5

Las Vegas, NV--AZ 21.0 548 11,392 8 1.6

Los Angeles--Riverside--Orange County, CA 22.1 552 11,862 8 1.5

Louisville, KY--IN 22.1 556 12,006 8 1.5

Memphis, TN--AR--MS 20.9 621 12,677 10 1.4

Miami--Fort Lauderdale, FL 21.8 532 11,464 7 1.5

Milwaukee--Racine, WI 22.1 540 11,938 8 1.5

Minneapolis--St. Paul, MN--WI 22.0 664 14,265 10 1.5

Nashville, TN 21.0 663 13,827 10 1.5

New Orleans, LA 20.8 648 13,704 7 1.5

New York--Northern New Jersey--Long Island,NY--NJ--CT--PA 22.2 553 12,227 9 1.5

Norfolk--Virginia Beach--Newport News, VA--NC 21.2 564 11,841 9 1.5

Oklahoma City, OK 20.7 624 12,497 7 1.4

Orlando, FL 21.5 600 12,506 9 1.6

Philadelphia--Wilmington--Atlantic City,PA--NJ--DE--MD 21.8 542 11,855 9 1.5

Phoenix--Mesa, AZ 21.3 546 11,436 8 1.5

Pittsburgh, PA 21.7 473 10,371 7 1.5

Portland--Salem, OR--WA 23.5 483 11,072 8 1.6

Providence--Fall River--Warwick, RI--MA 22.4 547 12,097 8 1.4

Raleigh--Durham--Chapel Hill, NC 22.2 561 12,373 11 1.5

Rochester, NY 22.0 550 12,042 8 1.4

Sacramento--Yolo, CA 22.1 528 11,375 9 1.5

St. Louis, MO--IL 21.9 560 12,349 10 1.6

Salt Lake City--Ogden, UT 21.6 489 10,591 7 1.8

San Antonio, TX 21.0 627 12,877 9 1.6

San Diego, CA 22.0 560 12,001 8 1.5

San Francisco--Oakland--San Jose, CA 22.8 506 11,242 9 1.5

Seattle--Tacoma--Bremerton, WA 22.4 594 12,619 9 1.6

Tampa--St. Petersburg--Clearwater, FL 21.3 548 11,521 8 1.5

Washington--Baltimore, DC--MD--VA--WV 22.2 620 13,504 11 1.5

West Palm Beach--Boca Raton, FL 21.8 529 11,336 7 1.4

Table 4.2  Basic Statistics for Private Vehicles by MSA
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uses two of its four data files, vehicle file and day trip file.  From the day trip file, I 

collect trip distance and number of people on the trip for all driver reported trips. I 

then find the corresponding household and vehicle in the vehicle file and collect 

Energy Information Administration (EIA) derived miles per gasoline-equivalent 

gallon estimate for this particular vehicle, best estimate of annual miles travelled and 

annual fuel consumption in gasoline-equivalent gallons. Table 4.2 provides the 

average of these variables for each MSA. 

4.3 Calculation 

4.3.1 Energy Intensity for Public Transit Mode  

First, at the agency level, I calculate annual total energy consumed. To do this, I 

convert all the fuel consumption for each type of fuel into gasoline-equivalent gallons, 

and then sum them by agency. Passenger miles travelled for each agency is calculated 

similarly. Next, following the definition, energy intensity for each public transit mode 

is defined as in equation (1), where m denotes mode, i.e. buses, light rail and heavy 

rail. 

                   
                             

         
     (1) 

The last step is to aggregate agencies into corresponding UZA and average the 

UZA level energy intensity for bus, light rail and heavy rail weighted by passenger 

miles travelled. 
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4.3.2 Energy Intensity for Private Vehicles 

Since the energy consumed per trip is not available in the dataset, the first step is to 

derive it based on data available. There are two different ways to obtain this 

information. First, NHTS reports the EIA derived miles per gasoline-equivalent gallon 

(EID Derived MPG) for each vehicle. Hence, I derive the energy consumed per trip 

for vehicle i based on equation (2a). 

                 
              

                
   (2a) 

 The second way is to use estimated miles per gallon for vehicle i, given that I 

observe the annual energy consumed in GGE and estimated vehicle miles travelled. 

Equation (2b) shows the definition of energy per trip following this method. 

                 
                               

                                        
                   (2b) 

 These two methods give very similar results. I chose the second method for the 

energy intensity comparison because it takes into account of household driving 

behavior and hence offers more variation than the EIA derived MPG does.  

 To calculate the energy intensity for private driving, I follow equation (3). 

                                         

  
∑                                                 ⁄ 

               
   (3) 
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4.3.3 Energy Intensity Comparison 

To compare the energy intensity for buses with private vehicles within the same city, I 

need to match MSA and UZA. In general, MSA and UZA cover similar geographic 

areas. Occasionally, MSA includes two or three UZAs. In these cases, I compare the 

MSA level private driving energy intensity to each of the UZA that falls in it. 

Table 4.3 provides the energy intensity comparison for 62 MSA-UZA matched 

cities, sorted by the energy intensity of buses. Since NHTS only provides information 

on 49 MSAs, the unmatched UZAs are not listed. The first finding that jumps out is 

that the majority of buses are less energy intense than private driving. Only 11 UZAs 

have buses performing worse than driving. Furthermore, these UZAs are relatively 

small, apart from Dallas-Fort Worth-Arlington and Phoenix-Mesa, all else having less 

than 2 million people. In terms of unlinked passenger trips, they account for only 0.6% 

of all the 62 MSA-UZA trips. 

How can the average bus be more energy intensive than the average car if only 

11 small UZAs have buses less energy efficient than private cars (Figure 4.1)? Recall 

that there are 441 bus agencies in a total of 289 UZAs. This essay has focused on 

evaluating energy intensity of buses and that of private driving in the MSA areas. 

Therefore, only 188 agencies that could be matched to an MSA are included in the 

analysis above. In the discussion section, I show that more than half of the bus 

agencies in non-MSA urban areas have worse energy intensity than average driving, 

which reconcile with the national picture in Figure 4.1. 
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The second point worth noting is that although there are 11 UZAs whose buses 

are less fuel efficient than private driving, the energy intensity for the rail system is 

consistently better than that of private driving. Figure 4.2 provides visual evidence for 

this argument. It displays an energy intensity comparison for private driving bus and 

rail system in these 11 UZAs. There are noticeable variations for the energy intensity 

for public transit, but little for driving in these cities. The energy intensity the rail 

systems are usually less than half or even third of that of driving.  
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UZA Name Private Vehicle Bus Light Rail Heavy Rail
Are Buses 

Worse?

Sacramento, CA 39.64 3.41 13.27

Riverside-San Bernardino, CA 39.59 4.95

Los Angeles-Long Beach-Anaheim, CA 39.59 6.96 8.44 11.14

San Diego, CA 39.92 8.10 5.78

Atlanta, GA 40.04 14.52 5.54

New York-Newark, NY-NJ-CT 39.51 21.60 15.77 5.11

Baltimore, MD 38.96 21.74 17.32 20.01

Boston, MA-NH-RI 41.51 21.95 7.41 10.17

Las Vegas-Henderson, NV 40.21 22.22

Seattle, WA 38.26 22.32 6.40

Salem, OR 37.25 22.69

Flint, MI 39.46 24.52

Denver-Aurora, CO 41.66 24.52 8.94

Minneapolis-St. Paul, MN-WI 39.92 24.91 9.11

Portland, OR-WA 37.25 24.94 7.01

Ann Arbor, MI 39.46 25.07

New Orleans, LA 41.25 25.29

San Jose, CA 39.76 26.45 12.59

Washington, DC-VA-MD 38.96 26.91 9.40

Miami, FL 40.05 27.96 14.84

Providence, RI-MA 39.92 28.12

Buffalo, NY 40.86 29.67 15.29

Detroit, MI 39.46 29.93

Chicago, IL-IN 40.26 30.02 8.49

Philadelphia, PA-NJ-DE-MD 40.07 30.15 10.18

Virginia Beach, VA 41.40 30.58 15.68

Cleveland, OH 38.94 30.74 17.39 17.41

Raleigh, NC 39.16 31.58

Orlando, FL 39.63 32.10

Rochester, NY 40.05 32.32

Houston, TX 41.32 32.40 7.34

Louisville/Jefferson County, KY-IN 38.75 33.03

Greensboro, NC 41.09 33.10

San Francisco-Oakland, CA 39.76 33.62 11.57 5.71

Grand Rapids, MI 38.18 33.72

Nashville-Davidson, TN 41.27 33.90

Bremerton, WA 38.26 34.08

Charlotte, NC-SC 40.99 34.30 8.26

Table 4.3 Enery Intensity Comparison by UZA (GGE per Thousand Passenger Mile)
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Figure 4.2 Energy Intensity (GGE per Passenger Miles) Comparisons for Private Driving and 

Rail System In UZAs in which Buses are more Energy Intense than Driving 

UZA Name Private Vehicle Bus Light Rail Heavy Rail
Are Buses 

Worse?

Durham, NC 39.16 34.82

Jacksonville, FL 41.00 35.20

Pittsburgh, PA 39.71 35.24 25.52

Milwaukee, WI 39.50 35.33

Austin, TX 39.93 35.36

San Antonio, TX 41.01 35.99

Kenosha, WI-IL 40.26 37.02

St. Louis, MO-IL 38.81 37.17 7.05

Tampa-St. Petersburg, FL 41.17 37.47

Cincinnati, OH-KY-IN 41.44 38.45

Hartford, CT 38.35 38.75 Y

Worcester, MA-CT 41.51 40.25

Memphis, TN-MS-AR 42.30 40.79

Phoenix-Mesa, AZ 40.80 40.99 5.70 Y

Kansas City, MO-KS 37.76 41.45 Y

Columbus, OH 42.17 42.96 Y

Akron, OH 38.94 43.06 Y

Oklahoma City, OK 44.38 43.11

Indianapolis, IN 40.56 45.24 Y

Dallas-Fort Worth-Arlington, TX 40.56 49.36 14.49 Y

Racine, WI 39.50 52.46 Y

Holland, MI 38.18 54.02 Y

Salt Lake City-West Valley City, UT 37.50 55.87 17.07 Y

Winston-Salem, NC 41.09 62.25 Y

Table 4.3 Enery Intensity Comparison by UZA (GGE per Passenger Mile) (Cont.)

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07

Winston-Salem, NC

Holland, MI

Dallas-Fort Worth-Arlington, TX

Akron, OH

Kansas City, MO-KS

Hartford, CT

Light Rail Bus Private Driving
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4.3.4 Extra Ridership for Agencies to Achieve Local Private Vehicle Energy 

Intensity 

For bus agencies who are more energy intense than local private driving, how many 

more riders do they need in order to become at least as good as driving private cars? 

To answer this question, I first compare energy intensity of each agency with its 

corresponding MSA and filter out those that are already better than the local private 

vehicles. There are 47 agencies left being more energy intense than local private 

driving. For this calculation, I assume that more ridership will not induce more bus 

vehicle miles travelled hence there is no increase in total energy consumed. This may 

not be a realistic assumption since the demand for transit is usually highest at peak 

hours, when the buses are probably at their capacity already. But it is the most 

optimistic assumption for buses. The result gives us the lower bound of ridership 

increase each agency needed to achieve the fuel efficiency level of local cars.   

Equation (4) gives the formula for extra ridership, where a denote agency 

that’s within the corresponding UZA. 

                      

                              

                                         

       
                                                                    

                                                            
  (4) 

 Table 4.4 shows for each agency, how many more passengers annually do they 

need to attract comparing to its current ridership
49

. Apart from a handful of agencies, 

                                                           
49

 Since the data is weighted by PMT, the absolute number of increased ridership does not provide 

much information. Hence I only listed the percentage. 
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most agencies need to increase their ridership by at least ten percent. Some even need 

to triple or even increase their ridership by seven fold. This does not seem very likely.  

 

AgencyName City State Increase (%)

Connecticut Department of Transportation - CTTransit New Britain -Dattco. New Britain CT 1.30%

Central Ohio Transit Authority Columbus OH 1.69%

Chapel Hill Transit Chapel Hill NC 2.63%

Pasco County Public Transportation Port Richey FL 3.27%

MetroWest Regional Transit Authority Framingham MA 3.96%

Norwalk Transit System Norwalk CA 4.25%

Connecticut Department of Transportation - CTTRANSIT - Hartford Division Hartford CT 4.30%

Peninsula Corridor Joint Powers Board dba: Caltrain San Carlos CA 5.40%

Transit Authority of Northern Kentucky Fort Wright KY 8.07%

Indianapolis and Marion County Public Transportation Indianapolis IN 10.19%

Portage Area Regional Transportation Authority Kent OH 11.60%

Kansas City Area Transportation Authority Kansas City MO 12.47%

City of Tempe Transit Division - dba Valley Metro Tempe AZ 13.37%

Laguna Beach Municipal Transit Laguna Beach CA 15.03%

Madison County Transit District Granite City IL 15.34%

San Mateo County Transit District San Carlos CA 15.83%

METRO Regional Transit Authority Akron OH 20.49%

Suffolk County Department of Public Works - Transportation Division Yaphank NY 21.49%

South Florida Regional Transportation Authority Pompano Beach FL 23.36%

City of Phoenix Public Transit Department dba Valley Metro Phoenix AZ 23.43%

City of Waukesha Transit Commission Waukesha WI 23.52%

Lowell Regional Transit Authority Lowell MA 25.72%

Everett Transit Everett WA 26.15%

Cape Ann Transportation Authority Gloucester MA 30.90%

Macatawa Area Express Transportation Authority Holland MI 41.14%

Middlesex County Area Transit New Brunswick NJ 41.48%

Belle Urban System - Racine Racine WI 44.15%

New Jersey Transit Corporation-45 Newark NJ 46.24%

City of Alexandria Alexandria VA 49.65%

City of Washington Washington PA 49.68%

Dallas Area Rapid Transit Dallas TX 50.73%

Winston-Salem Transit Authority - Trans-Aid of Forsyth County Winston-Salem NC 51.31%

City of Scottsdale - Scottsdale Trolley Scottsdale AZ 54.67%

Meadowlands Transportation Brokerage Corporation, dba Meadowlink Wood Ridge NJ 64.50%

Brunswick Transit Alternative Brunswick OH 67.28%

Utah Transit Authority Salt Lake City UT 68.19%

Gloucester County Division of Transportation Services West Deptford NJ 81.55%

City of Long Beach Long Beach NY 88.11%

City of Glendale Transit Glendale AZ 89.89%

New York City Department of Transportation New York NY 95.26%

Huntington Area Rapid Transit Huntington Station NY 110.22%

Somerset County Transportation Somerville NJ 111.51%

Delaware County Transit Board Delaware OH 112.29%

East Chicago Transit East Chicago IN 194.33%

Buckhead Community Improvement District Atlanta GA 403.94%

Gary Public Transportation Corporation Gary IN 476.69%

Metro-North Commuter Railroad Company, dba: MTA Metro-North Railroad New York NY 726.64%

Table 4.4 Extra Annual Ridership for Agencies to Achieve Local Private Vehicle Energy Intensity
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4.4 Discussion and Conclusion 

The main findings of this essay are the following. First, within MSAs, public transit 

buses are much less energy intense than what the national figure led us to believe in 

comparison to local private driving. Only 11 UZAs out of 49 have average energy 

intensity of private driving outperform that of buses. Second, when there are other 

public transit modes present, such as light and/or heavy rail systems, the rail systems 

always have better fuel intensity than private driving. Third, there are noticeable 

variations among transit agencies. 47 out of 188 agencies actually require 

improvement. However, to achieve the energy intensity of the local private driving, if 

they keep the current fleet, they need to attract many more riders than they currently 

have. Assume that they could attract more passengers, they are likely to increase their 

service frequency and hence increase total energy consumed, which may or may not 

lead to a desirable result.  

This essay has focused on evaluating energy intensity of buses and that of 

private driving in the MSA areas. Some may be concerned with the energy intensity 

for agencies that fall out of this selection. Due to data limitation, I am not able to 

estimate energy intensity for non-MSA private driving. However, since the energy 

intensity for driving does not have much variance, I use the average energy intensity 

derived from MSA, 40 GGE per thousand passenger mile, as an approximation.  

There is only one bus agency in the rural area. Its energy intensity is 44.23 

GGE per thousand passenger mile. Among 253 non-MSA urban agencies, 120 of them 

outperform private driving. Figure 4.3 provides the histogram of the energy intensity 
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difference between non-MSA agencies and average driving. The majority appears to 

be comparable to driving. But a handful of agencies really have energy intense buses. 

Since energy intensity is determined by two factors, ridership and fleet fuel economy. 

The explanation could go either way, or both. For instance, it could be that as a source 

of social welfare, these agencies provide public transit coverage despite limited riders.  

In which case, it would be important to support agencies financially and 

technologically to maintain the services.  

 

Figure 4.3 Energy Intensity Difference between non-MSA Agencies and Average Driving 

  In addition to identify which agency requires improvement, it would be 

interesting to investigate why they are energy intense. Is it because of low ridership or 

is it due to low fuel economy of the bus fleet? To improve the bus fleet fuel efficiency, 

should the federal government fund transit agencies to buy expensive new bus models 



 

94 
 

or should some of the money be used on lobbying for a more competitive bus 

manufacturing market? These are possible directions for future research. 
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Appendix for Vehicle Lifetime Trends and Scrappage Behavior in the 

U.S. Used Car Market 

(for reference only; not for publication) 

In appendix A, we provide further details on the data, including the source of 

each variable. In appendix B, we describe how we constructed the comparison of 

scrappage pattern between cars, pickup trucks and SUVs. Appendix C provides the 

scrappage rate and survival rates. In appendix D, we explore the scrappage elasticity 

with respect to vehicle price by age.  

Appendix A. Further Discussion of Data and Model 

This appendix provides further details on the datasets discussed in section 2.2. 

Scrappage rate – In this study a vehicle is considered to be scrapped when it is 

no longer registered, so that it does not count as a legally operable vehicle. The 

scrappage rate for a given model year m at age a is calculated as the difference 

between number of vehicles produced in model year m at age a and the number of 

vehicles in model year m at age a-1, i.e. the number of vehicles removed from 

operation at age a, divided by the number of operable vehicles of model year m at the 

age a-1. For each calendar year, Polk & Co. publishes vehicles in operation as of each 

July 1st by model year for past 14 years for passenger cars and light trucks.  For 

example in yearbook 2001, Wards reports the number of vehicles still in operation 

from model years 1987 through 2001. We collect these data through Ward’s 

yearbooks (1981-2002). This data covers model years 1969 through 2002; total 
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number observations for our regressions are 325. After 2002, Ward’s yearbook no 

longer publishes this data. 

Records of cars older than 14 years are not reported. Although this censorship 

limits our ability to observe the tail of the scrappage curve, the behavior can be 

inferred from the patterns established before this cut-off. Occasionally vehicle counts 

increase for 1- and 2-year-old vehicles implying a negative scrappage rate. New 

vehicle models tend to enter the market ahead of the calendar year, and are often sold 

through the next calendar year, therefore the scrappage of 1 and 2-year-old vehicles 

are removed from our analysis. For example, a 2000 model year car may appear in 

calendar year 1999 and may still be sold as new in 2001.  Scrappage for extremely 

new vehicles are usually very low, due only to serious accidences. Therefore, the data 

we observe for 1 and 2-year-old vehicles often change mostly due to the sales of these 

inventories. Including these first two years does not significantly change the point 

estimates of our regressions but does increase the standard errors in some 

specifications. 

Turnover rate — From Ward’s yearbook, we obtain the total number of new 

registrations in each calendar year as of each July 1st. We also obtain from ward’s 

Motor Vehicle Facts and Figures the total number of operable vehicles in each 

calendar year as of each July 1st. The ratio of these values provides the turnover rate.  

Vehicle price index – The decision to scrap depends on the current value of the 

vehicle and the repair and maintenance cost. Following Walker (1968), we define 

vehicle price index to be the ratio of used vehicle price index and motor vehicle 

maintenance and repair cost index. Both indexes are from the Bureau of Labor 
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Statistics. They are seasonally adjusted averages of U.S. city and have a 1982-84 

reference base. That is, BLS sets the average index level (representing the average 

price level)—for the 36-month period covering the years 1982, 1983, and 1984—equal 

to 100. The Bureau measures changes in relation to that figure.  

Used vehicle price index is an average across cars and trucks and is 

constructed from the N.A.D.A.  Official Used Car Guide
50

. All prices are adjusted for 

depreciation of the vehicle. A monthly price relative is calculated for each observation. 

The price relative is based on a three month moving average of the current and last 

two months depreciation adjusted prices. So for month t, we are comparing the price 

(Dt+Dt-1+Dt-2)/3 to the price (Dt-1+Dt-2+Dt-3)/3, where Dt is the depreciation adjusted 

price for month t. 

Although the CPI uses the N.A.D.A. Official Used Car Guide to obtain prices, 

other sources are available. The two most commonly used sources are the Kelley Blue 

Book and the Black Book. Information on trends in used car and truck prices can be 

obtained from several other sources. 

Data for robustness tests – Annual seasonally adjusted Gross Domestic Product (GDP) is from 

International Financial Statistics dataset. Annual average U.S. steel scrap price per metric ton from the 

U.S. Geological Survey
51

, and U.S. imports vehicle sales data from Ward’s yearbooks. Annual gasoline 

price data are from Department of Energy. Seasonally adjusted gasoline price index is from Bureau of 

Labor Statistics, with a base period as 1982 to 1984.   

                                                           
50

 For more detail see Pashigian (2001), and http://www.bls.gov/cpi/cpifacuv.htm.  
51

 1969-1998 data are from: http://minerals.usgs.gov/minerals/pubs/metal_prices/, 

http://minerals.usgs.gov/minerals/pubs/commodity/iron_&_steel_scrap/360798.pdf. And 1999-2001 

data are from http://minerals.usgs.gov/minerals/pubs/commodity/iron_&_steel_scrap/index.html#myb, 

http://minerals.usgs.gov/minerals/pubs/commodity/iron_&_steel_scrap/360303.pdf. 

http://www.bls.gov/cpi/cpifacuv.htm
http://minerals.usgs.gov/minerals/pubs/metal_prices/
http://minerals.usgs.gov/minerals/pubs/commodity/iron_&_steel_scrap/360798.pdf
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Benefits of the 2-stage model – We primarily adopt the 2-stage approach 

outlined above to make it comparable with earlier studies in this literature but it also 

presents a number of advantages over other potential models. The 2-stage model 

allows for calculation of the expected vehicle lifetime and for an elasticity of 

scrappage with respect to vehicle price that is less constrained by functional form 

assumptions. Other empirical strategies tend to fall into two broad classes of models: 

hazard models (e.g. Manski and Golden, 1983; Chen and Lin, 2006; Knittel and 

Sandler, 2010) or one-step logit models (e.g. Hamilton and Macauley, 1999). Hazard 

models often assume that hazard rates are constant (for example using the Exponential 

distribution) or follow a particular parametric distribution (for example using the 

Weibull or Gompertz distribution), which poorly follows the sigmoid shape of 

automobile scrappage rates (Feeney and Cardebring, 1988). While a Cox Proportional 

Hazard Model alleviates the need for these assumptions, because it does not specify a 

base hazard rate, the logit is known to fit the shape of these base hazard rates 

extremely well. Thus it does not provide a parametric formula for baseline scrappage 

rates. It can be useful for simulation models to have a parsimonious way to predict 

scrappage rates at any age with the three estimated parameters of the logit curve.
52

  

Alternatively it is possible to use a one-step logit model where explanatory covariates 

enter in to the exponent of the logit (e.g. Hamilton and Macauley, 1999).  This method 

does control for the logistic shape of scrappage rates but as vehicle age increases, the 

age component will dominate the exponentiated term and overwhelm the influence of 

                                                           
52

 Thus our analysis is similar in spirit to that of Knittel and Sandler (2010) with the exception that we 

assume the logistic curve for baseline hazard rates. 
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other covariates. Without careful consideration for how vehicle price interacts with 

age the scrappage elasticity with respect to vehicle age will tend towards zero.
53

 

                                                           
53

 In Appendix Table A.4 we perform the second step of our estimation for each vehicle age and show 

that although these estimates are less precise than the aggregate regressions, the scrappage elasticities 

with respect to vehicle price do not seem to trend systematically towards zero. 
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Table A.1: Data Statistics 

Variable Obs Mean Std. Min Max 

Total number of cars being scrapped in year t 31 7,768,022 1,081,522 5,668,708 11,200,000 

Total number of operable cars in year t 31 112,000,000 13,500,000 83,100,000 129,000,000 

Total number of new registration in year t 31 9,361,392 1,054,941 7,949,799 11,400,000 

Turnover Rate 31 0.09 0.02 0.06 0.13 

Used vehicle price index 31 101.05 43.48 33.00 158.70 

Repair and maintenance cost index 31 110.03 44.89 39.30 183.50 

Vehicle price index 31 0.90 0.08 0.76 1.08 

Gasoline price index 31 83.08 28.33 28.10 128.53 

Gasoline price 31 1.00 0.32 0.36 1.51 

Gross Domestic Product 31 4841.37 2795.83 1126.80 10286.00 

Percent of import 31 0.27 0.07 0.16 0.38 

Import sale (cars and trucks) 31 2,554,404 713,780 1,565,476 4,162,191 

Steel scrap price 31 88.51 25.36 33.92 135.03 
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Appendix B. The Comparison of Scrappage Patterns 

As discussed in the paper, truck lifetime appears to stagnate over time. We 

suspect this stagnation is related to the expansion of SUVs market share within the 

‘light truck’ category. To explore this hypothesis, we supplement the Polk data with 

National Household Travel Survey (NHTS) data to obtain counts of vehicles by the 

subcategories of car, Sports Utility Vehicles (SUV), and pickup truck. NHTS provides 

vehicle counts by class (automobiles and cars including station wagon, vans, SUV, 

pickup trucks, other truck, recreational vehicle, motorcycle, golf cart and other), 

model year, and age up to 25 years old. NHTS exists for five discrete calendar years, 

1983, 1990, 1995, 2001 and 2009, and we use vehicle counts for cars, SUV and 

pickup trucks these three classes for the survey years in which the category of SUV is 

recorded: 1995, 2001 and 2009. Table A.2 provides NHTS data statistics. 

Because the survey is not annual and sample sizes vary over time, we cannot 

calculate yearly scrappage rates from this data.
54

 However, for each survey, the three 

classes of vehicles of the same model year have the same age, for example model year 

1992 is observed in both 1995 and 2001 surveys at age 3 and 9 respectively; hence, we 

can calculate the scrappage rate from age 3 to 9 for cars, SUVs and pickup trucks to be 

21%, 20% and 13%, respectively. NHTS 1995, 2001 and 2009 cover model year 1981 

to 2000, with a total 31 age pair observations. To test the relative order of the 

scrappage rates within cars, SUV and pickup trucks, we normalize the scrappage rate 

                                                           
54

 Although we would ideally be able to infer information about national level scrappage rates from 

these samples, we found the survey population weights did not provide vehicle counts similar to the 

Wards data. For some years, the 1990 NHTS in particular, the implied vehicle populations can be quite 

different from Ward’s report. Hence, we do not attempt to use these data to determine lifetime 

scrappage curves but only to compare vehicle classes to one another. 
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of cars to 1 and pickup trucks to 0, and rescale the SUV scrappage rate accordingly. 

The density of the rescaled SUV scrappage rates, smoothed with an Epanechnikov 

kernel using a bandwidth of 0.15, is plotted in Figure 2.2 in the paper. The average is 

0.25, which, as predicted, lies in between that of cars and pickup trucks. This means 

that while SUV scrappage rates are most similar to pickup trucks, they are not 

identical and, as predicted, are lower than cars. A one tailed t-test on these values 

suggests that SUV scrappage rates are statistically different from those of pickup 

trucks at the 10% level.
55

 

                                                           
55

 Based on 28 observations, the one-tailed t-statistics is 1.64. Two outliers, in which cases the rescaled 

SUV scrappage rate has an absolute value greater than 3, are excluded. 
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Table A.2: NHTS Data Statistics 

NHTS 

  

Vehicle Type 

  Vehicle Type 

Percent 
(weighted) 

  Vehicle Model Year 

   

-9 = Not 
ascertained   

-8 = Don't 
now   

-7 = 
Refused   

-1 = Appropriate 
skip   Known 

2009 

 
Auto=01 

 
51.11% 

 
0.00% 

 
3.25%   0.18%   0.00%   96.57% 

 
SUV=03 

 
18.09% 

 
0.00% 

 
2.54% 

 
0.17% 

   
97.29% 

 

Pickup truck=04 

 

17.96% 

 

0.01% 

 

4.21% 

 

0.10% 

   

95.68% 

 
-7 = Refused 

 
0.04% 

   
1.00% 

 
68.74% 

   
30.26% 

 
-8 = Don't know 

 
0.08% 

   
76.92% 

 
0.29% 

   
22.79% 

 

-9 = Not 

ascertained 
 

0.02% 
 

1.23% 
 

        92.05%   6.72% 

2001 

 

Auto=01 

 

56.53% 

 

0.56% 

 

2.31% 

 

0.17% 

   

96.96% 

 

SUV=03 

 

11.99% 

 

0.60% 

 

1.89% 

 

0.10% 

   

97.41% 

 

Pickup truck=04 

 

18.43% 

 

0.80% 

 

2.74% 

 

0.12% 

   

96.34% 

 

-7 = Refused 

 

0.03% 

   

2.79% 

 

65.59% 

   

31.62% 

 
-8 = Don't know 

 
0.05% 

 
  

 
93.54%           6.46% 

1995 

 
Auto=01 

 
64.34% 

   
2.57% 

     
97% 

 
SUV=03 

 
6.90% 

   
2.16% 

     
98% 

 

Pickup truck=04 

 

17.67% 

   

3.17% 

     

97% 

 

99 = Refused 

 

0.02% 

   

61.48% 

     

38.52% 

  

98 = Not 

ascertained   1.27%       99.31%           0.69% 

 



 

113 
 

Appendix C. Scrappage Rate and Survival Rate 

The scrappage rates and survival rates by age that have been used in the back-

of-the-envelope calculations are listed in table A.3. The scrappage rates are calculated 

based on the L, B and k coefficients estimated from Walker’s first stage specification. 

Survival rate is calculated as 1 minus scrappage rate for each age. 

Table A.3: Scrappage Rate and Survival Rate 

 

Scrappage Rate   Survival Rate 

Age 
Walker Post 

War 

1980-

1987 

1969-

1987 
  

Walker Post 

War 

1980-

1987 

1969-

1987 

1 0.24% 0.58% 0.53% 

 

99.76% 99.76% 99.47% 

2 0.50% 0.82% 0.77% 

 

99.26% 98.95% 99.23% 

3 1.05% 1.14% 1.09% 

 

98.21% 97.82% 98.91% 

4 2.16% 1.57% 1.55% 

 

96.10% 96.28% 98.45% 

5 4.22% 2.16% 2.17% 

 

92.05% 94.21% 97.83% 

6 7.62% 2.92% 3.01% 

 

85.03% 91.46% 96.99% 

7 12.26% 3.89% 4.10% 

 

74.60% 87.90% 95.90% 

8 17.13% 5.08% 5.48% 

 

61.82% 83.43% 94.52% 

9 21.04% 6.48% 7.13% 

 

48.82% 78.03% 92.87% 

10 23.55% 8.03% 9.01% 

 

37.32% 71.76% 90.99% 

11 24.95% 9.67% 11.01% 

 

28.01% 64.83% 88.99% 

12 25.66% 11.28% 13.01% 

 

20.82% 57.51% 86.99% 

13 26.00% 12.79% 14.88% 

 

15.41% 50.15% 85.12% 

14 26.17% 14.13% 16.51% 

 

11.38% 43.07% 83.49% 

15 26.25% 15.25% 17.87% 

 

8.39% 36.50% 82.13% 

16 26.28% 16.15% 18.94% 

 

6.18% 30.61% 81.06% 

17 26.30% 16.85% 19.76% 

 

4.56% 25.45% 80.24% 

18 26.31% 17.38% 20.37% 

 

3.36% 21.03% 79.63% 

19 26.31% 17.78% 20.82% 

 

2.48% 17.29% 79.18% 

20 26.31% 18.07% 21.14%   1.82% 14.17% 78.86% 
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Appendix D. Scrappage Elasticity With Respect to Vehicle Price by Age 

Scrappage elasticity with respect to vehicle price by age is provided in table 

A.4. It is estimated based on the specification A.1, where     is the observed 

scrappage rate for age a in year t,    is the number of operable cars in year t,    is the 

estimated scrappage rate of age a from first stage specification 1 in the paper. The left 

hand side gives the residual scrappage rate for age a after considering aging.     is the 

ratio of new cars of model year t registered in year t over total operable cars in year t, 

and    is vehicle price index in year t.  

   
   

  
                                                                                   (A.1) 
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Table A.4: Elasticity w.r.t. Vehicle Price by Age 

age 
log(Pt) 

log(R0t) Const R-sqr 

Elasticity w.r.t. Vehicle Price 

2 0.657 -1.468 -15.998 0.05 

 

(1.3950) (1.5991) (17.7571) 

 
3 -1.037 -1.218 -9.142 0.27 

 

(0.7783) (0.6334) (7.2386) 

 
4 -1.422 -0.799 -4.436 0.34 

 

(0.5667)** (0.5138) (5.8396) 

 
5 -1.928 -0.733 -2.537 0.52 

 

(0.52152)*** (0.4074) (4.8048) 

 
6 -2.074 -0.139 3.835 0.60 

 

(0.4206)*** (0.3087) (3.7352) 

 
7 -2.449 0.012 6.221 0.61 

 

(0.4969)*** (0.3911) (4.7057) 

 
8 -2.465 0.239 8.563 0.60 

 

(0.5068)*** (0.4014) (4.8891) 

 
9 -2.657 0.417 10.844 0.60 

 

(0.51297)*** (0.3869) (4.7195) 

 
10 -2.636 0.424 10.963 0.59 

 

(0.5640)*** (0.3855) (4.9497) 

 
11 -2.518 0.250 9.020 0.57 

 

(0.5994) (0.34637) (4.6308)* 

 
12 -2.074 0.208 7.529 0.59 

 

(0.4759)*** (0.2903) (3.8382)* 

 
13 -1.606 0.089 5.189 0.55 

 

(0.3894)*** (0.2446) (3.1148) 

 
14 -0.997 -0.090 1.876 0.43 

  (0.3490)** (0.2438) (3.0088)   
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Appendix E. Further Regressions for Light Truck Fleet 

The following tables perform regressions using the light truck fleet rather than the car 

fleet results presented in the main text. Generally these results are less precise than 

those of the car fleet, including those using the IV specification. As documented in the 

main text Section 2.3.1, we speculate this is due to the substantial composition 

changes in the light truck fleet towards SUVs.  

Table A5: Elasticity of Scrappage with Respect to Vehicle Price and Gasoline Price – Walker 

2nd Stage Trucks 

  OLS   AR(1)   AR(2) 

  I II III IV   V   VI 

                  

Ln(Price Index) 
-0.334   -1.198** -0.288   -0.380   -0.385 

(0.430)   (0.535) (0.581)   (0.437)   (0.469) 

Ln(Used Vehicle Price 
Index) 

  -0.736             

  (0.473)             

Ln(Maintenance and 
Repair Cost Index) 

  0.905             

  (0.594)             

Ln(GDP) 
    0.298 1.365***         

    (0.376) (0.233)         

Ln(Percent Imported) 
      -0.284*         

      (0.161)         

Ln(Steel Price) 
      -0.422***         

      (0.122)         

Ln(Gasoline Price) 
0.930** 1.063**   1.055***   0.937***   0.937*** 

(0.337) (0.427)   (0.354)   (0.238)   (0.227) 

Ln(Turnover Rate) 
      0.698**         

      (0.268)         

Constant 
2.856*** 2.345** -2.128 -8.220***   2.871***   2.875*** 

(0.817) (0.954) (3.417) (2.011)   (0.540)   (0.516) 

L.ar           0.185   0.179 

            (0.384)   (0.377) 

L2.ar               0.066 

                (0.139) 

N 31 31 31 31   31   31 

Notes: This regression estimates the second stage of Walker, (1968) ), specification (4), using 31 calendar years of 

observations.. Values shown are coefficients from a regression of ln(scrappage) on the covariates listed. Turnover rate are 

calculated as new car registration over total car in use, for each year. Vehicle price index is the ratio of the Used Vehicle 
Price and Used Vehicle Maintenance and Repair Cost indices constructed by the BLS with a base of 1982-1984=100. 

Robust standard errors are in parenthesis. * significant at 10%, ** significant at 5%, *** significant at 1%. 
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Table A6: Elasticity of Scrappage with Respect to Vehicle Price  

Instrument using CAFE Level for Trucks 

  Instrumental Variables 

  I II 

      

Ln(Price Index) 
0.222 0.380 

(0.872) (0.923) 

Ln(Turnover Rate) 
1.009*** 1.042*** 

(0.278) (0.301) 

Ln(Gasoline Price) 
  0.048 

  (0.243) 

Constant 
3.099*** 3.161*** 

(0.700) (0.708) 

N 31 31 

      

  First Stage 

F-Stat 17.823 17.894 

R-Squared 0.442 0.511 
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Table A7: Robustness Test for Gasoline Price Elasticity – Linear 

Specification for Trucks 

 

Basic Model 

 

AR(1) 

 
I II III IV 

 
V 

Gasoline Price 
-0.01   -0.01 0.01 

 
-0.01 

(0.004)***   (0.003)*** (0.004) 

 

(0.004)*** 

Gasoline Price 

Index  
0.00 

    
  (0.000)***     

 

  

Gross Domestic 

Product   
7.05E-06 

       (0.000)**   
 

  

Percent of 

Import   
0.00 

       (0.020)   

 

  

Steel Price 
  

0.00 

   
    (0.000)**   

 
  

Turnover Rate 
   

0.33 
  

      (0.045)*** 

 

  

Constant 
0.11 0.12 0.06 0.05 

 

0.13 

(0.008)*** (0.009)***     

 

(0.008)*** 

Rho 1 - - - - 

 

-0.12 

Rho 2 - - - - 

 

- 

Obs 325 325 325 312 

 

325 

Elasticity -0.30 0.00 -0.30 0.17   -0.38 

Notes: This regression presents OLS estimates following equation 6. Coefficients are reported 
from a regression of log(scrappage) on log(real gasoline price) and other covariates where listed. 

We also control for age and model year fixed effects. Elasticity are derived from coefficient of gas 

price. Standard errors are in parenthesis. * significant at 10%, ** significant at 5%, *** significant 
at 1%. 
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Table A8: Elasticity of Scrappage with Respect to Gasoline Price  

– Walker 2
nd

 Stage for Trucks 

  Basic Model   AR(1)   AR(2) 

  I II III IV   V   VI 

ln(Gas Price) 
0.15   -0.43 0.59   0.36   0.14 

(0.218) 

 

(0.125)*** (0.257)***   (0.187)*   (0.192) 

Ln(Gasoline 
Price Index) 

  0.13             

 
(0.198) 

  
        

Ln(Gross 
Domestic 

Product) 

    0.18 0.08         

  

(0.148) (0.114)         

Ln(Percent of 

Import) 

      -0.45         

   
(0.117)***         

Ln(Steel Price) 
      -0.53         

      (0.149)***         

Ln(Turnover 

Rate) 

1.18 1.16 

 

1.38   1.42   1.15 

(0.492)** (0.488)**   (0.434)***   (0.351)***   (0.361)*** 

Constant 
3.50 2.87 -0.82 5.06   4.04   3.41 

(1.174)*** (0.668)*** (1.181) (1.533)***   (0.830)***   (0.840)*** 

rho 1 - 
- - -   0.14   0.15 

rho 2 - - - -   -   0.04 

Obs 31 31 31 31   31   31 

Notes: This regression estimates the second stage of Walker, (1968) ), specification (4), using 31 calendar years of 

observations.. Values shown are coefficients from a regression of ln(scrappage) on the covariates listed. Turnover rate are 

calculated as new car registration over total car in use, for each year. Vehicle price index is the ratio of the Used Vehicle 
Price and Used Vehicle Maintenance and Repair Cost indices constructed by the BLS with a base of 1982-1984=100. 

Robust standard errors are in parenthesis. * significant at 10%, ** significant at 5%, *** significant at 1%. 



 

120 
 

Appendix F. Time Series Test 

 

Tale A9: Residual Tests Results 

  
Passenger Cars 

 
Light Trucks 

  
Vehicle Price Gasoline Price   Vehicle Price Gasoline Price 

Dickey Fuller Test   -3.308** -0.139**   -4.252*** -4.687*** 

ERS Test Lags 

     

 
8 -1.403 -1.855 

 
-1.071 -0.912 

 

7 -1.846 -2.265 

 

-1.497 -1.211 

 

6 -2.144 -2.541 

 

-1.335 -1.195 

 
5 -2.271 -2.904* 

 
-1.307 -1.231 

 

4 -1.62 -2.484 

 

-1.406 -1.315 

 

3 -1.533 -2.737 

 

-1.341 -1.276 

 
2 -1.376 -2.257 

 
-1.596 -1.539 

  1 -1.796 -2.19   -2.637 -2.606 

Regression on Lag 

      

 

Lag 0.42 0.48 

 

0.18 0.13 

  
(0.175)** (0.167)*** 

 
(0.193) (0.185) 

 

Const. 0.00 0.00 

 

-0.01 -0.12 

    (0.018) (0.020)   (0.047) (0.045) 

Notes: We conducted three residual tests: Dickey Fuller test, ERS tests with 8 lags and regressing residual on the first lag. 

For the first two tests,  t-statistics are as shown. For the regression, the coefficients are reported and standard errors are in 
parenthesis. * significant at 10%, ** significant at 5%, *** significant at 1%. 

 

 


