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 Vehicle Miles Traveled and the Built Environment: New Evidence from Panel Data 
 

Abstract 

Reliable knowledge of the impact of the built environment on vehicle miles traveled (VMT) is crucial to 

addressing the problem of global warming. While this issue has been extensively researched, due to the 

heavy reliance on cross-sectional data there remains uncertainty regarding how effective local land use 

planning and regulation might be in reducing VMT. Based upon a 13-year panel of Florida counties, 

models are estimated that relate VMT to new measures of the spatial distribution of alternative land 

uses within counties and county urban expansion. Identification of causal effects is established by 

including year and county fixed effects, along with an extensive set of control variables, and 

instrumenting those land uses that may be endogenous. Incremental annual changes in the spatial 

concentration of alternative land uses are found to affect VMT. The policy implication is that appropriate 

land use policy can reduce VMT and should be considered as part of the strategy for dealing with the 

problem of global warming. 
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1. Introduction 

One of the largest contributors to anthropogenic U.S. greenhouse gas (GHG) emissions is the 

transportation sector. In 2016, this sector accounted for 28 percent of total U.S GHG emissions (United 

States Environmental Protection Agency, 2019). By far the largest source of transportation sector 

emissions are road vehicles (83 percent of the total). While total travel by these vehicles dipped 

nationally during the Great Recession and leveled off at the lower level until 2013, since then vehicle 

miles traveled (VMT) has resumed its secular upward climb (United States Department of 

Transportation, Bureau of Transportation Statistics, 2019). Because of growing concerns both 

domestically and internationally over global warming, there is considerable interest in policies that 

would reduce VMT.1 A heavily researched issue has been whether changes in the built environment, in 

particular more compact development, could lower VMT. 2  Reviews of this research have concluded 

that the best available evidence suggests that changes in land use are unlikely to cause much of a 

reduction in VMT (Brownstone, 2008; Transportation Research Board, 2009; Salon, 2014; Stevens, 

2017). Moreover, the changes in land use that might make a difference would involve significant upfront 

costs and only yield benefits in the long run.3 However, these reviews and the assessments of others 

(Boarnet, 2011; Næss, 2015; Handy, 2017) have emphasized that the empirical methodologies that have 

been employed to investigate the relationship between the built environment and VMT have significant 

shortcomings. Typically, cross-sectional, household level data obtained from travel surveys are used to 

regress subjective VMT estimates on the land use characteristics of the respondent’s neighborhood. 

                                                           
1 As noted by Ewing and Cervero (2010), besides its relationship to climate change, VMT is also of interest due to 
its links to traffic safety, air quality, and energy consumption. 
2 According to Ewing and Cervero (2010), the relationship between the built environment and VMT is the most 
researched subject in urban planning. 
3 Bento et al. (2005) predicted VMT for people with the same socioeconomic characteristics living in Atlanta and 
Boston and concluded that VMT would be 25 percent lower in sprawling Atlanta if it had the same built 
environment as compact Boston.  While demonstrating the possible importance of urban form on VMT, the idea of 
remaking the landscape of Atlanta to look like Boston is far from a viable policy option. Downs (2004) shows that 
increasing the density of an existing metropolitan area by even as little as 40 percent requires extreme 
investments in new and infill development. 
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These sometimes include such attributes as distances to points of interest and the types of land uses 

located within the home neighborhood; frequently, however, land use is described entirely by just one 

variable—residential density. The calls are for empirical strategies that would better differentiate 

causality from correlation than can be obtained from cross-sectional studies.4  

In this paper I take a completely different approach to the land use/VMT issue. By exploiting the 

advantages of using panel data at the county level, I directly address the urban planner’s problem 

regarding the placement of different types of new development: if the goal is to reduce VMT, is it better 

to further concentrate a land use within a county or is it better to achieve a more spatially balanced 

pattern of a land use throughout the county.  While land use changes of a major proportion may not be 

feasible given the durability of the existing built environment, local governments can cause annual 

incremental changes in the spatial concentration of different land uses in making their project approval 

decisions. My focus on incremental changes that are realistically achievable from a policy perspective is 

a major departure from the existing literature. Stevens’s (2017) recent review of the literature identifies 

the following variables that the household VMT studies have sometimes employed as explanatory 

variables: distance to downtown, household/population density, job accessibility by auto, 

intersection/street density, land use mix, job density, percentage of four-way intersections, distance to 

nearest transit stop, job accessibility by transit, and jobs–housing balance. His meta-regression analysis 

reveals that the VMT elasticities with respect to these variables are small in magnitude ranging from -.63 

for distance to downtown to close to zero or not statistically significant for the last five variables listed. 

However, regardless of whether these variables actually influence VMT, the question is how feasible is it 

                                                           
4 The principal limitations associated with the use of cross-sectional household level data are well-known, 
consisting of possibly biased estimates resulting from residential self-selection and omitted variables. Other 
limitations are measurement error in VMT resulting from respondents’ recall of past travel behavior and the 
reliance on outdated surveys. The most frequently used surveys are the National Household Travel surveys of 2009 
and 2001 and the National Personal Surveys of 1990 and 1995. 
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for local governments to change these variables.  Because the changes in land use that I consider are far 

more practical, if they do impact VMT, this carries considerable policy importance.  

Using data from the state of Florida covering the years 2001 to 2014, I estimate log-linear 

models relating a county’s VMT to countywide measures of the concentration/dispersal of eight 

alternative land uses: two residential types measured in units (single-family homes and units in multi-

family properties), five commercial types measured as properties (office, retail, industrial, institutional, 

and parking lots), and one government property type. I also estimate the impact of sprawl on VMT by 

including a measure of the physical expansion of the developed area of the county in my models. 

Concentration is measured in a novel and reliable fashion through the use of GINI coefficients (GC). Also 

unique is my measure of urban expansion (UE), which is obtained by annually counting the number of 

one-mile by one-mile square land area boxes that have been developed within the county.  The 

estimated models include year and county fixed effects, along with an extensive set of household 

descriptive variables. Both OLS and 2SLS models are estimated, where in the latter case regressors 

suspected to be endogenous are instrumented with variables that strongly pass the standard validity 

checks.  The evidence provided allows for more confidence in establishing the true causal connections 

between changes in the built environment and changes in VMT. The results show that varying the 

concentrations of a number of the land uses and changes in UE can result in nontrivial changes in VMT. 

Estimating separate models for urban and rural counties shows important differences in the results 

between the two types of counties. 

In the next section, possible effects of changes in the concentration of a land use and urban 

expansion on VMT are discussed. The panel data are described in Section 3, which includes a discussion 

of the novel use of GCs to measure the spatial concentration of alternative land uses. Section 4 

describes the log-linear, two-way fixed effects models, estimated by both OLS and 2SLS, used to explain 

daily vehicle miles traveled (DVMT). Levels and changes in DVMT, the GCs, and UE over the course of the 
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panel are described in Section 5. Prior to presenting my findings from estimating the DVMT models in 

Section 7, I report results from conducting a variety of specification tests in Section 6 confirming the 

validity of the chosen methodology. A discussion of my findings is found in Section 8. Section 9 covers 

the limitations of my analysis and offers some suggestions for future research. Conclusions are found in 

Section 10. 

2. Land use concentration, expansion, and VMT within counties 

VMT has been described as a composite measure affected by trip length, trip frequency, and 

mode choice (Ewing and Cervero, 2010). Concentrating a land use within a county may result in 

agglomeration economies that reduce trip frequency and thereby VMT. One such example would be the 

concentration of commercial establishments that reduce the travel associated with comparative 

shopping or the purchase of complimentary goods or services. Another example would be a 

concentration of offices, such as within an office park or the CBD, allowing less travel to attend multiple 

face-to-face meetings. On the other hand, in comparison to the dispersal of a land use, concentration 

may increase the average distance that consumers must travel to obtain a good or service, thereby 

increasing VMT. For example, in the classic case of a monocentric city, where all employment is 

concentrated within the CBD, suburban residents may have long trips to commute to their jobs and to 

do their shopping. For most land uses, increasing concentration within a county may produce both 

agglomeration economies that reduce trip frequency and greater distances between residential 

locations and the site of the concentration. Concentration above certain thresholds may also affect 

mode choice in favor of travel by means other than by motor vehicles. For example, concentrations of 

residences or jobs may enable the establishment of a public transit stop, which reduces motor vehicle 

dependence and VMT. A priori, the net VMT effect of these conflicting forces resulting from 

concentration is unknown and can only be determined from an examination of the data.  
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Regarding the expected effect of an expansion in the developed land area of a county on VMT 

(controlling for population size), the idea is that, on average, trip origins and destinations will be more 

distant from one another, and therefore trip lengths will be longer, resulting in an increase in VMT. 

Longer trips may also increase VMT by making walking and bicycling less competitive alternatives to the 

use of automobiles. Hence, the expected effect is unambiguous, as the developed land area of the 

county rises relative to its population size, VMT increases. 

3. Panel of Florida counties  

The panel of Florida counties includes all 67 of the state’s counties covering the years 2001 to 

2014. It is a perfectly balanced panel, containing a total of 938 county/year observations. The panel is 

constructed from multiple sources. My dependent variable, Daily Vehicle Miles Traveled (DVMT), and an 

important control variable, Centerline Miles (CLM), come from the Florida Department of 

Transportation (FDOT).5 The GCs are constructed using the property tax rolls that each county is 

required to submit each year to the Florida Department of Revenue (FDOR).6 Land uses are divided into 

eight categories, which largely account for the entirety of the built environment within a county. 

Residential units are divided into single-family homes and multifamily units, which can be either owned 

or rented.  The units are individual homes and not the buildings that they may occupy. Commercial units 

are properties and consist of office buildings, retail buildings, parking lots/garages, industrial buildings 

and buildings for institutional use. The final land use is government buildings. A unique characteristic of 

the tax rolls is that Public Land Survey System (PLSS) section boundaries are identified. The PLSS divides 

                                                           
5 The FDOT determines VMT using vehicle traffic volume and segment length (Cambridge Systematics, Inc &  
Kittelson and Associates, 2014). The number of vehicle miles traveled is based on data obtained from traffic 
monitoring sites. These monitoring sites collect count data on an hourly basis. VMT is equal to the product of the 
daily or hourly volume and the roadway’s length in miles. The county total is obtained by summing up the VMT of 
each of the county’s roadways. DVMT is obtained by dividing VMT by the number of days in the year. CLM is the 
length of the county’s roads in miles, without regard to the number of lanes. 
6 These rolls have a standardized format so that each county provides the same information on each property 
located in the county. The rolls are used by the FDOR to ensure that properties are being equitably assessed for 
the purpose of determining each property’s property tax liability.  
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each county into unchanging one-mile by one-mile square areas.7 The GCs are computed by counting 

the number of housing units, commercial properties, and government buildings within each square box 

for each year, as shown in Figure 1.8 9 If each box contains the same number of units or properties the 

GC equals zero, indicating a perfectly uniform spatial distribution of the land use across the county’s 

developed land area. Larger GCs indicate that the land use is found disproportionately in some boxes 

relative to the rest of the boxes. In the limit, with all members of a land use located in a single box, the 

GC equals one. Of course, in no county are limits reached; however, as shown below land uses tend to 

be highly concentrated within a relatively small percentage of the boxes found within a county. The UE 

of a county is measured by counting for each year of the panel the number of PLSS boxes within the 

county that contain developed properties.   

In addition to CLM, there are 21 control variables. The variables include real personal income 

from the U.S. Bureau of Economic Analysis and person and household characteristics from GeoLytics, a 

commercial vendor that provides inter-decennial census data. These characteristics, along with their 

descriptive statistics, are listed in Appendix A. 10 

4. Estimated DVMT models 

 DVMT in natural logs is regressed on the GCs, UE, the 22 control variables and year and county 

fixed effects. The assumed log-linear functional form conveniently yields the percentage change in 

DVMT from a unit change in an independent variable. Formally the model can be expressed as, 

                                                           
7 More information on the PLSS can be found at https://nationalmap.gov/small_scale/a_plss.html. 
8 The GCs are computed using STATA’s fastgini command. The fastgini command uses the formula  𝐺𝐺𝐺𝐺 =
 2
𝜇𝜇𝑛𝑛2

 (∑ 𝑖𝑖𝑥𝑥𝑖𝑖𝑛𝑛
𝑖𝑖=1 ) − 𝑛𝑛+1

𝑛𝑛
,   where 𝜇𝜇 is the mean of the vector sorted on 𝑥𝑥 from smallest to largest.  The code can be 

found at 
https://www.researchgate.net/publication/4778196_A_Method_to_Calculate_the_Jackknife_Variance_Estimator_
For_the_Gini_Coefficient, and is motivated by Karagiannis and Kovacevic (2000). 
9 Only boxes including at least one developed property are included. Empty boxes largely consist of those that are 
undevelopable because of natural features (e. g., lakes), parks, and national forests. 
10 Note that all of the control variables are defined as county totals and are not percentages or expressed in per 
capita terms. The totals were found to maximize the explanatory power of the estimated DVMT models. 

https://nationalmap.gov/small_scale/a_plss.html
https://www.researchgate.net/publication/4778196_A_Method_to_Calculate_the_Jackknife_Variance_Estimator_For_the_Gini_Coefficient
https://www.researchgate.net/publication/4778196_A_Method_to_Calculate_the_Jackknife_Variance_Estimator_For_the_Gini_Coefficient
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𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖 = 𝛾𝛾𝑖𝑖 + 𝛿𝛿𝑖𝑖 + 𝜃𝜃𝑈𝑈𝑈𝑈𝑖𝑖𝑖𝑖−1 + �𝐵𝐵𝑗𝑗𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖−1𝑗𝑗

𝐽𝐽

𝑗𝑗=1

+ �𝛼𝛼𝑘𝑘𝐺𝐺𝑖𝑖𝑖𝑖𝑘𝑘

𝐾𝐾

𝑘𝑘=1

+ 𝜀𝜀𝑖𝑖,𝑖𝑖 , 
(1) 

where i, t, j, and k represent county, year, land use type, and control variable, respectively. 𝛾𝛾𝑖𝑖 and 𝛿𝛿𝑖𝑖  are 

time fixed effects (year dummy variables) and county fixed effects, respectively. 

 Note that the land use variables are entered into the model with a one-year lag (t−1), while the 

control variables are measured for the current year (t). This specification maximized the fit of the model, 

based on Akaike’s Information Criterion (AIC). The one-year lag of the effects of changes in the built 

environment on travel behavior has intuitive appeal, since people may need time to adjust their driving 

habits.11  Equation 1 is estimated for all counties (n=67), urban counties (n=39), and rural counties 

(n=28), alternatively by both OLS and 2SLS, as described in greater detail below in Section 6. 

5. Variable means: levels and changes 

Table 1 reports the county means and standard deviations for DVMT, the UE measure (the 

number of PLSS boxes that are developed), and the GCs for all years and selected years of the county 

panel. With panel data, a standard deviation (SD) change can be measured as either “between” or 

“within” the observational units. The between SD comparison can be thought of as selecting two 

counties from the same year, with one experiencing and the other not experiencing a standard deviation 

increase in one of the explanatory variables. The within SD compares two years for the same county, 

where in one of the years but not the other there is a standard deviation increase in the variable. 

Because the within SD is a better gauge of the policy importance of the estimated land use effects on 

                                                           
11 For example, loyalty to an old grocery store located farther away may delay an immediate response to switching 
to a new store located closer to home. There may also be a delay resulting from recognizing how the change can 
reduce travel time. 



9 
 

VMT, I make use of this change in presenting my results and report it, along with the between SD, in 

Table 1. 

The numbers in the first column of Table 1 show that from 2001 to 2005 DVMT strongly rose for 

the average county, registering a 17.5 percent increase. From 2005 to 2010 average DVMT declined 

somewhat, falling by 2.6 percent. Presumably, this decline was associated with the unemployment and 

curtailed consumption caused by the Great Recession. After 2010 DVMT rose by 2.7 percent, bringing 

the total back to what it was before the recession. The county averages of urban expansion (UE), shown 

in column two of Table 1, indicate that the number of developed PLSS boxes increased monotonically 

over the panel, growing from 413 in 2001 to 459 in 2014. Hence, worsening sprawl is clearly in evidence 

within Florida over this period. 

A comparison of the GINI coefficient means across years yields the same conclusions regarding 

the most and least spatially concentrated of the land uses. Government, office, and industrial properties 

are the most concentrated, followed by parking and retail properties. All of these land uses have GINI 

coefficients in excess of .90 for all years. Next in order are institutional land uses at .87. Unsurprisingly, 

the residential land uses (single-family and multifamily units) are the least spatially concentrated, with 

GINI coefficients of less than .70. 

Regarding trends in concentration, as expected, residential properties have become more 

dispersed over the years of the panel. The concentrations of retail, office, industrial, and institutional 

properties have all remained fairly stable over the panel.  Parking properties have become somewhat 

more concentrated, while government properties have become more dispersed. While many of the GC 



10 
 

means show little variation over time, there is considerable heterogeneity across counties in the time 

pattern of the GCs, which facilitates the estimation of their effects on DVMT.12 

6. Specification checks 

Before I report the results from estimating the DVMT models, the findings from tests supporting 

the specifications of my estimated equations merit comment. Three separate sets of tests were done. 

First, I conducted a joint F-test of all of the GC and UE terms. These terms are significant in the equation 

estimated for all counties (p-value=.042), for urban counties (p-value=.002), and for rural counties (p-

value=.000), which provides strong support for the hypothesis that the geography of land uses within 

counties affects DVMT. Second, I tested the explanatory power of the control variables. Jointly they are 

significant at the 1% level for all equations and AIC provided strong support for their inclusion (see 

Appendix A).13 14 Finally, consistent estimation requires that explanatory variables be strictly exogenous 

(Wooldridge, 2002, Chapter 10). If land use concentration is not strictly exogenous to DVMT, 

simultaneity or feedback bias may result. A strictly exogenous variable does not react to past changes in 

DVMT, displays no traditional simultaneity, and is not correlated with time-varying omitted variables. To 

test for strict exogeneity, Wooldridge (2002, p. 285) recommends adding the leading values of the 

explanatory variables to the estimated models and testing their statistical significance. Since the UE and 

GC variables are measured with a one-year lag (t-1), this would involve adding their current values (t) to 

the models. The rational for the test comes from the fact that if feedback is absent, concentration in 

𝑡𝑡 should not be correlated with DVMT in 𝑡𝑡, controlling for the other covariates. I tested the strict 

exogeneity of each of the UE and GC variables by adding their current values to equation 1 individually 

                                                           
12 The difference between the 2014 and 2001 single-family GCs was positive in 12 percent of the cases. For the 
other land uses the difference was positive in the following percentages: 18 percent (multifamily), 37 percent 
(offices), 30 percent (retail), 61 percent (industry), 45 percent (institutional) and 52 percent (other commercial). 
13 I also separately tested the long list of occupational variables and the other control variables and found that 
each set of variables merited inclusion in the model. 
14 Roughly half of the control variables are statistically significant in each of the estimated equations. The control 
variables display a high level of multicollinearity; hence, it is not surprising that not all of them obtain significance.  
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and as a group. P-values for a number of the variables approached one, strongly supporting their 

exogeneity. These included the single-family, multifamily, and parking GCs and UE. For a number of the 

other variables, p-values are .25 or larger, suggesting that they may not be strictly exogenous. These 

include the GCs for retail, office, government, industrial, and institutional properties. To obtain 

consistent estimates, 2SLS models were estimated, instrumenting these potentially endogenous 

variables. To develop a defensible instrumentation strategy, it is reasonable to argue that a change in 

one of the county GCs is driven by factors both within the county and statewide.15 While these county 

factors may be endogenous to DVMT, statewide trends should not be affected by conditions within the 

home county, especially if the statewide trend is defined over the portion of the state which excludes 

the home county.  

 Based on this logic, the following instrumental variable is suggested: first, define a base year 

preceding the beginning of the panel. Then, using all counties within the state, except for the home 

county, calculate the percentage change in the average GC (𝐺𝐺𝐺𝐺𝑗𝑗) between the base and current years. 

These percentage changes are then multiplied by the base year value of the GC at the county 

level (𝐺𝐺𝐺𝐺𝑗𝑗𝑖𝑖𝑗𝑗 ) to obtain a prediction of the current year value (𝐺𝐺𝐺𝐺�𝑗𝑗𝑖𝑖𝑖𝑖), assuming the growth in the GC 

followed the change that occurred at the state level. Formally, 

 𝐺𝐺𝐺𝐺�𝑗𝑗𝑖𝑖𝑖𝑖 = 𝐺𝐺𝐺𝐺𝑗𝑗𝑖𝑖𝑗𝑗 × �1 + 𝐺𝐺𝐺𝐺����𝑗𝑗𝑗𝑗−𝐺𝐺𝐺𝐺����𝑗𝑗𝑗𝑗
𝐺𝐺𝐺𝐺����𝑗𝑗𝑗𝑗

�,  

where 𝐺𝐺𝐺𝐺����𝑖𝑖 𝑎𝑎𝑙𝑙𝑎𝑎 𝐺𝐺𝐺𝐺����𝑗𝑗 are current and base year statewide means, excluding in their construction the 

home county, 𝑗𝑗 indexes the property type, 𝑖𝑖 indexes the county, 𝑡𝑡 indexes the current year, and  𝑏𝑏 is the 

base year.  While contemporaneous changes in DVMT could plausibly affect the GC, they should not 

affect the GC before the start of my panel during the base year either at the county or state level. 

                                                           
15 One factor contributing to a statewide effect on county land use patterns is that over all but the final years of my 
panel the state government had some control over county land use as the result of the Growth Management Act 
of 1985. This act mandated state-supervised, local-level, comprehensive planning based on principles of growth 
management.  
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Moreover, by excluding the home county from the statewide mean GC calculation, I mitigate any 

indirect channels through which county DVMT might impact statewide trends.  Therefore, while changes 

in DVMT in year 𝑡𝑡 may affect 𝐺𝐺𝐺𝐺𝑗𝑗𝑖𝑖𝑖𝑖, they should not have an effect on  𝐺𝐺𝐺𝐺�𝑗𝑗𝑖𝑖𝑖𝑖. 

 Ultimately, however, the validity of 𝐺𝐺𝐺𝐺�𝑗𝑗𝑖𝑖𝑖𝑖  as an instrumental variable depends on whether the 

county base year GC can be treated as exogenous to contemporaneous changes in DVMT. That is, there 

may be omitted variables correlated with the base year value which have a delayed impact on DVMT. In 

that case, the instrument would not be orthogonal to the error term of my estimating equation. To help 

rule out that possibility, I experimented with using a number of different base years to define my 

instrument. The results are robust to using base years that were 2 (1999), 3 (1998) and 4 (1997) years 

prior to the beginning of the panel and I report results in my tables obtained with 1997 as the base year. 

While it is still possible that events 4 years prior to the beginning of the panel could affect the current 

level of DVMT, this seems unlikely. 

 One possible concern with an instrumental variable is that it may be “weak,” meaning that its 

correlation with the included endogenous regressor is small. With weak instruments, 2SLS is biased 

towards OLS, and 2SLS tests have the wrong size. The statistic commonly used to detect weak 

instruments is the F-test of the joint significance of the instruments in the first-stage reduced form 

regression. As shown in Appendix Table B.1, in all cases, this statistic is significant at better than the 1% 

level. However, Baum et al. (2003) have shown that for models with multiple endogenous variables this 

test may not be sufficiently informative. More informative tests are the Sanderson-Windmeijer (2016) 

first-stage chi-squared and F statistics that test the under-identification and weak identification, 

respectively, of individual endogenous regressors.  These statistics are constructed by "partialling-out" 

linear projections of the remaining endogenous regressors.  I also report these statistics in Appendix B.  

For all of my endogenous variables, the null hypothesis that the variable is unidentified or weakly 

identified is strongly rejected. Another 2SLS statistic that is commonly reported is Sargan-Hansen’s test 
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of overidentifying restrictions. The joint null hypothesis is that the instruments are valid, i.e., 

uncorrelated with the error term, and that the excluded instruments are correctly excluded from the 

estimated equation. A rejection of the null hypothesis casts doubts on the validity of the instruments. 

For none of the estimated equations is the null hypothesis rejected at any reasonable level of 

significance. 16 

7. Results from estimating the DVMT models 

The results from estimating the DVMT models are reported in Table 2. For each of the three 

equations (all counties, urban counties, and rural counties) the OLS and 2SLS results are reported in the 

first and second columns, respectively. Reported are the estimated coefficient, the estimated standard 

error clustered at the county level (in parentheses), and the percentage change in DVMT from a within 

standard deviation change in the explanatory variable (in brackets).  From a policy perspective this last 

number is of particular interest, because it represents how DVMT might change in response to a one 

year, incremental change in an explanatory variable. Given their land use powers, county governments 

could realistically make such a change.  

7a. Results from estimating the DVMT model for all counties 

The OLS and 2SLS estimates based on the sample of all counties are quite similar, with one 

exception. For both estimators, the single-family, parking and industrial GCs are statistically 

significant.17 The office GC is significant only in the 2SLS model. The signs on the estimated GCs indicate 

that increasing the spatial dispersal of single-family homes and parking lots/garages decreases DVMT.  

Of the four significant GCs, a within SD change in the single-family GC produces the largest absolute 

                                                           
16 To conduct the test of overidentifying restrictions there must be more instruments than endogenous variables. 
Adding an instrument for one of the variables not treated as endogenous was used to complete the test. The 
instrument was constructed in the same manner as those used for the endogenous variables and marginally 
improved first-stage diagnostics. 
17 Significance is judged by a p-value greater than .10. 
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percentage change in DVMT (2 percent).18 Why might the dispersal of single-family homes reduce 

DVMT? One idea would be that if housing is more spatially dispersed throughout the county, 

households will have more of an opportunity to locate where their overall travel by motor vehicles can 

be minimized. In particular, greater spatial choice of residence enables workers to minimize their 

journey to work. Lending credence to this explanation is the large land areas found within Florida’s 

counties, which can result in long drives between homes and destinations, if housing is spatially 

limited.19 Moreover, possible agglomeration economies that might reduce DVMT would seem 

unimportant in the case of housing. A within SD decrease in the parking properties GC reduces DVMT 

by .8 percent.  Parking lots and garages, while important users of land, are not final destinations.20 They 

impact DVMT by serving as a proxy for locations, both private and public, that drivers need or desire 

access to. This suggests that the reduction in DVMT from the dispersal of parking properties comes 

from lower average travel distances between homes and points of interest.   

In contrast to the findings for single-family and parking properties, the results suggest that an 

increase in the concentration of office and industrial properties reduces DVMT. The percentage 

declines in DVMT from a within SD change equal .9 and .8, respectively. Agglomeration economies are 

expected to be important in the case of these two land uses. Hence, increasing their concentration 

within a county may reduce trip frequency and thereby DVMT. 

7b. Results from estimating the DVMT model for urban counties 

 As in the case of the equation estimated for all counties, the results estimated for urban 

counties are generally robust between the OLS and 2SLS estimators. The 2SLS results again show that 

the dispersal of single-family homes and parking properties reduce VMT. The percentage reductions 

                                                           
18 For the median (mean) county, a 2 percent decline in DVMT equals 72,120 (158,200); hence, the impact is non-
trivial in magnitude. 
19 The average land area of Florida’s 67 counties is 805 square miles. 
20 On average, an urban county has between 1000 and 2000 individual parking properties.  
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from a within SD change equal 1.8 and .9, respectively. Also statistically significant are the GCs for 

multifamily housing and government buildings, while the industrial properties GC is borderline 

insignificant. Increasing the concentration of multifamily housing units or industrial properties reduces 

DVMT, with within SD changes causing a .6 and .7 percent reduction in DVMT, respectively. The 

multifamily result contrasts with the lower DVMT generated from the dispersal of single-family 

housing.  Because multifamily housing concentrations tend to co-exist with nearby shopping and 

employment opportunities, especially within urban areas, both smaller travel distances and trip 

frequencies among the residents living in apartments may explain these contrasting results. A greater 

dispersion of government buildings reduces DVMT, suggesting that this provides improved convenience 

to consumers of public services. A within SD decrease reduces DVMT by .8 percent. An unexpected 

finding is that an expansion of the developed area of an urban county is found to reduce DVMT. A 

within SD increase results in a 1 percent decline in DVMT. A possible explanation for this result is that 

new residential developments within Florida tend to be multi-use, consisting of homes, churches, 

stores, and offices. Households choosing to live in these developments may have less need to travel. 

Further investigation of this possibility is reserved for future research.  

7c. Results from estimating the DVMT model for rural counties 

 In contrast to the similarity in results obtained from estimating OLS and 2SLS models using the 

all counties and urban counties samples, results differ between the two estimators when restricting the 

sample to rural counties. While none of the GCs are statistically significant from using OLS, the GCs for 

industrial and institutional properties are significant in the 2SLS model.  Increasing the concentration of 

these land uses reduces DVMT, with the percentage declines from a within SD increase equaling .5 and 

.6, respectively. These findings suggest that agglomeration economies are enabling less travel. An 

interesting difference in results between the models estimated for urban and rural counties is that the 

sign on UE flips between the two samples.  While expanding the developed area of an urban county 
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reduces DVMT, the opposite is true for rural counties. In both cases the absolute percentage change in 

DVMT is roughly one percent from a within SD change. Residential development occurring within rural 

counties differs from that found within urban counties in that non-residential land uses generally are 

not part of the development. New subdivisions look like the traditional variety that include just single-

family homes.21 This difference in the mix of land uses may account for these contrasting results.  

Among the results obtained with the control variables, one finding is particularly noteworthy. 

CLM is found to have a strong effect on VMT.  An additional mile of CLM raises county DVMT by .07 and 

.09 percent in urban and rural counties, respectively.  These finding are consistent with the theory of 

induced travel demand (Downs, 1962), which hypothesizes that an increase in road capacity will induce 

additional growth in traffic. The added capacity reduces travel time, the largest component of the cost 

of driving, which increases the demand for travel.  

8. Discussion 

My results are based on a long panel, include new and effective measures of urban expansion 

and the spatial distribution of alternative land uses within the developed areas of counties, and an 

extensive set of household descriptors. The identification of causal effects is buttressed by the inclusion 

of year and county fixed effects and the instrumentation of regressors that may be endogenous.  

The evidence provided suggests that changes in the concentration/dispersal of land uses within 

a county and changes in the size of the developed area of a county can impact DVMT. Overall, my results 

contrast to many of the findings reported in the literature suggesting that the relationships between 

VMT and the built environment are too weak for government land use planning and regulation to play 

much of a role in reducing VMT.22 Moreover, the incremental within-county changes that I have 

                                                           
21 This conclusion is drawn from an online sampling of new residential developments within urban and rural 
counties.  
22 The chief tool used by local governments to implement local land use plans is zoning, but the planner’s tool box 
also includes a myriad of other land development regulations (Mills, 1979; Ihlanfeldt, 2004). 
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investigated could reasonably be achieved through land use policy. Hence, there is cause for optimism in 

dealing with the heavy carbon footprint of motor vehicles and their effect on global warming. Project 

approval decisions of local government, however, need to be based on the whole range of factors that 

may impact social welfare and not only on their likely impact on VMT. For example, concentration of 

commercial and industrial properties may exacerbate negative externalities, while the dispersal of 

single-family homes may worsen racial or social segregation.  

Many urban planners have taken the position that more compact urban form would yield 

important societal benefits, including a reduction in VMT. My results are both consistent and 

inconsistent with this positon. The direction of effects depends on the type of land use and whether 

the area is urban or rural.  Within urban counties the concentration of multifamily housing and 

industrial properties reduces VMT, while concentrating single-family housing and government-owned 

properties would produce the opposite effect. Concentrating industrial and institutional properties 

within rural counties would reduce VMT. A common finding between urban and rural counties is that 

the concentration of industrial properties reduces DVMT. The differences in the results obtained for 

urban and rural counties likely reflect the fact the Florida’s rural counties are largely agrarian in nature. 

Government buildings and multifamily housing developments, which affect DVMT within urban 

counties, are sparse within rural counties; hence, there may be little to be gained by their spatial 

rearrangement in reducing DVMT.  

9. Study limitations and suggestions for future research 

 My analysis of the relationships that exist between VMT and the spatial concentrations of 

alternative land uses has both methodological and geographical limitations. While residential land uses 

are measured in units, other land uses are measured as properties.  Obviously, properties can vary 

greatly in size and a preferred measure of land use (perhaps square feet of interior space) would 

account for this in constructing the GC. In addition, my land use typology is limited to only eight 
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property types. Disaggregating these types into finer categories would enable a more comprehensive 

analysis. Finally, concentration might be better measured by a combination of land uses; for example, by 

combining the number of homes and offices into a single GC in order to capture concentrations of mixed 

land use. Like any sub-national study, the geographical limitation is that my results for Florida may not 

be applicable to other states.    

The above limitations offer important opportunities for future research. More detailed 

locational data on a wider variety of property types can be obtained for all states from various 

commercial vendors, albeit at significant cost.  VMT are required to be submitted every year by state 

transportation agencies to the Federal Highway Administration through the Highway Performance 

Monitoring System. In addition to Florida, PLSS surveys have been done in 29 other southern and 

western states. The methodology I have introduced in this paper for studying the impacts that 

incremental changes in the concentration/dispersal of alternative land uses have on VMT can therefore 

be replicated and improved with the available data.   Given the importance of reducing VMT in order to 

address the growing concern over global warming, I encourage such future efforts.  

10. Conclusion 

 Changing the built environment is only one approach to reducing VMT. Alternative approaches 

include raising fuel and parking fees and imposing congestion taxes23. Based on the evidence provided in 

prior VMT studies that have focused on the built environment, these alternatives may appear relatively 

more attractive. They have the advantages of creating a stronger impact in the short run at a huge 

savings in upfront costs. However, the changes in the built environment that have been studied are 

generally of a monumental redesign of the urban landscape. What I have investigated in whether 

incremental annual changes in the concentration and dispersal of alternative land uses can make a 

difference to VMT. Such changes are not beyond what local governments could realistically obtain using 

                                                           
23 See Brownstone (2008) for a detailed review of these alterative VMT reduction policies.  
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their local land use control and regulation powers. While my findings do not suggest that making these 

changes is necessarily the best approach toward reducing VMT, they do support keeping a focus on the 

built environment as part of a comprehensive strategy to deal with the problem of global warming.  
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Table 1 
Means and standard deviations for selected years of panel. 
 

 

 DVMT (1000) Developed boxes  
All years 7910 

(10879) 
[987] 

451 
(225) 
[12] 

2001 6994 
(9915) 

443 
(221) 

2005 8218 
(11278) 

448 
(225) 

2010 8005 
(10965) 

454 
(227) 

2014 8221 
(11183) 
 

459 
(227) 

Land use GINI coefficients   
    
 Single-family Multifamily Retail 
All years .768 

(.098) 
[.013] 

.700 
(.104) 
[.018] 

.913 
(.060) 
[.008] 

2001 .782 
(.091) 

.711 
(.098) 

.912 
(.061) 

2005 .773 
(.096) 

.702 
(.103) 

.912 
(.064) 

2010 .762 
(.102) 

.697 
(.107) 

.914 
(.057) 

2014 .761 
(.104) 

.693 
(.110) 

.914 
(.056) 

    
 Offices Parking Industrial 
All years .914 

(.054) 
[.005] 

.920 
(.050) 
[.014] 

.932 
(.035) 
[.008] 

2001 .944 
(.053) 

.919 
(.055) 

.934 
(.032) 

2005 .941 
(.055) 

.915 
(.056) 

.932 
(.034) 

2010 .940 
(.054) 

.921 
(.050) 

.932 
(.039) 

2014 .941 
(.053) 

.925 
(.046) 

.935 
(.033) 

   
 Institutional Government  
All years .867 

(.058) 
[.011] 

.948 
(.048) 
[.011] 
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2001 .871 
(.055) 

.953 
(.038) 

2005 .868 
(.056) 

.951 
(.042) 

2010 .867 
(.061) 

.945 
(.055) 

2014 .867 
(.058) 

.944 
(.057) 

Notes:  The number in parentheses is the between standard deviation and the number in brackets is 
the within standard deviation. 
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Table 2 
Results from estimating DVMT model (equation 1). 
 

   

 All counties Metro counties Rural counties 
 OLS 2SLS OLS 2SLS OLS 2SLS 
Single-family 1.162*** 

(.380) 
[1.497] 

1.264*** 
(.358) 
[2.049] 

1.152*** 
(.442) 
[1.743] 

1.199*** 
(.421) 
[1.815] 

.403 
(.544) 
[.357] 

.427 
(.495) 
[.378] 

Multifamily −.095 
(.126) 
[−.174] 

−.072 
(.121) 
[−.164] 

−.302** 
(.140) 
[−.676] 

−2.59** 
(.122) 
[−.581] 

.209 
(.266) 
[.209] 

.083 
(.239) 
[.083] 

Retail −.523 
(.934) 
[−.398] 

−.451 
(.907) 
[−.342] 

−.543 
(.801) 
[−.519] 

−.378 
(.762) 
[−.361] 

.270 
(1.310) 
[.092] 

.068 
(1.529) 
[.023] 

Offices −.410 
(1.129) 
[−.202] 

−1.688* 
(1.039) 
[−.887] 

1.030 
(1.197) 
[.598] 

−.171 
(1.065) 
[−.099] 

−1.547 
(1.255) 
[−.516] 

−1.022 
(1.440) 
[−.341] 

Parking .567** 
(.233) 
[.783] 

.568*** 
(.221) 
[.799] 

.585** 
(.267) 
[.921] 

.581** 
(.267) 
[.914] 

−.169 
(.207) 
[−.179] 

−.162 
(.221) 
[−.172] 

Industrial −.898* 
(.466) 
[−.710] 

−.870* 
(.494) 
[−.781] 

−.817 
(.511) 
[−.721] 

−.837 
(.536) 
[−.738] 

−.466 
(.312) 
[−.301] 

−.724* 
(.418) 
[−.468] 

Institutional .068 
(.271) 
[.069] 

−.216 
(.382) 
[−.235] 

.244 
(.278) 
[.303] 

.220 
(.333) 
[.273] 

−.082 
(.349) 
[−.047] 

−1.081* 
(.583) 
[−.619] 

Government .290 
(.539) 
[.310] 

.052 
(.532) 
[.056] 

.480 
(.349) 
[.657] 

.564* 
(.329) 
[.771] 

2.586 
(1.730) 
[.923] 

2.751 
(2.151) 
[.982] 

Dev area −.014 
(.027) 
[−.163] 

.000 
(.000) 
[−.009] 

−.001** 
(.000) 
[−1.172] 

−.001** 
(.000) 
[−1.016] 

.001** 
(.000) 
[.985] 

.001** 
(.000) 
[1.115] 

Observations 938 938 507 507 364 364 
Counties 67 67 39 39 28 28 
Notes:   Standard errors clustered at the county level are in parentheses. Percent change in DVMT 
from a within standard deviation change in explanatory variable is in brackets. 
*, **, *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. 
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Appendix A 
Means and standard deviations for control variables (1000) and results from estimating 2SLS models. 
 
Table A.1:  Sample = All counties 
  Mean Standard 

deviation 
Estimated 
coefficient 

Standard 
error 

# non-Hispanic whites 216 328 .00153 .00219 
# non-Hispanic blacks 42 91 −.00368 .00291 
# Hispanics 56 194 −.00084 .00142 
# females 16 years and older 113 180 −.00215 .00531 
# males 16 years and older 106 166 .00723 .00647 
# employed 126 207 .01268 .00737 
# households 107 165 −.00786 .00442 
Aggregate real income 11586 19631 −.00279 .00481 
Centerline miles 1.8 1.5 .69068 .15249 
Occupation     
 # agriculture, forestry, fishing 5.3 11.2 −.00059 .00716 
 # mining 4.6 11.3 −.05390 .02254 
 # construction 9.2 14.8 −.01030 .00780 
 # manufacturing 9.8 17.7 −.01344 .00734 
 # wholesale trade 6.3 12.0 −.00215 .00474 
 # retail trade 12.9 22.0 −.01030 .00580 
 # transportation and utilities 7.6 13.7 .00435 .00490 
 # information 6.1 11.7 .01338 .00981 
 # financial services 8.4 14.5 −.02132 .00810 
 # professional and business services 12.4 22.6 −.00655 .00685 
 # education and health services 17.1 31.2 −.01318 .00668 
 # leisure and hospitality 10.8 19.1 −.01242 .00700 
 # public administration 

 
8.3 13.2 −.01253 .00807 

Table A.2:  Sample = Urban counties     
  Mean Standard 

deviation 
Estimated 
coefficient 

Standard 
error 

# non-Hispanic whites 348 378 .00029 .00184 
# non-Hispanic blacks 69 111 −.00550 .00310 
# Hispanics 93 248 −.00019 .00148 
# females 16 years and older 183 209 −.00424 .00594 
# males 16 years and older 170 193 .01873 .00920 
# employed 205 242 .00811 .00507 
# households 173 190 −.01238 .00312 
Aggregate real income 19027 22994 −.00148 .00250 
Centerline miles 2.4 1.6 .67324 .17116 
Occupation     
 # agriculture, forestry, fishing 8.6 13.7 .00547 .00696 
 # mining 7.5 14.0 −.03020 .01413 
 # construction 15.0 17.2 −.01126 .00758 
 # manufacturing 16.1 21.1 −.01314 .00582 
 # wholesale trade 10.3 14.5 .00010 .00387 
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 # retail trade 21.0 25.9 −.00064 .00473 
 # transportation and utilities 12.3 16.4 −.00535 .00385 
 # information 10.0 14.0 −.00790 .00906 
 # financial services 13.8 17.1 −.00995 .00586 
 # professional and business services 20.5 26.9 −.00488 .00422 
 # education and health services 27.8 37.4 −.01231 .00528 
 # leisure and hospitality 17.8 22.6 −.01019 .00518 
 # public administration 

 
13.3 15.5 −.10107 .00681 

Table A.3:  Sample = Rural counties     
  Mean Standard 

deviation 
Estimated 
coefficient 

Standard 
error 

# non-Hispanic whites 32 28 .01246 .00660 
# non-Hispanic blacks 5 3 .00765 .01116 
# Hispanics 4 5 .02425 .00728 
# females 16 years and older 15 14 −.01142 .01089 
# males 16 years and older 16 12 −.00745 .01305 
# employed 15 12 −.03723 .01554 
# households 15 14 −.01051 .01289 
Aggregate real income 1221 1245 −.01992 .02674 
Centerline miles 1.0 .6 .91527 .00861 
Occupation     
 # agriculture, forestry, fishing .8 .8 .02043 .01666 
 # mining .6 .8 .02567 .05656 
 # construction 1.1 1.0 .05869 .02756 
 # manufacturing 1.1 1.1 .01685 .01642 
 # wholesale trade .7 .8 .12991 .04230 
 # retail trade 1.6 1.5 .06662 .02636 
 # transportation and utilities 1.0 .9 .02422 .01393 
 # information .7 .8 .02595 .04674 
 # financial services .9 .9 .04533 .02644 
 # professional and business services 1.3 1.2 .05122 .01892 
 # education and health services 2.1 2.2 .03909 .01342 
 # leisure and hospitality 1.2 1.3 .01951 .01744 
 # public administration 1.2 .9 .02107 .01587 
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Appendix Table B.1 
Summary results for first-stage regressions. 
 

  

Variable F-statistic Under-identification 
chi-square 

Weak identification 
F 

   
All counties 

 

Retail 37 
(.000) 

435 
(.000) 

204 
(.000) 

Institutional 14 
(.000) 

79 
(.000) 

37 
(.000) 

Industrial 64 
(.000) 

483 
(.000) 

227 
(.000) 

Offices 34 
(.000) 

236 
(.000) 

111 
(.000) 

Government 54 
(.000) 

391 
(.000) 

183 
(.000) 

   
Metro counties 

 

Retail 35 
(.000) 

566 
(.000) 

252 
(.000) 

Institutional 15 
(.000) 

101 
(.000) 

45 
(.000) 

Industrial 147 
(.000) 

1163 
(.000) 

518 
(.000) 

Offices 21 
(.000) 

170 
(.000) 

76 
(.000) 

Government 103 
(.000) 

825 
(.000) 

368 
(.000) 

   
Rural counties 

 

Retail 38 
(.000) 

172 
(.000) 

73 
(.000) 

Institutional 7 
(.000) 

47 
(.000) 

20 
(.000) 

Industrial 30 
(.000) 

210 
(.000) 

89 
(.000) 

Offices 41 
(.000) 

205 
(.000) 

87 
(.000) 

Government 12 
(.000) 

89 
(.000) 

38 
(.000) 

Notes:  p-value is in parentheses. The last two columns are first-stage chi-squared and F statistics that 
test the under-identification and weak identification of individual regressors. 
 


