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The recent Notice of Proposed Rulemaking (NPRM) published by the Environmental 

Protection Agency (EPA) proposed less stringent fuel economy standards for a safer affordable 

fuel-efficient (SAFE) vehicle rule for passenger vehicles and light trucks. With the 

advancements in the vehicle technology and improving fuel efficiency, the per-mile driving 

cost of passenger vehicles will reduce. However, this reduction in the driving cost may result 

in the rise of vehicle miles traveled, which is referred to as the rebound effect. Motivated by 

observing this unusual behavior on vehicle miles traveled (VMT) as a result of vehicle-related 

taxation schemes, this study aims at understanding the elasticity of VMT to fuel economy, 

which will be the reflection of the rebound effect, as well as the difference between elasticity 

of VMT to fuel price and fuel economy using 2017 National Household Travel Survey (NHTS). 

The magnitude of the elasticity of VMT to fuel economy is estimated to be between 0.19 and 

0.37. This study aids in contemplating the effectiveness of the standards at reducing fuel 

utilization and related greenhouse gas emissions. 
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Chapter 1: Introduction 

1.1 The New Rule              

              The recent Notice of Proposed Rulemaking (NPRM) by the National Highway 

Traffic Safety Administration (NHTSA) of the U.S. Department of Transportation (DOT) and 

the Environmental Protection Agency (EPA) released the final Safer Affordable Fuel-

Efficient (SAFE) Vehicle Rule setting Corporate Average Fuel Economy (CAFE) and 

greenhouse gas emissions standards for model year 2021-2026 passenger cars and light 

trucks. Prior to that rule, in 2012 NHTSA and EPA developed statutorily required CAFE rule 

under the 1975 Fuel Economy Act and CO2 standards under the 1971 Clean Air Act 

standards for model year 2017-2025.  

NHTSA is required by Federal law to determine the maximum feasible level of fuel 

economy standards for both passenger cars and light trucks for every model year. The CAFE 

standards are set considering four specific factors: technological feasibility; economic 

practicability; the effect of other motor vehicle standards of the Government on fuel 

economy; and the Nation’s need to conserve energy. However, tightening fuel economy 

standards could have manufacturers to invest in the technology and relatively increase the 

cost of low-efficient vehicles. Thus the majority of automakers could not meet the 2012 

standards, meaning the costs now exceed benefits by proposed by 2018 NPRM. Hence, EPA 

issued the Mid-Term Evaluation Final Determination that the model year 2022-2025 

greenhouse gas emissions standards are not appropriate and should revised in 2018. For 

nearly two years, the agencies worked together to extensively analyze current automotive and 

fuel technologies, and published a notice announcing the opening of the public comment 

period for submitting the additional comments, data and information.  
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The EPA and DOT proposed rule change would defer implementing more stringent 

CAFE standards, thereby reducing light vehicle fuel economy and increasing fuel 

consumption and associated greenhouse gas (GHG) emissions. But it proposes to reduce the 

price of new cars, making it easier for people to purchase newer, cleaner and safer vehicles, 

thereby increase the demand to replace older cars, with attend impact on vehicle miles 

traveled (VMT) as well as the volume of emissions and estimated vehicular fatalities. Also, 

the reducing car prices help unemployment of U.S. auto manufacturers. Under the SAFE 

Rule, the projected overall industry average required fuel economy in model year 2021-2026 

is 40.4 miles per gallon, which is lower than the 46.7 miles per gallon projected requirement 

for model year 2025 under 2012 standards. Since the new rule reduces the standard of 

improving fuel economy, the required technology costs would be reduced by $86 to $126 

billion over the lifetimes of vehicles through MY 2029 (March 31, 2020 NHTSA). When 

compared with the CAFE standards issued in 2012, the SAFE standards are expected to 

reduce regulatory costs by as much as $100 billion through model year 2029. With more new 

reliable vehicles on the roads, NHTSA and EPA estimate that the highway fatalities will 

decrease and that about 12,700 lives will be saved. Moreover, by reducing the emission 

control requirements, it would be an incremental increase in pollutants. A summarized 

comparison between purposes, approaches and expected effects between CAFE and SAFE 

rules are illustrated in Table 1. 
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Table 1: Comparison between CAFE and SAFE 

 2012 CAFE 2020 SAFE 

Purpose Reduce energy consumption by 

increasing the fuel economy of 

cars and light trucks. 

Make newer, safer, cleaner vehicle 

more accessible for American 

families. 

Approach 1) Promote the advancement of 

innovative technologies. 

2) Increase the availability of 

alternative fuel vehicles. 

1) Reduce average required fuel 

economy. 

2) Reduce prices of new cars.  

3) Reduce emission control 

requirements. 

Effect 1) Reduce greenhouse gas (GHG) 

emission. 

2) Relatively increase the cost of 

low-efficient vehicles. 

3) Costs exceed benefits. 

4) Majority of automakers cannot 

meet the standard.  

5) Induce the rebound effect. 

1) Reduce required technology 

costs and regulatory costs. 

2) Boost new vehicle sales. 

3) Show fewer crash fatalities, 

injuries and vehicle damaged. 

4) Help American workers and 

thousands of businesses in auto 

sector. 
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5) Incremental increase in 

pollutants. 

             Hence, the EPA and DOT seek to monetize these effects and present their results 

evaluated in present value terms for comparison. First, reducing light vehicle fuel economy 

will increase fuel consumption and associated GHG emissions. Second, reducing new vehicle 

price will increase vehicle demand, vehicle miles traveled (VMT) as well as the volume of 

GHG emission. The most important component of the economic analysis is the change in 

annual vehicle miles traveled (AVMT) in response to changes in vehicular fuel economy 

(Miles Per Gallon -MPG), or in economics terns the elasticity of VMT with respect to MPG.   

This being expressed by 

𝑒 =
△ 𝑉𝑀𝑇

𝑉𝑀𝑇
/
△ 𝑀𝑃𝐺

𝑀𝑃𝐺
 

1.2 The Rebound Effect              

New technology vehicles are more efficient and are expected to produce significant 

savings in energy consumption and greenhouse gas (GHG) emissions. However, if the 

vehicle’s fuel economy increases, the amount of fuel consumed per mile of travel reduces and 

with it the overall driving cost. Fuel efficient cars and lower driving cost might induce the 

consumers to drive more miles. This implies that a portion of the energy savings and reduced 

emissions that would have been obtained with unchanged behavior are compromised, 

diminishing the effectiveness of such improvements. The rebound effect is the reduction in 

expected gains of energy savings from new technologies that increase vehicle’s fuel 

efficiency, because of behavior responses. 
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            The rebound effects can lead to additional energy use above the amount used prior to 

the energy efficiency improvement. This is often called ‘backfire’ effect, referring to energy 

efficiency improvement ‘backfiring’ in terms of energy saving. (Gillingham 2014). 

Economists argue that the rebound effect can possibly produce negative overall outcomes, 

reflecting the fact that fuel efficient improvements can possibly outgrow the positive effects 

of the energy savings due to improved technology. Recently policymakers and academics are 

more and more interested in rebound effects from energy efficiency policies. According to 

the Figure 1, if the amount rebound effects is very large, it might exceed the amount of fuel 

savings with no rebound. In this case, the fuel efficiency improvements will make no 

contribution to energy saving, meaning the energy polices fail. Hence, it is necessary to 

estimate the rebound effect after releasing the new fuel economy polices and rules. 
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Figure 1 

Note:   Figure 1 shows 2025 US transport sector energy use with the 2017-2025 CAFE 

standards illustrating how rebound effects may influence energy savings (Gillingham et al., 

2013). The figure assumes a 30% rebound effect for illustrative purposes. 
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1.3 Scope and Objective              

            The objective of this thesis is to study the long run rebound effect of fuel economy on 

households’ vehicle usage. Elasticity to fuel economy are calculated and compared to the 

estimates proposed by EPA in their 2018 Notice of Proposed Rulemaking (NPRM) and to 

those available in scientific literature. The results expected should help better understand the 

consequences of the previous CAFE rule, new proposed SAFE rules and its impacts on 

consumers’ behaviors. This analysis is based on the most recent National Household Travel 

Survey (NHTS) data, which is a representative sample of the American population and was 

collected by the Federal Highway Administration (FHWA) in 2017. 
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Chapter 2: Literature Review 

             In this Chapter a comprehensive review of the literature related to rebound effect 

estimates is presented. The reference studies are reported in Table 2 following a 

chronological order and are classified based on the Nation where the study was conducted, 

the time period, and if included in NPRM or not. The Table is based on several sources 

including the NPRM proposed rulemaking for ‘Safer Affordable Fuel Efficient’ (SAFE) 

vehicles and the summary table of the Best Evidence Available for a Central Estimate of the 

Rebound Effect for Fuel Economy Standards in the United States compiled by Gillingham 

(2018). 
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Table 2: The overview of rebound effect related literature   

Author (Date) Nation Data & Time Period 

Rebound 

Estimates 

Included 

in NPRM? 

Comments 

Barla et al. [2009] Canada 

1990-2004 

10 Canadian provinces 

8-20% Yes 

The study estimates the reverse influence with 

three variables. Each effect becomes 

considerably stronger over the long term. 

Bento et al. [2009] U.S. 

2001 NHTS 

150,000 household 

vehicles 

34% Yes 

The study reports the average VMT elasticity 

with respect to the price of gasoline as -0.34, 

implying a 34% rebound. However, the NPRM 

reports a range of 21-38% based on unclear 

basis, that’s is not reported in this paper. 

Wadud [2009] U.S. 

1984-2003 

U.S. income quintiles 

1-25% Yes 

The study estimates rebound effect ranging from 

1-25%, with the smallest estimates (8% and 1% 

for the two lowest income groups, and larger 

estimates 18% and 25% for the two highest 

income categories. 
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Hymel et al. [2010] U.S. State-level 1966-2004 9% No 

The 9% rebound estimate was authors’ preferred 

estimate with variables at their 2004 average 

values. 

West and Pickrell 

[2011] 

U.S. 

2009 NHTS 

120,000 household 

vehicles 

9-34% Yes 

Their estimates of fuel economy rebound effect 

range from 9-34% with their lowest estimates 

applying to single -vehicle households and their 

highest values to households owning three and 

more vehicles.  

Gillingham [2011] U.S. 

Odometer; 

CA 2001-2009 

1% No 

The study suggests that the response to fuel 

economy may be less than the response to the 

fuel prices.  

Greene [2012] U.S. Aggregate 1966-2007 0% No 

The study does not find any direct impact of fuel 

efficiency on the consumer level, but it provides 

support for significant effect of gasoline prices 

on vehicle level. 
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Anjovic and Haas 

[2012] 

E.U. 

1970-2007 

6 E.U. nations 

19-44% Yes 

Reported a long-run aggregate rebound effect of 

44% for six nations, with individual rations 

ranging from a low of 19% (for Austria) to high 

as 56% (Italy) 

Su [2012] U.S. 

2009 NHTS 

45,000 households 

11-19% Yes 

Despite an interesting quantile regression study 

done by the author, since the data used is travel 

dairy data, neither the fixed effects are controlled 

nor there are instruments to eliminate the bias. 

Linn [2013] U.S. 

2009 NHTS 

230,000 household 

vehicles 

20-40% Yes 

The response to fuel economy is greater than the 

response to fuel prices in this study.  

Frondel and Vance 

[2013] 

Germany 

1997-2009 

2,165 households 

46-70% Yes 

The study estimates the response of vehicle use 

to variation in fuel efficiency, fuel price, and fuel 

cost per mile ranging from 42% to 57%. It also 

captures the response of fuel consumption to 
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changes in fuel price corresponding to a rebound 

effect of 90%.  

Liu et al. [2014] U.S. 

2009 NHTS; MD/DC/VA 

1,420 households 

40% Yes 

Their results imply the vehicle usage decision 

will be reduced by about 20% when the fuel cost 

increase by 50% and by less than 6% in response 

to a 50% increase in density.  

Gillingham [2014] U.S. 

CA 2001-2009 

5 million vehicles 

22-23% Yes 

The study focuses on a single gasoline price 

shock. (for the potential effect of gasoline 

demand on its retail price) 

Hymel and Small 

[2015] 

U.S. 

2003-2009 

50 U.S. states 

4-18% Yes 

Although the authors have reported a range of 

rebound estimate, the 2018 proposed rule 

chooses only the high estimate. 

Gillingham [2015] U.S. 

Odometer; 

PA 2000-2010 

10% No 

The rebound estimate of 10% is valid for only 

Pennsylvania state. The study also provides 

further evidence on the magnitude of the 
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elasticity of VMT in response to changing fuel 

prices. 

West et al. [2017] U.S. 

Odometer; 

TX 2010-2011 

0% Yes 

The authors find no evidence of a rebound effect 

that offsets the reduction in fuel consumption, 

implying that new efficient vehicle buyers who 

do not appear to drive more. 

Langer et al. 

[2017] 

U.S. 

Odometer; 

OH 2009-2013 

11% No 

This study includes a rich dataset and employs 

vehicle identification number fixed effects, so the 

estimation relies on the time series valuation. 

Knittel and Sandler 

[2018] 

U.S. 

Odometer; 

CA 1998-2010 

14.7% No 

This study includes a rich dataset and employs 

vehicle identification number fixed effects, so the 

estimation relies on the time series valuation. 

Wenzel and Fujita 

[2018] 

U.S. 

Odometer; 

TX 2005-2010 

7.5-15.9% No 

The 7.5% to 15.9% range is based on a 

conversation with the authors, who suggest 

considering both the estimates based on fuel 

prices and cost per mile to be consistent. 
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Notes: All of the estimates reported are VMT elasticities with respect to the fuel price or cost per mile of driving, except West and Pickrell [2011], 

Gillingham [2011], Greene [2012],  and West et al. [2017], which are elasticities with respect to fuel economy. This table converts these elasticity 

estimates to percentage rebound effects. Abbreviate of state: CA – California; MD – Maryland; DC – District of Columbia; VA – Virginia; PA – 

Pennsylvania; OH – Ohio; TX – Texas. 
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              Below, some specific papers are analyzed in details and major findings are 

highlighted. 

              Barla et al. (2009) analyzed response to car and light truck ownership, aggregate 

economic activity, using panel data for ten Canadian provinces over the period 1990-2004. 

Three variables were estimated simultaneously, explaining variation (called reverse 

influence) in one variables due to the other effects considered. The authors concluded that 

each effect becomes considerably stronger over long term when changes occur in economic 

activity and fuel price. 

              Bento et al. (2009) estimated the vehicles’ per mile operating cost (including fuel 

costs) effect on each household vehicle’s fuel efficiency, maintenance, insurance expense and 

households’ annual usage of each owned vehicle, based on 120,000 household vehicles of the 

National Household Travel Survey (NHTS) 2001. The results of rebound effect vary by 

different household composition, including vehicle size, type and age, ranging from 21 to 

38%, with a composite estimate of 34% for all households, vehicle models and ages. New 

luxury cars fall on the lower end of the rebound effect spectrum, and the light trucks on the 

higher end. Vehicle age has little impact on the rebound effect estimates.  

              Wadud et al. (2009) combined data on U.S. household demographic characteristics 

and expenditures on gasoline over the period 1984-2003 using the Consumer Expenditure 

Survey and a variety of sources to investigate the effect of tax reforms on GHG emissions 

from private transportation. Primary conclusion of these studies indicates that the gasoline tax 

effect is lower when compared to the gasoline vehicle per gallon saving. Evidently, the 

advancements in vehicle technology reduce the per-mile driving cost of passenger vehicles. A 

trivial implication of the same effect is the reduction in gasoline usage and thereby reduction 

in GHG emissions. However, a rebound effect may also be triggered with better fuel 
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efficiency; that is, the users tend towards increased vehicle usage or resort to bigger vehicles. 

This effect might attenuate the gains in fuel efficiency. An increased magnitude of such 

rebound effect may even result in outcomes contradictory to the common expectations, which 

in this case could be a failure to achieve desired emission targets. Instrumenting the policies 

with reducing gasoline consumption and GHG emissions as primary goals should give an 

adequate consideration for such effects. 

             West & Pickrell (2011) modeled household and vehicle characteristics to estimate the 

vehicle ownership and usage of multiple-vehicle households, and effects of fuel economy and 

using gasoline tax on gasoline consumption. In order to test differences in factors affecting 

vehicle usage between single and multiple-vehicle households, they classified the household 

according to the number of vehicles. They adopted two models for their research. In the first 

model, they used fuel economy and gasoline price separately. In the second model, they used 

fuel cost per mile calculated by fuel price over fuel economy. They pointed out that the 

effects of fuel economy and price differ from each other, and that fuel economy rebound 

effect is prominent. 

             Linn (2013) reported that 1 percent increase of fuel economy might raise driving 

from 0.1 to 0.8 percent, confirming that rebound effect estimated in the literature are 

considerably different. According to EPA 2011, the percentage change caused by fuel 

economy falls in the range of 0.1 to 0.3, and many recent estimates have fallen toward the 

lower bound. Linn reviews several major challenges in the estimation of rebound effect: 1) 

Fuel economy may be correlated with other vehicle attributes or household characteristics 

because households choose the fuel economy of their vehicles. 2) Different from the long-run 

rebound effect, the short-run rebound effect may induce gradual responses, such as 
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carpooling, moving, or changing jobs. However, he notes that the long-run rebound effect is 

most relevant measure for welfare analysis of fuel economy standards.  

             Linn’s estimation strategy is based on the 2009 National Household Travel Survey 

(NHTS) data. His analysis starts with a model that specifies the VMT of vehicle i belonging 

to household h as a function of its fuel costs, vehicle and household characteristics. Then, he 

pointed out three reasons why such equation would yield biased rebound effect estimation. 

Firstly, the fuel costs are correlated with the error term if the vehicle’s fuel economy is 

correlated with other vehicle characteristics that are not included in the equation. Given is 

consideration, he added vehicle model fixed effects and included interactions of the fixed 

effects with certain household characteristics. The vehicle model fixed effects control for 

vehicle characteristics other than fuel economy, such as horsepower or overall “quality”, 

which vary at the model level. Also, considering the model fixed effects not controlling 

vehicle or household characteristics that vary across vintages of the same model, he adopted 

the two-stage least squares (2SLS) approach. He instrumented for the vehicle’s fuel economy 

using the gasoline price at the time that household vehicle purchased in the first stage of 

2SLS. Second, he stated that the fuel costs are correlated with the error term if the vehicle’s 

fuel economy is correlated with fuel economy or other vehicle characteristic of other 

household vehicles. Turning to this assumption, he inputted the term of fuel economy of 

household’s other vehicles. The equation (1) is utilized in his second-stage of 2SLS: 

ln(𝑉𝑀𝑇ℎ𝑖) = 𝛿0 + 𝛿1 ln(𝑝ℎ) + 𝛿2 ln(𝑚ℎ𝑖) + 𝛿3 ln(𝑚̅ℎ,−𝑖) + 𝑓(𝜂𝑗 , 𝑋ℎ) + 𝜀ℎ𝑖     (1) 

where ln(𝑚̅ℎ,−𝑖) is the log of average fuel economy of the household’s other vehicles. 

Different from the gasoline price at the time household purchased the vehicle which is 

utilized in the stage one, 𝑝ℎ is the gasoline price at the time that 𝑉𝑀𝑇ℎ𝑖 is measured. 

𝑓(𝜂𝑗 , 𝑋ℎ) includes both of the vehicle characteristics and household characteristics.  
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             Linn found that VMT responds much more strongly to vehicle fuel economy than to 

gasoline prices, which elasticity of VMT to gasoline prices is -0.09 to -0.2 without the 

statistically significant sign. Linn also reports that the fuel economy rebound effect as the 

percentage VMT change caused by a 1 percent increase in the fuel economy raises 0.2 to 0.4 

percent change of VMT. The rebound effect is much larger after addressing the potential 

correlations between fuel economy and other vehicle characteristics.  

             Liu, Tremblay & Cirillo (2014) developed an integrated modeling framework to 

observe household decisions, including ownership, class/vintage, and usage. The proposed 

model structure allows the simultaneous analysis of potentially correlated discrete and 

continuous dependent variables. In the discrete part, they estimated both vehicle ownership 

and vehicle class and vintage choices. The discrete choice models forecast the outcome of a 

categorical dependent variable, household vehicle ownership, using some set of predictors. 

They adopt regression to model the decisions on the household vehicle mileage in the 

continuous part, which required them to measure these effects by introducing variation in fuel 

costs, household demographics and vehicle characteristics. The model deals with the overall 

VMT per household, calculated as the sum of VMT of all the household vehicles. In the 

discrete-continuous choice models, they model the dependent variable of discrete model and 

continuous model jointly in order to capture the correlation between them. Their results imply 

the vehicle usage decision will be reduced by about 20% when the fuel cost increase by 50% 

and by less than 6% in response to a 50% increase in density.  

             Liu & Cirillo (2016) proposed a model system to forecast household greenhouse gas 

emissions (GHGEs) from private transportation, combining integrated discrete-continuous car 

ownership model with MOVES 2014. Four modeling components are calibrated and applied 

to calculate vehicle quantity, vehicle type and vintage, vehicle miles traveled (VMT), and 
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rates of GHGEs. From the results, Yan shows that 1) A fuel tax is the most effective to 

reduce vehicle GHGEs, especially for households with fewer vehicles. 2) a purchase tax 

reduces vehicle GHGEs mainly by decreasing the number of household vehicles for 

households with more vehicles. 3) An ownership tax reduces vehicle GHGEs by decreasing 

both household vehicle quantity and household VMT.   

              Bento et al. (2018) argued that the 2018 NPRM is not comprehensive, falling short 

in addressing the consumer behavior, and that the analysis is flawed and inconsistent with the 

basic economic theory and empirical studies. They pointed out that a benefit-cost analysis for 

fuel economy standards should be grounded on the basic economic principles, consider both 

consumers and automakers, and keep account of several externalities, including a range of 

parameter values and inherent uncertainty as well as the impact of related policies. In the 

2018 NPRM report, the benefits calculated are roughly twice higher than those reported in the 

2016 analysis; this discrepancy is mainly due to lower driving costs and higher miles traveled 

caused by the rebound effect. The same authors also challenged the doubled magnitude of 

rebound effect based on the fact that recent literature estimates smaller rebound effect. In an 

attempt to identify the flaws of the analysis, the authors discussed that consumers trade off 

vehicle prices for various vehicle attributes (for example, performance, safety features, 

seating capacity, etc., how much to drive and whether to keep or scrap older vehicles) and 

how the analysis comes up with an incorrect size of vehicle fleet. Local air pollution, external 

effects on energy security, traffic congestion are all affected by fleet size. The article also 

claimed that the analysis fails to notice global impact of CO2 and GHG emissions and 

estimates the social cost of carbon incorrectly. It also stated that the proposed rule failed to 

examine the tradeoffs consumers make in choices between new and used cars, their 

interactions, multi-market outcomes in fleet size, fleet composition, prices of new and used 

vehicles, all of which are collectively interacting. 
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             Gillingham (2018) commented on the rebound effect changes from 10% in the 

previous rule to 20% in the 2018 NPRM. Based on a comprehensive review of existing 

studies he concluded that the central estimate for rebound effect is closer to 10%, 

undermining a key argument used to support the rollback of standards.  
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Chapter 3: Data Description 

3.1 Primary Dataset: The 2017 U.S. National Household Survey 

              The primary data source used for the analysis is the 2017 U.S. National Household 

Travel Survey (NHTS), which is a U.S. nationally representative survey of travel behavior 

conducted from April 2016 to April 2017. In NHTS the information about travel behavior is 

divided into four files: household-level, vehicle-level, person-level and trip-level files. The 

survey collected information for 129,696 households nationwide. The sociodemographic 

variables include: household income, household size, number of vehicles, number of adults, 

number of workers, and geographic information including residential density, household 

density, urban type, urban size and metropolitan statistical area (MSA) size.  

              Also, the dataset includes 256,115 vehicle observations with variables related to 

vehicle characteristics, such as vintage, make, model, annual vehicle miles traveled (AVMT). 

The 2017 NHTS includes two types of VMT data in vehicle file. First, a designated 

household member was asked to report the total number of miles driven with each of the 

household vehicles, called ‘self-reported VMT’ or ‘ANNMILES’. And the second one is the 

best estimate of annual miles called ‘BESTMILE’, which is an estimation based on self-

reported VMT, odometer reading, vehicle year, primary driver, etc. Note that BESTMILEs 

are computed only for automobiles, pickup trucks, vans, and sport utility vehicles. For 

motorcycles, other trucks, and recreational vehicles (RV), the BESTMILE is equal to the 

value of the self-reported VMT for those vehicles with such information available. Ideally, 

annualizing the odometer readings would probably generate the most reliable VMT estimate, 

but unfortunately, not all vehicles had an odometer reading recorded. Also, of those that did 

have their odometer reading recorded, the quality of some of the reported odometer readings 
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was less than desirable. However, the percentage of vehicles with the complete set of needed 

odometer data (odometer reading, vehicle year, primary driver, etc.), which the calculation of 

BESTMILE was based on, was 79.0%, a number far larger than the 63.9% in 2009. 

Considering the data availability for each vehicle, they provide six approaches to estimate the 

BESTMILEs, and it has been extensively validated. Hence, I consider the best estimate VMT 

data (BESTMILE) as the VMT data used in this paper. 

              It should be noted that the 2018 NPRM criticizes the use of NHTS for the calculation 

of rebound effect, and therefore the analysis performed by NHTSA is conducted on a dataset 

of vehicle odometer readings purchased from IHS/Polk (Polk), which collects odometer 

readings from registered vehicles when they encounter maintenance facilities, state inspection 

programs, or interaction with dealerships.  

              Beside, in NHTS the gasoline prices are reported in the trip file in cents, which are 

captured when the VMT is measured. The gasoline price of each trip is uniform within the 

same household.  

              The details of data extracted from NHTS is described below: 

• Household file: One data is recorded per household 

e.g. household members, income, number of vehicles, housing characteristics, land use 

• Person file: Each household member’s data is collected (one record for each HH 

member) 

e.g. relation to reference person, age, gender, work status, has license or not 

• Vehicle file: Data related to the household’s vehicles (one record for each vehicle of 

a HH) 
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e.g. year, make, model, estimates of annual miles traveled 

• Travel day trip file:  Data for each trip of every household is recorded in this file 

e.g. one-way trips taken during a designated 24-hour period, including the time, the trip 

began and ended, trips length, composition of the travel party, transportation mode, trip 

purpose, typical number of transits, walk and bike trips. 

 

Figure 2 Relation between different data files 
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3.2 Secondary Dataset: Fuel Economy Data 

              The usage of NHTS data against other sources of micro-data has its own advantages and draw-

backs. On one hand, the NHTS data is a representative of the nationwide data, on which the proposed 

rulemaking should be based on. It includes a large set of vehicle characteristics and a detailed information 

of each vehicle in a household, which provides a scope for the analysis on the effects of owning multiple 

vehicle and its influence on the VMT of other vehicles in the same household. On the other hand, the 

2017 NHTS data does not include a few key characteristics of the vehicle, mainly the fuel efficiency, fuel 

consumption, driving cost, seating, engine. For the required analysis, fuel efficiency being a key variable, 

is required to be constructed from alternate sources such as the U. S. Department of Energy resources and 

then matched with the 2017 NHTS data. The U.S. Environmental Protection Agency (EPA) and U.S. 

Department of Energy (DOE) produce Fuel Economy data to help car buyers choose the most fuel-

efficient vehicle that meet their needs. The purpose of EPA’s fuel economy estimates is to provide a 

reliable basis for comparing vehicles.  

              According to different vintage, manufacturer name, division and carline, each type of vehicles in 

this dataset have three fuel economy estimates; those are city fuel efficiency, highway fuel efficiency and 

combined fuel efficiency for different makes of the vehicle and within the recent two decades, calculated 

year by year. 

              1) A ‘city’ estimate that represents urban driving, in which a vehicle is started in the morning 

(after being parked all night) and driven in stop-and-go traffic. 

              2) A ‘highway’ estimate that represents a mixture of rural and interstate highway driving in a 

warmed-up vehicle, typical of longer trips in free-flowing traffic. 

              3) A ‘combined’ estimate that represents a combination of city driving (55%) and highway 

driving (45%) 

              Estimates for all vehicles are based on laboratory testing under standardized conditions to allow 

for comparisons. (Fuel Economy Guide 2020) This research adopts combined fuel efficiency data, which 
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is a weighted average of the other two fuel efficiencies. Thus the constructed dataset provides the 

information needed for the analysis of the rebound effect, i.e., the elasticity of the VMT to fuel economy.  

3.3 Data Integration 

              The process of data integration is divided into two steps in order to merge all the selected 

variables of the vehicle usage model into one integrated data file. The first step is merging the data from 

two different datasets, namely the NHTS dataset and the Fuel Economy dataset. The second step is 

capturing all the needed variables from different subsets of NHTS dataset.  

              A code has been written in Python to merge NHTS dataset and Fuel Economy dataset and to 

attach fuel economy data to the main dataset. The ‘vehicle year’, ‘make’ and ‘model’ variables from 

NHTS dataset are used as an index to match with ‘model year’, division’ and ‘carline’ variables from Fuel 

Economy dataset. After merging, miles per gallon data (MPG) of each household vehicle will be captured 

in the main dataset. 

Table 3 Index for merging fuel economy data 

Data file Primary key (ID Variable) 

NHTS data VEHYEAR MAKE MODEL 

Fuel economy data Model year Division Carline 

              Second, since not all the variables can be obtained only from each of the four subsets, the 

combination of subsets should be necessary. For example, ‘gasoline price’ of each trip is contained from 

trip-level subset but is not included in vehicle-level subset. While information about the annual vehicle 

miles travelled, vehicle characteristics, as well as the household characteristics are in the vehicle file. 

Hence, all these variables are merged from the different sources by ID variables (Table 4).  
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Table 4 Primary variables in each data file for merging the datasets 

Data file Record level Primary key (ID Variable) 

Household One record per household HOUSEID 

Person One record per person HOUSEID and PERSONID 

Vehicle One record per vehicle HOUSEID and VEHID 

Trip One record per travel day person 

trip 

HOUSEID, PERSONID, and 

TDTRPNUM 
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3.4 Data Treatments 

             After integrating data, all the selected variables are combined into one main dataset. Also, to 

improve the quality of the data the following treatments were applied: 

              1) Filter observations of motorcycles and electric vehicles. This research is mainly based on 

household fuel cars. As a results, the observations of household motorcycles and electric vehicles should 

be filtered in order to eliminate their impacts on the vehicle usage model.  

              2) Calculate fuel economy for the observations with incomplete information. Because of the 

unclear information of vehicle makes and models in some observations, the process of obtaining fuel 

economy data for these observations failed. Therefore, I utilize the average value of fuel economy data to 

replace missing values, and make sure all the observations obtained contain fuel economy information 

before inputting them into vehicle usage models. 

              3) Eliminate observations with missing values. Some of selected variables contained missing 

values, including VMT, population density, family income and vehicle age. I eliminated the vehicle 

observations with negative values of variables. 

              4) Normalize data. Since the selected variables are in different length and range, I adopted 

equation (2) to normalized some of these variables before inputting then into the regression model, such 

as population density and household density, which values are hundreds time as large as other variables. 

𝑥′ = (𝑥𝑖 − 𝑥𝑚𝑖𝑛)/(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛)                             (2) 
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3.5 Summary Statistics 

Table 5: Summary statistics by the number of household vehicles 

 Household with Household with Household with Household with 

 1 vehicle 2 vehicles 3 vehicles 4 or more vehicles 

 Shares of population, vehicles, and VMT 

Population share 0.22 0.43 0.19 0.12 

Share of vehicles 0.14 0.39 0.24 0.21 

VMT share 0.16 0.42 0.24 0.18 

 Means and Standard Deviation 

Thousand VMT 10.60 11.19 10.57 9.66 

 (10.78) (10.77) (11.17) (10.76) 

Gasoline price($/gallon) 2.36 2.35 2.36 2.36 

 (0.23) (0.23) (0.23) (0.23) 

Fuel economy (MPG) 25.00 23.81 23.06 22.63 

 (6.03) (6.21) (5.91) (5.73) 

Household density (units 

per square mile) 

2.14 1.38 1.01 0.83 

 (3.73) (2.30) (1.61) (1.47) 

Population density (units 

per square mile) 

4.31 3.17 2.50 2.07 

 (5.66) (4.23) (3.55) (3.28) 

Notes: Standard deviations are reported in parentheses. 
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Table 6: Summary statistics on the key demographic characteristics 

 By number of cars      

Variables 0 1 2 3 4+ min max median mean s.d. 

Car ownership 4.82% 32.02% 38.50% 15.63% 9.03% 0.00 12.00 2.00 1.97 1.18 

Household income level 2.82 4.73 6.63 7.04 7.34 1.00 11.00 6.00 5.97 2.62 

Number of adults 1.26 1.29 1.92 2.19 2.49 1.00 10.00 2.00 1.78 0.71 

Number of workers 1.21 1.12 1.55 1.76 2.02 1.00 7.00 1.00 1.53 0.65 

Number of drivers 0.37 1.15 1.87 2.19 2.52 0.00 9.00 2.00 1.68 0.77 

Owned house 1.78 1.37 1.16 1.09 1.06 1.00 2.00 1.00 1.24 0.42 

Urban area 1.08 1.16 1.22 1.31 1.39 1.00 2.00 1.00 1.23 0.42 

Urban size 3.86 3.87 4.02 4.25 4.45 1.00 6.00 4.00 4.04 1.83 

Housing density 5415 2142 1379 1014 829 50 30000 750 1711 3378 

Population density 8515 4315 3168 2498 2070 50 30000 1500 3589 5149 

Percent renter-occupied 51.04 34.70 25.67 22.15 20.25 5.00 95.00 20.00 28.88 22.14 

AVMT 0 10599 11187 10572 9661 0 200000 8631 10635 10882 
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Notes: *Household Income: 01=Less than $10,000; 02=$10,000 to $14,999; 03=$15,000 to $24,999; 

04=$25,000 to $34,999; 05=$35,000 to $49,999; 06=$50,000 to $74,999; 07=$75,000 to $99,999; 

08=$100,000 to $124,999; 09=$125,000 to $149,999; 10=$150,000 to $199,999; 11=$200,000 or more; 

“Urban area”: Household’s urban area classification. 1) In an urban area. 2) In an urban cluster. 3) In 

an area surrounded by urban areas. 4) Not in urban area. "Urban size": Urban area size where home 

address is located. 1) 50,000-199,999. 2) 200,000-499,999. 3) 500,000-999,999. 4) 1 million or more 

without heavy rail. 5) 1 million or more with heavy rail. 6) Not in an urbanized area. “Percent renter-

occupied”: Category of the percent of renter-occupied housing in the census block group of the 

household’s home location. 0=0-4%, 05=5-14%, 20=15-24%, 30=25-34%, 40=35-44%, 50=45-54%, 

60=55-64, 70=65-74, 80=75-84, 90=85-94, 95=95-100% 

              Table 6 provides the summary of the key demographic characteristics of households in the 

United States, and the AVMT.  4.82% of the households do not own a car. The average car ownership per 

household is found to be 2.0 cars. The proportion of households owning a single car is around 32% and it 

increases to 38% for households with two-vehicles. While the mean number of vehicles owned by a 

household is 2.0 personal vehicles, the mean number of drivers who are 15 years or older in the household 

amounts to 1.7. Thus, the households on an average have more vehicles than drivers. In par with the 

general behavior, the households with more members are likely to have more personal vehicles available 

for regular use. The number of vehicles owned by the households is coincidentally increasing with 

household income, the number of adults, number of workers per household. The households who own the 

houses are more likely to purchase more private vehicles. With decrease of residential attributes, 

including housing units per mile, population per mile, and percent renter-occupied, households are willing 

to use more personal vehicles. However, this usage of vehicle drops down for households with three and 

more cars which contradicts the general perception. For the nationwide range, the average yearly mileage 

traveled per household is 10,635 miles. 
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Table 7: Summary statistics of fuel economy by vehicle category 

Classified by     min    max median    mean     s.d. Proportion of vehicles 

Age 

<3 14 52 25 25.87 6.37 13.2% 

3-20 10 65 23 23.38 6.07 78.9% 

>20 14 46 22 22.00 4.19 7.9% 

Type 

Sedan 11 65 25 26.46 6.46 50.1% 

Van 10 56 20 20.46 2.89 5.5% 

SUV 11 65 21 21.48 4.13 24.6% 

Truck 11 55 20 19.76 3.49 19.2% 

Fuel type 

Gasoline 10 65 23 23.29 5.27 94.6% 

Diesel 11 50 20 21.14 5.12 2.8% 

Hybrid 13 65 46 39.32 12.57 2.3% 

Notes: *Vehicle type: 01=Sedan; 02=Van; 03=SUV; 04=Pickup truck; 05=Other truck; *Fuel type: 

01=Gasoline; 02=Diesel; 03=Hybrid. The truck group includes pickup trucks and other trucks. The 

electric vehicles are excluded from the hybrid vehicle group. 

              Table 7 provides the summary statistics of fuel economy by vehicle category. The new vehicles 

which are less than three year old are more efficient than the old vehicles. 78.9% of household vehicles’ 

ages are between three year to twenty years. It can be observed that households are willing to purchase 

more efficient vehicles as their new vehicles. In the vehicle type category, the sedans are the main type of 

vehicles, taking more than half part of the nationwide household vehicles. The SUVs are the second 

popular vehicle with the proportion of 24.6%. Seldom households own functional vehicles, like vans and 

trucks. The sedans are the most efficient household vehicles, followed by the SUVs and vans. The trucks 

are least efficient vehicles, compared to other types of vehicles. In the vehicle fuel type category, the 

majority of households throughout nationwide are driving gasoline cars, which take up 94.6% among all 

the household vehicles. The proportion of both of diesel and hybrid are just approximately 5%. But the 

hybrid vehicles are the most efficient household vehicle with the high average fuel economy of 39.32.  
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Table 8: Summary statistics on AVMT by vehicle category 

Classified by     min   max  median   mean     s.d. Proportion of vehicles 

Age 

<3 0 200000  10894   13809  16868  13.2% 

3-20 0 200000 8995 10835 9729 78.9% 

>20 0 193175 4918 6890 7991 7.9% 

Type 

Sedan 0 200000 8651 10659 10708 50.1% 

Van 0 200000 9458 11724 12415 5.5% 

SUV 0 200000 10073 11900 10915 24.6% 

Truck 0 200000 8029 10333 10990 19.2% 

Fuel type 

Gasoline 0 200000 8849 10851 10855 94.6% 

Diesel 0 200000 9107 11678 12991 2.8% 

Hybrid 4.08 200000 10812 12691 11059 2.3% 

Notes: *Vehicle type: 01=Sedan; 02=Van; 03=SUV; 04=Pickup truck; 05=Other truck; *Fuel type: 

01=Gasoline; 02=Diesel; 03=Hybrid. The truck group includes pickup trucks and other trucks. The 

electric vehicles are excluded from the hybrid vehicle group. 

              Table 8 provides summary statistics of AVMT by vehicle category. In vehicle age category, the 

vehicle usage is decreasing with the increase of the vehicle age. The AVMT of new cars (vintage less 

than three years) is twice as much as that of old vehicles (vintage more than twenty years). According to 

the vehicle type category, although sedans are most popular type of household vehicles, the usage of 

sedans is less than vans and SUVs. The household trucks are seldom utilized into long distance travelling, 

compared to other types of household vehicles. In vehicle fuel type category, the annual usage of hybrid 

vehicles is greater than gasoline vehicles and diesel vehicles, meaning people drive hybrid cars more 

often than other fuel types of vehicles. 
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Chapter 4: Estimation Strategy 

4.1 Modeling Framework 

 

Figure 3 Modeling framework 

              Figure 3 illustrates the modeling framework adopted to calculate rebound effect. First, vehicle 

usage decision and rebound effects are estimated by OLS based. Then, the estimation is repeated based on 

the following variables: vehicle vintage, class, fuel type and number of vehicles in the household. Each 

category is regressed by OLS separately. The different results obtained for the categories considered will 

reflect the different usage decisions and the difference in rebound effects estimates (if any). Second, 

vehicle usage decision and rebound effects are estimated by 2SLS based. The final fuel economy rebound 

estimate combines results from those two approaches. 
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4.2 Methodology    

              The objective of this section is to describe the methodology adopted to estimate the rebound 

effect and the elasticity of VMT to fuel price.  

              First an approach based on Ordinary Least Square (OLS) regression is proposed. In this 

specification, the dependent variable is represented by the log of the annual miles traveled with each 

vehicle (VMT) in the household. Two different coefficients are estimated respectively for gasoline price 

and the vehicle’s fuel economy, which allows us to separate the two effects. In particular: 

ln(𝑉𝑀𝑇ℎ𝑖) = 𝛿0 + 𝛿1 ln(𝑝ℎ) + 𝛿2 ln(𝑚ℎ𝑖) + 𝑋ℎ + 𝜀ℎ𝑖                           (3) 

where, ln(𝑚ℎ𝑖) − is the log of the fuel economy of the household’s vehicle i;  

ln(𝑉𝑀𝑇ℎ𝑖) – is the log of the VMT of vehicle i belonging to household h; 

ln(𝑝ℎ) - is the log of price of gasoline when the 𝑉𝑀𝑇ℎ𝑖 is measured; 

𝑋ℎ - contains control for demographics including household income, number of workers and number of 

household vehicle, residential density; and land use characteristics including urban type (household living 

in urban or rural area), metropolitan statistical area (MSA) size and population density. 𝛿0, 𝛿1, 𝛿2 are 

parameters to be estimated. Since VMT, fuel price and fuel economy are all under a log operator, the 

parameter 𝛿1 and 𝛿2 are respectively the elasticity of VMT to the vehicle’s fuel cost and fuel economy. 

According to this equation the coefficient 𝛿2 reflects the rebound effect. 

              However, the estimates of the rebound effect from equation (3) might be biased. The fuel 

economy is correlated with the error term in the following three situations. Firstly, since the fuel economy 

data comes from the secondary dataset and obtained just by matching the vehicle vintage, make and 

model, the OLS may not control the measurement error and the error from the merging process. Second, 

the vehicle’s fuel economy is possible to be correlated with other characteristics of the households, which 

are not included in equation (3). Third, the vehicle’s fuel economy is also assumed to be correlated with 

the vehicle characteristics of other vehicles in such household. Therefore, neglecting the above factors  

may cause biased 𝛿2 estimation. 
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              To address the first and second assumption, sociodemographic information relative to the 

household are used as instrumental variable to obtain vehicle’s fuel economy; those characteristics can be 

considered relatively stable when such household vehicle was purchased. Linn (2013) use a similar 

instrumental variables (IV) approach to estimate vehicle’s fuel economy. But his instruments include the 

interaction of vehicle’s model fixed effects with the gasoline price at the time of purchase.  

              Equation (4) presents the approach with instrument variables; these include household size, 

number of drivers, number of adults and number of workers within the household. Therefore, the 

vehicle’s fuel economy data is predicted from the first stage of a two-stage least squares (2SLS) 

regression. Then the estimated fuel economy is used as an input for the second-stage regression as an 

independent variable to estimate VMT decisions. Since the fitted vehicle’s fuel economy data is estimated 

by household’s sociodemographic variables and those instrumental variables are not correlated with 𝜀ℎ𝑖, 

the assumed correlation between original vehicle’s fuel economy data and 𝜀ℎ𝑖 is eliminated.  

ln(𝑉𝑀𝑇ℎ𝑖) = 𝛿0 + 𝛿1 ln(𝑝ℎ) + 𝛿2 ln(𝑚ℎ𝑖
′ ) + 𝑋ℎ + 𝜀ℎ𝑖                           (4) 

where, different from equation (3), ln(𝑚ℎ𝑖
′ ) − is the log of the fitted fuel economy of the household’s 

vehicle i predicted in the first stage by IVs.  

𝑋ℎ - contains control for demographics including household income; and land use characteristics 

including residential type (household living in urban or rural area), metropolitan statistical area (MSA) 

size and population density. The instrumental variables used to predict fuel economy in the first stage of 

2SLS are not included in 𝑋ℎ. 

              In order to overcome the third cause of bias identified above, the methodology proposed by Linn 

(2013) is adopted to control for the fuel economy of the other vehicles in the household. For example, for 

one-vehicle household, the value of this variable is equal to zero. For two-vehicle household, the variable 

equals to the fuel economy of the other one vehicle. For the households with more than two vehicles, the 

variable is equal to the average value of fuel economy of other household vehicles. Then, the fuel 
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economy term is separated into the fuel economy of such vehicle and the fuel economy of other 

household vehicles. These modifications yield the following equation: 

ln(𝑉𝑀𝑇ℎ𝑖) = 𝛿0 + 𝛿1 ln(𝑝ℎ) + 𝛿2 ln(𝑚ℎ𝑖
′ ) + 𝛿3ln⁡(𝑚̅ℎ,−𝑖) + 𝑋ℎ + 𝜀ℎ𝑖                            (5) 

where ln⁡(𝑚̅ℎ,−𝑖) is the log of the average value of other household vehicles’ fuel economy.  

              Because the rebound effect is defined as the effect on vehicle usage decision of increasing fuel 

economy of all the household vehicles, after adding the term of fuel economy of other household vehicles, 

the coefficient of ln(𝑚ℎ𝑖
′ ) 𝛿2 can no longer be regarded as the reflection of rebound effect. The rebound 

effect depends on the coefficient on the vehicle’s fuel economy as well as on the coefficient of the fuel 

economy of other household vehicles. As a result, the estimation of rebound effect can be calculated as 

the sum of 𝛿2 and 𝛿3.
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Chapter 5:  Estimation Results 

              This section is divided in two parts. The first part shows the OLS estimates obtained 

from equation (5) using a variety of alternative specifications and results in categories. The 

second part presents the 2SLS estimates obtained from equation (5) by IVs using a variety of 

alternative specifications. 

5.1 Ordinary least square (OLS) regression 

Table 9 Ordinary least square regression results 

 Estimate St.error t-value Pr(>|z|) 

(Intercept) 10.423 0.153 68.013 0.000 *** 

log fuel price -0.429 0.028 -15.527 0.000 *** 

log fuel economy 0.154 0.011 14.444 0.000 *** 

log other vehicle's fuel economy -0.020 0.002 -8.476 0.000 *** 

Income 0.038 0.001 35.016 0.000 *** 

Household size 0.063 0.002 25.921 0.000 *** 

Urban/Rural 0.080 0.006 12.958 0.000 *** 

Num. of workers 0.184 0.003 59.343 0.000 *** 

Num. of vehicles -0.115 0.002 -52.073 0.000 *** 

Population density -0.274 0.019 -14.206 0.000 *** 

MSA size 0.006 0.001 3.908 0.000 *** 

Urban/rural (residential area):Urban = 1, Rural = 2 

Residual standard error: 0.9744 on 160850 degrees of freedom 

Multiple R-squared: 0.0649 

Adjusted R-squared: 0.06484 
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F-statistic: 1116 on 10 and 160850 DF, p-value: < 2.2e-16 

              Table 9 presents the OLS estimates of equation (5). It can be observed that all the 

independent variables are significant at 0.1 percent level of significance. Based on the 

negative sign of the coefficients, it is possible to conclude that the increase in gasoline price, 

fuel economy of other vehicles in the household, population density and number of vehicles 

decreases the usage of the observed vehicle. The positive sign for the fuel economy 

coefficient means that increasing efficiency induces the driver to use more this vehicle is, 

which confirms the presence of rebound effect in our data. The elasticity of VMT to fuel 

price is -0.429, which is consistent with the estimates presents in Liu et al. (2014), indicating 

that 1 percent increase of fuel price will decrease 0.429 percent of vehicle usage. The positive 

signs for income, household size, residential type (living in rural area), metropolitan area 

(MSA) size, number of workers and number of drivers imply that these variables have 

positive impact on VMT.  

             Most importantly, the rebound effect estimate is found to be 0.134, calculated by 

adding the coefficient of log fuel economy (0.154) to the coefficient of log fuel economy of 

other household vehicles (-0.020). This means that 1 percent increase in vehicle’s fuel 

economy will contribute to 0.134 percent increase in vehicle usage. 
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Table 10: Comparison of fuel price and fuel economy effects on VMT 

among different types of vehicles 

 (1) (2) (3) (4) 

Panel A 

Vehicle type New car Old car   

log fuel price -0.219 -0.499   

 (0.054) (0.032)   

log fuel economy -0.081 0.145   

 (0.020) (0.013)   

log other vehicle’s 

fuel economy 

-0.021 -0.061   

 (0.004) (0.003)   

Fuel economy 

rebound effect 

-0.102 0.084   

R^ 0.048 0.043   

Degree of freedom 32483 128360   

Panel B 

Vehicle type Sedan Van SUV Truck 

log fuel price -0.341 -0.731 -0.401 -0.650 

 (0.039) (0.118) (0.050) (0.066) 

log fuel economy 0.443 0.272 0.366 -0.425 

 (0.016) (0.073) (0.023) (0.037) 

log other vehicle’s 

fuel economy 

-0.036 -0.031 -0.051 -0.103 

 (0.003) (0.009) (0.004) (0.007) 
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Fuel economy 

rebound effect 

0.407 0.240 0.315 -0.528 

R^ 0.053 0.058 0.049 0.052 

Degree of freedom 80693 8828 39633 30836 

Panel C 

Fuel type Gasoline Diesel Hybrid  

log fuel price -0.511 -0.303 -0.307  

 (0.029) (0.158) (0.131)  

log fuel economy 0.167 0.180 0.012  

 (0.012) (0.069) (0.035)  

log other vehicle’s 

fuel economy 

-0.057 -0.121 -0.030  

 (0.002) (0.020) (0.010)  

Fuel economy 

rebound effect 

0.111 0.059 -0.018  

R^ 0.045 0.050 0.052  

Degree of freedom 152086 4534 3716  
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Notes: Each column in each panel reports a separate regression using OLS. Standard errors 

are reported in parentheses. The dependent variable is the log of VMT. The table reports 

coefficients of log fuel price, log fuel economy, and log of the average fuel economy of other 

vehicles.  Panel A compares the vehicle usage between new car and old cars. Vehicles whose 

vintage is less than or equal to three years are defined as ‘New car’, otherwise are ‘Old car’. 

Panel B reports vehicle usage comparison between different type of vehicles, including 

sedan, van, SUV and truck, which includes pickup trucks and other trucks.  Panel C 

compares the vehicles using different type of fuel, including gasoline, diesel and hybrid. The 

electric vehicles are excluded from the category of hybrid vehicle. Besides the variables of 

fuel price and fuel economy mentioned before, the independent variables also includes 

household income, population density, metropolitan statistical area size (MSA size), 

residential type (urban or rural) and number of workers in the household. For ‘residential 

type’, urban is 1 and rural is 2. The fuel economy rebound effect is the effect on VMT of 

increasing all vehicles’ fuel economy by 1 percent, calculated by the sum of coefficients of 

log fuel economy and log other vehicle’s fuel economy. 
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              Table 10 provides the comparison of fuel price and fuel economy effects on VMT 

among different types of vehicles. The dependent variable is the log of vehicle’s VMT. The 

rebound effect is reported at the bottom of the estimates from each approach and calculated 

by adding the coefficient of log fuel economy to the coefficient of log other household 

vehicle’s fuel economy. The control variables used in each case is presented at the bottom of 

each column.  

              Panel A shows the comparison across new vehicles and old vehicles. The negative 

signs of log prices for new cars and old cars show that increasing fuel price affects negatively 

VMT of cars of all ages. However, the elasticity of VMT to fuel price for old cars is more 

than twice that of new cars; meaning that drivers of old and probably less efficient cars are 

much more sensitive to fuel cost. Surprisingly, the coefficient relative to fuel economy for 

new vehicles is negative, meaning that those who bought a new and probably more efficient 

vehicle do not drive more, which estimates are similar to West et al. (2017). This finding 

contradicts the hypothesis of the 2018 NPRM that new and more efficient vehicles will 

generate more miles. The rebound effect is still found for old vehicles and it is in the order of 

0.084. The absolute value of log other vehicle’s fuel economy coefficient for old cars is much 

higher than the one calculated for new cars, implying that the usage of old cars is more 

sensitive to the changes in fuel economy of other household vehicles. 

              Panel B shows the comparison across four types of household vehicles. The 

coefficients of log fuel price of four type of vehicles are all negative, meaning the increase of 

fuel price negatively affects the vehicle usage decisions for all types of vehicles. Among 

them, the usage of vans is the most sensitive to changes in fuel price, followed by trucks and 

SUVs. The usage of sedans is the least sensitive to fuel price changes, which is consistent 

with general expectations. The positive coefficients relative to fuel economy for sedans, vans 
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and SUVs shows that the increase in fuel economy contributes to the increase of their usage. 

The drivers of vans are the least sensitivity to the change in fuel economy, followed by the 

SUVs. The usage of sedans is the most sensitive to the change in fuel economy among all 

types of vehicles. The elasticity of sedans usage to fuel economy is about twice as much as 

that of vans. It is worth to be mention that, the usage of vans is the most sensitive to the 

changes in fuel price but the least sensitive to the changes in fuel economy, while the usage 

of sedans shows the opposite behaviors. However, the negative sign of fuel economy for 

truck reflects the fact that people drive fuel-efficient truck less. The negative coefficients of 

log other household vehicle’s fuel economy show that an increase in fuel economy of the 

other vehicles in the household impacts negatively the vehicle usage of all types of vehicles. 

The usage of trucks is the most sensitive to this change, while the sedans and vans respond 

the least. Vehicle of sedan type have the greatest rebound effect value. 

               Panel C shows the vehicle usage comparison among different fuel type vehicles. 

Gasoline vehicles respond the most to changes in fuel price. Gasoline vehicles and diesel 

vehicles are equally sensitive to the change of fuel economy to VMT. In comparison, the 

usage of hybrid vehicles is not that sensitive to the changes in fuel economy. Diesel vehicles 

are the most sensitive to the increase of other household vehicle’s fuel economy. The rebound 

effect for gasoline vehicles is greater than the one of diesel vehicles. No rebound effect is 

found for hybrid vehicles, which most likely reflect the fact that these are already very 

efficient vehicles. 
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Table 11: OLS results of different ages of vehicles 

 
New car 

 
Old car 

 

(Intercept) 10.222 *** 10.869 *** 

 
(0.295) 

 
(0.177) 

 

log fuel price -0.219 *** -0.499 *** 

 
(0.054) 

 
(0.032) 

 

log fuel economy -0.081 *** 0.145 *** 

 
(0.020) 

 
(0.013) 

 

log other vehicle’s 

fuel economy 

-0.021 *** -0.061 *** 

 
(0.004) 

 
(0.003) 

 

Income 0.015 *** 0.028 *** 

 
(0.002) 

 
(0.001) 

 

Population density -0.266 *** -0.180 *** 

 
(0.035) 

 
(0.023) 

 

MSA size 0.007 ** 0.005 ** 

 
(0.003) 

 
(0.002) 

 

Urban/rural 0.109 *** 0.015 * 

 
(0.012) 

 
(0.007) 

 

Number of worker 0.179 *** 0.191 *** 

 (0.005)  (0.003)  

R^ 0.048 
 

0.043 
 

Degree of freedom 32483 
 

128360 
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Note: Each column reports a separate regression in OLS approach. Standard errors are 

reported in parentheses. The dependent variable is the log of VMT. Vehicles whose vintage is 

less than or equal to three years are defined as the ‘New car’, otherwise are classified into 

‘Old cars’. The stars are the mark of significance. ‘***’ means that this variable is 0.1 

percent level significance. ‘**’ means 1 percent level significance. ‘*’ means 5 percent level 

significance. 
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Table 12: OLS results of different classes of vehicles 

 
Sedan 

 
Van 

 
SUV 

 
Truck 

 

(Intercept) 8.959 *** 11.645 *** 9.783 *** 13.457 *** 

 
(0.215)  (0.678)  (0.283)  (0.374)  

log fuel price -0.341 *** -0.731 *** -0.401 *** -0.650 *** 

 
(0.039)  (0.118)  (0.050)  (0.066)  

log fuel economy 0.443 *** 0.272 *** 0.366 *** -0.425 *** 

 
(0.016)  (0.073)  (0.023)  (0.037)  

log other vehicle’s 

fuel economy 

-0.036 *** -0.031 *** -0.051 *** -0.103 *** 

 
(0.003)  (0.009)  (0.004)  (0.007)  

Income 0.024 *** 0.044 *** 0.033 *** 0.039 *** 

 
(0.001)  (0.005)  (0.002)  (0.003)  

Population density -0.200 *** -0.102  -0.248 *** -0.169 * 

 
(0.025)  (0.083)  (0.035)  0.068  

MSA size 0.006 ** 0.003  0.006 * 0.006 * 
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(0.002)  (0.006)  (0.003)  (0.003)  

Urban/rural 0.063 *** 0.101 *** 0.058 *** -0.001  

 
(0.009)  (0.025)  (0.011)  (0.014)  

Number of worker 0.189 *** 0.179 *** 0.162 *** 0.180 *** 

 
(0.004)  (0.011)  (0.005)  (0.007)  

R^ 0.053  0.058  0.049  0.052  

Degree of freedom 80693  8828  39633  30836  

Note: Each column reports a separate regression in OLS approach. Standard errors are reported in parentheses. The dependent variable is the 

log of VMT. The stars are the mark of significance. ‘***’ means that this variable is 0.1 percent level significance. ‘**’ means 1 percent level 

significance. ‘*’ means 5 percent level significance. 
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Table 13: OLS results of different fuel types of vehicles 

 
Gasoline 

 
Diesel 

 
Hybrid 

 

(Intercept) 10.854 *** 9.936 *** 10.445 *** 

 
(0.161)  (0.903)  0.728  

log fuel price -0.511 *** -0.303 . -0.307 * 

 
(0.029)  (0.158)  0.131  

log fuel economy 0.167 *** 0.180 ** 0.012  

 
(0.012)  (0.069)  0.035  

log other vehicle’s 

fuel economy 

-0.057 *** -0.121 *** -0.030 ** 

 
(0.002)  (0.020)  0.010  

Income 0.032 *** 0.050 *** 0.010  

 
(0.001)  (0.007)  0.006  

Population density -0.206 *** -0.368 * -0.210 ** 

 
(0.020)  (0.160)  0.079  

MSA size 0.006 *** -0.008  0.010  

 
(0.001)  (0.008)  0.008  

Urban/rural 0.032 *** -0.017  0.114 ** 

 
(0.006)  (0.035)  0.036  

Number of worker 0.188 *** 0.170 *** 0.191 *** 

 
(0.003)  (0.016)  0.015  

R^ 0.045  0.050  0.052  

Degree of freedom 152085  4533  3716  
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Note: Each column reports a separate regression in OLS approach. Standard errors are 

reported in parentheses. The dependent variable is the log of VMT. The stars are the mark of 

significance. ‘***’ means that this variable is 0.1 percent level significance. ‘**’ means 1 

percent level significance. ‘*’ means 5 percent level significance. The electric vehicles are 

excluded from the category of hybrid vehicle. 
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Table 14: Comparison of fuel price and fuel economy effects on VMT 

among households with different number of vehicles 

 Households 

with one 

vehicle 

Households 

with two 

vehicles 

Households 

with three 

vehicles 

Households 

with four and 

more vehicles 

log fuel price -0.255 -0.398 -0.532 -0.468 

 
(0.069) (0.041) (0.057) (0.070) 

log fuel economy 0.030 0.120 0.191 0.231 

 
(0.027) (0.015) (0.022) (0.027) 

log other vehicle’s 

fuel economy 

NA -0.021 -0.043 -0.068 

 NA (0.006) (0.015) (0.029) 

Fuel economy 

rebound effect 

0.030 0.099 0.148 0.163 

R^ 0.073 0.072 0.055 0.038 

Degree of freedom 27249 65454 37889 30234 
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Notes: Each column in each panel reports a separate regression using OLS. Standard errors 

are reported in parentheses. The dependent variable is the log of VMT. The table reports 

coefficients of log fuel price, log fuel economy, and log of the average fuel economy of other 

vehicles.  Besides the variables of fuel price and fuel economy mentioned before, the 

independent variables also includes household income, population density, metropolitan 

statistical area size (MSA size), residential type (urban or rural) and number of workers in 

the household. For ‘residential type’, urban is 1 and rural is 2. The fuel economy rebound 

effect is the effect on VMT of increasing all vehicles’ fuel economy by 1 percent, calculated 

by the sum of coefficients of log fuel economy and log other vehicle’s fuel economy. 
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Table 15: OLS results of households with different number of vehicles 

 
Households with 

one vehicle 

 Households with 

two vehicles 

 Households with 

three vehicles 

 Households with 

four and more 

vehicles 

 

(Intercept) 9.654 *** 10.225 *** 10.733 *** 10.410 *** 

 
(0.383)  (0.226)  (0.319)  (0.395)  

Log fuel price -0.255 *** -0.398 *** -0.532 *** -0.468 *** 

 
(0.069)  (0.041)  (0.057)  (0.070)  

Log fuel economy 0.030  0.120 *** 0.191 *** 0.231 *** 

 
(0.027)  (0.015)  (0.022)  (0.027)  

Log other 

vehicle’s fuel 

economy 

NA  -0.021 *** -0.043 ** -0.068 * 

 
NA  (0.006)  (0.015)  (0.029)  

Income 0.049 *** 0.038 *** 0.036 *** 0.021 *** 

 
(0.003)  (0.002)  (0.002)  (0.003)  
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Population density -0.340 *** -0.313 *** -0.288 *** -0.331 *** 

 
(0.035)  (0.028)  (0.050)  (0.064)  

MSA size 0.009 ** 0.008 *** -0.001  0.009 * 

 
(0.004)  (0.002)  (0.003)  (0.003)  

Urban/rural 0.097 *** 0.080 *** 0.082 *** 0.022  

 
(0.017)  (0.009)  (0.012)  (0.015)  

Number of worker 0.366 *** 0.256 *** 0.209 *** 0.160 *** 

 
(0.010)  (0.005)  (0.006)  (0.006)  

R^ 0.073  0.072  0.055  0.038  

Degree of freedom 27249  65454  37889  30234  

Note: Each column reports a separate regression in OLS approach. Standard errors are reported in parentheses. The dependent variable is the 

log of VMT. The stars are the mark of significance. ‘***’ means that this variable is 0.1 percent level significance. ‘**’ means 1 percent level 

significance. ‘*’ means 5 percent level significance. 
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              Table 14 and 15 shows the comparison across households with different number of vehicles. The 

fuel price still negatively affects the usage of household vehicles, in which households with three vehicles 

are the most sensitive to the change of fuel price to VMT. The log other household vehicle’s fuel 

economy is not available to households with only one vehicle. The rebound estimates, as well as the 

elasticity of fuel economy and the elasticity of other household vehicle’s fuel economy, are increasing 

with the increase of number of household vehicle. This is found to be consistent with the estimates 

presented in West and Pickrell (2011). The lowest estimate applies to single-vehicle households and the 

highest values apply to households owning three and more vehicles. The rebound estimates increase with 

the increase of the household vehicle ownership. 
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5.2 Two-stage least squares (2SLS) regression 

Table 16 Two-stage least squares regression results 

 Estimate St. error t-value Pr(>|z|) 

(Intercept) 10.479 0.438 23.930 0.000 *** 

log fuel price -0.562 0.028 -19.908 0.000 *** 

log fitted fuel economy 0.394 0.129 3.052 0.002 ** 

log other vehicle's fuel economy -0.024 0.002 -11.108 0.000 *** 

Income 0.051 0.001 47.294 0.000 *** 

Population density -0.114 0.018 -6.304 0.000 *** 

MSA size 0.005 0.001 3.520 0.000 *** 

Urban/rural (residential area):Urban = 1, Rural = 2 

Residual standard error: 0.9953 on 160854 degrees of freedom 

Multiple R-squared: 0.01647 

Adjusted R-squared: 0.01643 

F-statistic: 448.9 on 6 and 160854 DF, p-value: < 2.2e-16 

              Table 16 represents the 2SLS estimates of equation (5). The fitted fuel economy is predicted by 

regressing with sociodemographic variables in the first stage. It can be observed that fuel price, other 

vehicle’s fuel economy, income, population density and metropolitan area size are all significant at 0.1 

percent level of significance. The elasticity of VMT to fuel price is found to be -0.562, which is a little bit 

higher than the estimate by OLS.  The estimate of rebound effect is found to be 0.37, calculated by adding 

the coefficient of log fuel economy (0.394) to the coefficient of log fuel economy of other household 

vehicles (-0.024). The fuel economy rebound estimate shows twice as much as that by OLS. It means 1 

percent increase of vehicle’s fuel economy will contribute 0.37 percent increase of vehicle usage. 
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Table 17: Effects of fuel prices and fuel economy on VMT 

 

(1) (2) (3) (4) 

 

Panel A: OLS 

log fuel price -0.631 -0.624 -0.600 -0.595 

 

(0.028) (0.028) (0.028) (0.028) 

log fuel economy 0.212 0.219 0.223 0.222 

 

(0.011) (0.011) (0.011) (0.011) 

log other vehicle's fuel economy -0.019 -0.021 -0.022 -0.022 

 

(0.002) (0.002) (0.002) (0.002) 

R^ 0.018 0.019 0.019 0.019 

Fuel economy rebound effect 0.193 0.198 0.201 0.201 

 

Panel B: 2SLS 

log fuel price -0.594 -0.588 -0.568 -0.563 

 

(0.028) (0.028) (0.028) (0.028) 

log fitted fuel economy 0.354 0.366 0.393 0.394 

 

(0.129) (0.129) (0.129) (0.129) 

log other vehicle's fuel economy -0.022 -0.023 -0.024 -0.024 

 

(0.002) (0.002) (0.002) (0.002) 

R^ 0.016 0.016 0.016 0.016 

Fuel economy rebound effect 0.332 0.343 0.368 0.370 

Instruments included Income Income Income Income 

  

Urban/rural Urban/rural Urban/rural 

   

Population 

density 

Population 

density 

    

MSA size 
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Notes: Each column in each panel reports a separate regression. Standard errors are reported in 

parentheses. The dependent variable is the log of VMT. The table reports coefficients of log fuel price, log 

fuel economy, and log of the average fuel economy of other vehicles . Panel B reports the same 

specifications as Panel A, except the ‘log fitted fuel economy’ is instrumented by using sociodemographic 

variables.  Besides the variables of fuel price and fuel economy mentioned before, column 1 includes the 

‘income’, followed by ‘urban type’, ‘population density’ and ‘metropolitan statistical area size’ in column 

2 to 4. For ‘urban type’, urban is 1 and rural is 2. The fuel economy rebound effect is the effect on VMT 

of increasing all vehicles’ fuel economy by 1 percent.  
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              Table 17 provides the effects of fuel prices and fuel economy on VMT. The dependent variable 

is the log of vehicle’s VMT. The rebound effect is reported at the bottom of the estimates from each 

approach and calculated by adding the coefficient of log fuel economy to the coefficient of log other 

household vehicle’s fuel economy. The control variables used in each case is presented at the bottom of 

each column. Panel A reports the results from estimating equation (5) by OLS. Panel B reports the results 

from estimating equation (5) by 2SLS, in which fuel economy is predicted by IVs. The fuel economy 

rebound estimates are 0.20 using OLS and 0.37 using 2SLS approach. These estimates are almost similar 

to the estimates presented in Linn (2013) and higher than Su (2012), Hymel and Small (2015), 

Gillingham (2015), Langer et al. (2017) and Knittel and Sandler (2018). The column (1) shows the results 

in the baseline specification with only one household income as the exogenous variable, the fuel economy 

rebound estimates are 0.19 and 0.33 using OLS and 2SLS respectively. Compared with column (2) to (4), 

the rebound estimates have not much variation with the addition of more control variables.  

              These coefficients suggest the increase of fuel price and fuel economy of other household 

vehicles have opposed effects on the vehicle usage decision of a particular vehicle. The negative signs of 

log fuel price means increasing fuel price will decrease the vehicle usage. The elasticity of VMT to fuel 

price lies between -0.56 to -0.63, which is higher than the estimates presented in Liu et al. (2014) that 

used 2009 NHTS data. The elasticity of VMT to fuel economy found to be 0.21 to 0.39, implies 

increasing 1 percent of fuel economy will increase 0.21 to 0.39 percent of VMT, corresponding to the 

definition of rebound effect. While the negative sign of log of other household’s fuel economy shows the 

increase in the fuel economy of the other household vehicles will cause the decrease of VMT. Moreover, 

comparing with the elasticity of VMT to fuel price and to fuel economy using two approaches, the VMT 

response to fuel economy is less than the response to the fuel prices. 

              Comparing Panel A with Panel B, the fuel economy rebound estimates using 2SLS is higher than 

those estimates using OLS. The elasticity of VMT to fuel price by OLS do not vary much with the 

elasticity of VMT to fuel price by 2SLS. Also the coefficients of fuel economy calculated by 2SLS is 

larger than those coefficients derived by OLS, which estimates are similar to Linn (2013).
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Chapter 6:  Conclusion 

              If the Notice of Proposed Rulemaking (NPRM) proposed by EPA and NHTSA in 

2018 will become effective, it will change the development of new vehicle technology and 

consequently vehicle usage decision, vehicle and energy demand, driving costs, greenhouse 

gas emissions and vehicular fatalities. Regulating fuel economy standards is an important 

factor in policy making and regulations. The increase of fuel economy due to the introduction 

of more efficient vehicles in the marketplace is expected to increase vehicle miles traveled; 

which is called rebound effect. Specifically, rebound effect is defined as the effect of all the 

household vehicle’s fuel economy increase on VMT. This thesis has estimated fuel economy 

rebound effect based on 2017 NHTS dataset. Considering the measurement error of adopting 

fuel economy data from the secondary dataset and the correlation between fuel economy of a 

particular vehicle with other characteristics under considering, this paper proposed two 

approaches to estimate rebound effect, including the ordinary least square (OLS) and the two-

stage least squares (2SLS). The 2SLS approach predicts fuel economy data by instrumental 

variables (IV).  

              To be mentioned that the results confirm the presence of the rebound effect. 

According to the results obtained with two approaches, the fuel economy rebound effect is 

found to vary between 0.19 and 0.37, which means that one percent increase in fuel economy 

increases VMT between 0.19 and 0.37 percent at vehicle level. The rebound effect is much 

larger after addressing the potential correlation between fuel economy and other unobserved 

characteristics. Moreover, the model has been further refined to estimate rebound effect for 

vehicles in different vintages, types, fuel types and household vehicle ownership. Among 

them, the use of new vehicles (less than four year old), hybrid vehicles and trucks is not 

affected by rebound effect. Importantly, the new vehicles do not reflect the rebound effect, 
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implying the drivers who bought new and probably more fuel-efficient vehicles do not drive 

more. This finding contradicts the hypothesis of the 2018 NPRM that new and more efficient 

vehicles will generate more miles. The lowest estimates obtained are relative to a single-

vehicle households and diesel cars. The highest values of rebound effect apply to sedans, 

which is consistent with the general expectation.  

              From a modeling perspective a number of interesting conclusions can be derived 

from the results presented. First, since the results from OLS are not equal to the results from 

2SLS, the assumption that a measurement error in fuel economy deriving from the merging 

with a secondary dataset is confirmed, as well as the correlation between fuel economy and 

unobserved characteristics. Second, the coefficients of log fuel price, log fuel economy and 

log other vehicle’s fuel economy are all statistically significant. The elasticity of VMT to fuel 

price is about three times larger than the elasticity of VMT to fuel economy, which means 

that the savings in fuel cost deriving by driving a more efficient vehicle are reduced by about 

one third due to the rebound effect. 

              There are still some limitations in this paper. First, because of the limitation of those 

data resource, I only use household characteristics to instrument for fuel economy in the first 

stage of 2SLS. Referred to Lin (2013),  he also adopted vehicle model fixed effects which 

control for vehicle characteristics other than fuel economy, as well as gasoline price at the 

time the household purchased the vehicle as IVs. Klier and Linn (2010) demonstrated a 

strong relationship between the fuel economy of new vehicle purchases, and Allcott and 

Wozny (2010) used a similar IV to estimate consumer demand for fuel economy. Hence, 

those gasoline prices and model fixed effects can be included as IVs to reduce concerns about 

weak instruments. Second, I only instrument for vehicle fuel economy by IVs, assuming no 

correlation exists between current fuel price (or fuel economy of other household vehicles) 
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and some household characteristics. From other literatures, Liu et al. (2014) instrumented for 

the fuel price. Linn (2013) instrumented both of vehicle’s fuel economy and fuel economy of 

other vehicles because he assumed the fuel economy of the household’s other vehicles may 

also be correlated with the error term. In order to mitigate these concerns, I should further 

estimate the correlations between the fuel price, fuel economy of other household vehicles 

and unobserved characteristics. Moreover, I also tried 2SLS approach to estimate vehicle 

usage comparison, but the results for different vehicle groups are not all reasonable. This fact 

implies there are still other potential correlations with the error terms within different vehicle 

groups remaining to be figure out.  

              Finally, Elasticity of VMT to fuel cost and to fuel efficiency have important 

implications in the determination of future policies concerning new technology vehicles and 

greenhouse gas emissions standards. The results obtained provide data based evidences to 

policy makers. 
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